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Executive Summary

This report summarises the work performed in WP1 during Year 3 of the project. The research
in WP1 focussed on three main activities: continued experimental characