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ABSTRACT
The traditional computational devices and models, such as the von Neumann ar-

chitecture or the Turing machine, are strongly influenced by concepts of central control
and perfection. The standard models of computation seem to cover the reality of com-
putation only partially and lack, in particular, in the ability to describe more natural
forms of computation. In this paper we propose the concept of embodied computation,
a straight forward advancement of well known concepts such as amorphous comput-
ing, emergent phenomena and embodied cognitive science. Many embodied microscopic
computational devices form a single macroscopic device of embodied computation. The

solution to computational problems emerges from a huge amount of local interactions.
The system’s memory is the sum of the positional information and possibly of the inter-
nal states. Such systems are very robust and allow different methodologies to analyze
computation. To back this theoretic concept some results based on simulations are given
and potential benefits of this approach are discussed.

Keywords: unconventional computation, swarm intelligence, swarm robotics, natural
computation, embodied computation

1. Introduction

The history of computer science and the engineering of computational devices is
very impressive given the short period of time since this field exists. The provided
computational power is applied to a huge variety of fields to predict or to control
complex systems, to process huge amounts of data, and to make everyday items
“intelligent”. At the same time theoretical computer science has led us to a better
understanding of computation itself. Lower and rather upper bounds of complexity
help software engineers to optimize algorithms and not to try to find impossible
solutions.

∗hamann@ira.uka.de



However, besides this success there are unsolved problems that proved to be very
hard over the years. This includes the slow advancements in artificial intelligence
and unanswered fundamental questions in complexity theory.

Since about two decades alternative approaches were developed including some
being not started explicitly in the context of computation but having now an impact
to this field as well. Examples are emergent computation, cellular automata, chaos
theory, or the so-called computation at the edge of chaos as well as approaches in
biology and physics [8,17,23,9,32]. However, these approaches are of little or no help
to the theory of computation so far. This is on the one hand due to the lack of an
alternative theory and might be, on the other hand, a problem of unifying helpful
approaches to one in order to explain computation.

The main purpose of this paper is to propose a new way of thinking about com-
putation that exists already in many parts within many fields but not explicitly
and unified. The authors believe in the utility of such an alternative theory of com-
putation, following Marvin Minsky: “Unless you understand something in several
different ways, you are likely to get stuck” [26]. At first, we give a short overview
of the history of traditional computational devices. Then we present the concept of
embodied computation in section . In section we give the results of two simulated
scenarios, in section the proposed concept is compared to related work, and in
section it is discussed.

2. A Short History of Computational Devices

The origin of our computational models and devices of today and the first actual
ideas on the issue of how computation works, or what it is, and how it could be
automated, goes back to Wilhelm Schickard in the year 1623 [16]. Here, we focus
on the later but more sophisticated approach by Charles Babbage in 1821 [6]. As
all ideas, also this one was, of course, influenced by the current zeitgeist. It is the
time of the industrial revolution and the location is its origin – Great Britain. The
rapid changes led to exaggerated expectations, such as the belief almost everything
would be solvable by steam engines; and this is presumably true for Babbage, too.
He wanted to improve the time-consuming and erroneous process of calculating
mathematical tables manually. His idea was to build a machine that performs
calculations mechanically with high reliability. He wanted to build a machine of
perfection. The strictly mathematical and perfectionist background of the idea is
also indicated by Ada Lovelace: “The Analytic Engine weaves algebraic patterns
just as the Jacquard loom weaves flowers and leaves” [6]. Babbage also introduced
the strict separation of memory and CPU, what he called “store” and “mill” [6].

Later approaches to building computational devices were also based on the
thought of a complex machine with wheels and gears. Alan Turing at Bletchley
Park was clearly influenced by this idea, too. This is reflected in both his compu-
tational devices and his computational model – the Turing machine. The proposal
of the first computer in a form as we know it today, the Mark I, included a de-
tailed description of Babbage’s work and, thus, shows the influence by the idea of
mechanical calculation [6]. Although the devices switched over time from mechani-
cal, over electromechanical to electronic principles, the underlying fundamental idea
was, and still is, in a tradition of Babbage.



Summarizing it can be said: The traditional computing devices solve, by the
majority, analytical tasks in a reliable and repeatable way. They use sophisticated
algorithms being designed to be executed step by step. The hardware is fragile,
in the sense of an existing single point of failure, and there is a strict separation
between memory and CPU.

3. The Concept of Embodied Computation

The meaning of computation according to WordNet is “determining something
by mathematical or logical methods” or “problem solving that involves numbers or
quantities” [34]. However, our concept denies partly the involvement of strict logic
and numbers. We keep the term computation because it has de facto a broader
meaning and absorbs almost every process that converges to a fixed point over
time, although some might prefer the term information processing. By following
our concept, computation is originally not bounded to analytical approaches and
tasks but denotes the process of solving a problem. We state that the natural
approach to computation is essentially different from the computational devices of
the last 200 years.

The term computation in a very broad sense does not exclude our concept of
embodied computation but it also does not include it explicitly. We define the
concept of embodied computation:

Device of Embodied Computation – A device performing embodied compu-
tation satisfies the following requirements:

• It consists of at least two levels with a micro-macro relationship, i.e. a large
number of embodied, possibly mobile, microscopic computational devices (MCD)
of limited abilities form a single macroscopic computational device. This might
be extended to a cascade of many levels.

• MCD are only loosely coupled among each other by means of short range
communication or stigmergy without a fixed topology.

• MCD are sensor, actuator, CPU, and memory in one entity.

• The system is highly adaptive (often also called self-organized).

• As a consequence of the above characteristics the solution to the macroscop-
ically defined task emerges from the microscopic level and the whole system
is extremely robust, i.e. even a high percentage of damaged MCD has no
influence to the effectiveness of the whole system.

We are using “emergence” only as a shortcut to the accordingly associated prop-
erties of such systems, which are otherwise hard to be communicated. Definitions
and the theory of emergence have proven to be of little use or being even misleading
and destructive. A discussion of this problem would be beyond the scope of this
paper.

A device as defined above is able to solve problems that cannot be solved by
one of its parts alone. The solution to the problem emerges due to the high number
of local interactions between the MCD. An MCD could be, for example, a robot of



limited abilities, a biological cell, or a molecule. The main differences of embodied
computational devices compared to traditional concepts are:

• Memory and CPU are not separated.

• Due to the embodiment the physical world is a relevant part of computation,
e.g. positional information.

• There is no globally defined algorithm solving the task step by step.

• The solution is not repeatable and could be suboptimal or even wrong.

• The system is very robust.

We see two main benefits in investigating such computational systems: First,
this kind of system might have the highest accomplishable robustness of all compu-
tational systems because it shows a maximum of local organization. Second, due to
the involvement of embodiment and spatiality this might increase the possibilities
of investigating and analyzing computation, for example, by applying methods of
statistical mechanics or simple geometry.

An example of an embodied system is a leaf with its stomatal apertures [23].
The optimization problem needed to be solved by a leaf is to maximize CO2 uptake
and minimize water loss. This is done by the stomata interacting with neighboring
stomata forming synchronized patches. Other examples are foraging ants [4], a
crowd of people trying to leave a room [12], or a robotic swarm performing collective
perception [27,29].

4. Results of Simulations

4.1. Steiner Tree Problem

The Euclidean Steiner Tree problem is defined as follows: A given set of points
has to be connected by lines of minimal length and, in contrast to the minimal
spanning tree problem, it is allowed to add extra points, called Steiner points.
There are many applications to this problem in circuit design, mining, and network
design. A lot of work has been done to solve this problem [14,25,5].

Here, we propose a way of approximating a solution to this problem with the
principles of embodied computation. We assume objects being placed in a bounded
plane called seeds. Each seed represents a point of the Steiner Tree problem to
be solved. The MCD are a large group of mobile robots moving on that plane.
They are equipped with sensors allowing them to perceive other robots and the
seeds within a very bounded area compared to the dimensions of the plane. If
a robot finds a yet uncovered seed it stops there and communicates to passing
robots its internal state – the seed covering state. Another robot approaching this
covering robot stops as well after having maximized the angle between itself, the
covering robot, and the seed, i.e. forming a straight line. We say that these robots
are connected. Up to three connections per robot are allowed. If a third robot
approaches another one being already connected to two, it will connect. The angles
between all four robots will be maximized again, i.e. forming angles of 120 degrees,



but only if this does not require the movement of more than two robots. The angle
of 120 degrees is not arbitrarily chosen, as the optimal solution of a Steiner Tree
problem always consists of Steiner points of degree three and angles of 120 degrees
only. Additionally, we want to cover as much space in the plane as possible with a
minimal number of stopped robots. The optimal solution to this tiling problem is
provably the hexagon as it is found in honey-combs [11]. However, the robots form
only partial hexagons because the result should be trees.

Using this control algorithm the robots perform a process similar to diffusion-
limited aggregation [31]. Hopefully, at each seed a tree will grow. At some point in
time, provided that there are enough robots, two trees will be connected, later more
will join. When only one huge tree is left, cf. Fig. 1(a), or at an assigned time, a
new process is started: All robots being connected to only one other robot, i.e. they
are a leaf, will cut this connection and leave. In a chain reaction all unnecessary
robots cut their connections and a tree consisting of a relatively small number of
robots is left, cf. Fig. 1(b). Robots being connected to three other robots after this
reduction represent Steiner points. By straightening the connections between the
seeds and the Steiner points, i.e. releasing robots in between, we get the approx-
imated Steiner Tree, cf. Fig. 1(c). Note, the positions of the Steiner points were
determined dynamically during the tree growth process. Interpreting this in the
sense of swarm intelligence the Steiner points are the result of a collective decision
that emerges from the numerous agent-agent interactions.

This heuristic is very robust to breakdowns of single MCD although it might
seem very inefficient. Additionally, it is scalable because of its totally local approach.
Whether this method can be a fast way of approximating a Steiner Tree is a question
of the reaction times and speed of the robots. At the time mass production of such
devices will become possible, this scenario might be feasible [29]. However, the
relevance of this is meant to be of academic use only.

4.2. Density Classification Task

The density classification task is an example of an emergent and distributed
computational problem [22]. The input is an array of length N with red and green
elements. The problem to solve is: Are there more red or more green elements? For
a standard computer this task would be simplistic but it was designed for cellular
automata. They perform a very different type of computation that does not seem
to be connected to our sense of logic. Here, we introduce an embodied computation
variant of this problem. Again we have a bounded plane in which we put, randomly
distributed, N robots of two states, red and green, in the given ratio. Each of them
performs a collision avoiding behavior, i.e. if another robot gets too close (entering
a circular area defined by the avoidance distance) it will turn around and try to
increase this distance. At each avoided collision the robot remembers the color of
the other one. After five collisions it changes its state to the color it encountered
at most. Using this simple behavior we hope for convergence of the whole group
of robots to one state. Then we interpret this state as the answer to the above
problem. Unquestioned, we will not always get the right answer. Especially, this is
true for the balanced case: the initial state of 50% red and 50% green robots. But
also for values close to this ratio, initial fluctuations will lead to wrong decisions.



(a) A late stage of the network growth pro-
cess.

(b) The reduced tree.

(c) The final approximated Steiner Tree.

Figure 1: An embodied computation approach to approximately solve the Steiner
Tree problem.



Unexpectedly, in our simulation we encountered an error rate of only 18% for ratios
of 0.5 ± 0.05 independent of N , for N > 100.

We analyzed the length of time till convergence depending on N for an initial
ratio of 0.5 ± 0.05. Beginning with a small N this time decreases exponentially
with increasing N and a fixed area, i.e. the problem becomes easier with increasing
problem size. However, at the same time, we are also increasing the computational
power of the system. Then, at some critical value of N , there is no further decrease
in the length of time. This happens if the area needed by the robots (defined by
a circle with the radius of the avoidance distance) covers about 19% of the plane.
For even bigger values of N the runtime increases. In Fig. 2(a) the relationship
between time till convergence, the state ratio, and the number of robots is given.
As expected, the maximal time is needed for ratios close to 0.5 and decreases for
either a majority of red or green robots. Remarkably, the decrease in time by
increasing N does not seem to be smooth, as a jump between N = 81 and N = 94
indicates (corresponding to an area need in the above sense of 2.5% and 3.0%,
respectively).

In Fig. 2(b) an irregularity is indicated as well. It shows the change of the
state ratio per time step depending on the state ratio for varied N . Beginning with
small N the change per step increases independently of the state ratio. However,
for bigger values of N the region around 0.5 falls behind till there is no increase
anymore and the ratio change per time step remains at about 0.0013.

With these investigations we wanted to show that embodied computation is less
intuitive than traditional computation.

5. Related Work and Potential Benefits

The idea of embodied computation is strongly related to the concept of amor-
phous computing [1]. Similarities are the assumption of high agent numbers, the
abandonment of perfection in favor of a stochastic concept of computation, the
restriction to local interactions only, and the use of metaphors from biology. A
very recent comment by Sussman can be seen in this context, as well, addressing
the problem of engineering robust systems: “It is hard to build robust systems:
systems that have acceptable behavior over a larger class of situations than was
anticipated by their designers” [30]. The research of amorphous computing is fo-
cused on the discrete approximation to a continuous “smart” medium and mostly
on immobile particles. The emphases of embodied computation, on the other hand,
being formed from a background of swarm robotics and swarm intelligence are the
computational theoretic aspects as well as the concepts of mobility and emergence.

In another very recent work the authors propose a heuristic for multi-robot ren-
dezvous based on insights that are essentials of embodied computation: “The key
insight that underlies our methods is that the physical locations of the robots them-
selves could be considered as an approximate solution to the entire problem. An
individual robot can move itself, thus refining the current solution approximation.
No representation of the problem, or the current solution, needs to be held by any
robot: they manifest the solution by their physical configuration” [18].

Embodied computation is also connected to the concept of embodied cognitive
science as it is postulated by Pfeifer [24]. This research aims primarily at creating
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(b) Average change of state ratio per time step with vary-
ing the number of robots, from the bottom upwards:
N ∈ {4, 6, 9, 13, ...,328, 400, 500}.

Figure 2: Analysis of the time till convergence and the change in the state ratio per
time step depending on the state ratio and the number of robots N .



artificial intelligence and claims that it is only possible by a holistic approach uni-
fying body and mind. The connection to embodied computation is the approach of
cheap design, i.e. designing, for example, a robot in a way simplifying the control
mechanism needed to make it walk [15]. This can be viewed as a decentral system
of components forming together a leg with the components interacting and, thus,
computing the dynamics of walking on their own. This is a form of emergence
because the single parts have no concept of walking.

A strong influence to the authors is the field of swarm intelligence and swarm
robotics. Instead of viewing a robotic swarm as a “massive parallel computational
system” [3], in the sense of putting together a huge amount of micro-controllers, we
view an individual in an artificial swarm as the smallest computational unit of a
computing system. This distinction seems to be small but the change of method-
ologies is bigger. The swarm is not only regarded as a distributed system but as a
system consisting of two levels: The individual robots on the microscopic level and
the holistic view of the swarm as a macroscopic computational entity.

Another related work is the concept of self-awareness in decentral systems as
proposed by Mitchell [19,20]. The four principles of self-awareness in decentral
systems are all strongly connected to the concept of embodied computation. Global
information is encoded in patterns formed by MCD, randomness and parallelism
are essential parts, and there is an intense interplay of bottom-up and top-down
processes.

Other related fields are emergent, evolutionary, and natural computation in-
cluding the ideas of evolving computational systems and using biological systems
or cellular automata to build computational devices [8,2]. Three aspects of em-
bodied computation being only little or not considered in computation theory are
mentioned by Crutchfield: “A second aspect computation theory has dealt with
little, if at all, is measuring structure in stochastic processes. [...] A third aspect
computation theory has considered very little is measuring structure in processes
that are extended in space. A fourth aspect it has not dealt with traditionally is
measuring structure in continuous-state processes” [7]. He proposes an approach of
probabilistic and spatial computation capable of analyzing a series of measurements
of a continuous-state system. Although this is conceptually close to embodied com-
putation it is too focused on serving as a tool to investigate emergence to be of more
relevance here. Also philosophically interesting but of limited relevance here is the
concept of “Calculating Space” trying to develop a digital model of physics [36].
The same is true for the similar work by Fredkin and Wolfram [10,33].

Special fields, such as population dynamics or to some extent even game theory,
could be regarded as parts of computer science because they investigate computa-
tional systems. Finally, the fields of chaos theory and phase transitions are also
related offering the possibility of sudden changes in the complexity of a computa-
tional process [17,21,7].

The authors see a clear benefit in the proposed approach to establish new ways
of analyzing computation. This might be achieved by approved methods of statis-
tical physics [35,28]. By interpreting the MCD as microscopic particles, equations
describing Brownian motion with drift can be applied. Then the micro-macro link
(determining the macroscopic behavior out of the microscopic behavior and vice



versa) is solved by the methodology of physics. Especially, the analysis of the av-
erage behavior of a computational system, which is a hard task using traditional
computer science, might be simplified.

6. Discussion

Why should we investigate alternative computational systems such as the pro-
posed concept of embodied computation? The traditional computational models
such as the Turing machine or the von Neumann architecture seem to cover only
a small part of possible forms of computation. Although these models have helped
immensely from the past until today to build fast computers, to analyze, and design
sophisticated algorithms, there might be complete facets yet uncovered because we
have focused too much on similar models.

For example, consider the restriction of separating memory and CPU. A typical
characteristic of natural, computational entities is the unity of all components: “In
the case of leaves, stomata are simultaneously the sensors of external information,
the processing units that calculate how gas exchange regulation should occur, and
the mechanisms for executing the regulation” [23]. Restating this, MCD are sensor,
computing unit, memory, and actuator in one.

Additionally, the memory of an embodied computational system consists not
only of the sum of the distributed memories but of three parts: First, there is the
internal memory of the MCD if they have some at all. Second, the environment
serves as a memory. For example, this can be done by stigmergy: A robot changes
the environment locally. Later another robot senses this alteration and reacts ac-
cordingly to this information. Third, the positions of the mobile MCD can be sensed
by others and can serve as memory. This was the main aspect of section presenting
the Steiner tree example.

The essential implication of embodiment is that many interactions between the
agents are not executed following an artificial protocol but the natural laws of
physics. Thus, both the parameters and the variables are determined and “ad-
ministrated” by the physical world. In contrast to the explicit representation of
numbers hold in an electronic memory, being encoded, sensitive to slight errors,
and treated by programs according to mathematical laws.

There is no global algorithm but it rather emerges from the local algorithms
defining only the behavior of the MCD. The global behavior that actually defines
the computation is only implicitly determined. An embodied computational sys-
tem does not calculate like adding and subtracting numbers and it does not solve
problems exactly.

Regarding robustness, it seems to be hardly possible, in general, to have a
maximum amount of robustness within a single computational system and assuring
to find the exact solution at the same time. In fact, this seems to be a trade-off
as the common trade-off between exploration and exploitation [13]. If the system
computes an exact solution then there is a certain task assigned to each component
creating the possibility of a single point of failure. However, this consideration is
only true in regard of the robustness of a single macroscopic system. There is a
difference in case of redundancy on the macroscopic level: Only if we have multiple
macroscopic computational systems we can have robustness and exactitude at the



same time. On this higher level, there is no difference in the robustness between a
bunch of personal computers and a bunch of embodied computational systems.

This approach centered on swarm robotics could also be substituted by methods
of nano-technology. For example, the control algorithm of the robots as described
in section could also be realized by special material with such characteristics and
behavior to solve the Steiner Tree problem, i.e. particles that behave, in principle,
as in natural diffusion-limited aggregation.

7. Summary and Outlook

In this paper we have presented a short history of computational devices relying
heavily on the concepts of central control and perfection. Embodied computation
as a construct of ideas was argued. The results of two simulations, related fields,
and potential benefits were discussed. Neither the traditional nor the new concept
proposed in this paper is generally superior to the other. Always both of them
should be considered, be it in the context of an application or the struggle for
insight.

In future work this concept should be formalized, the huge variety of concepts
should be reviewed, and unified to form a sound theory of computation either as an
alternative to traditional computation theory or combined with it.
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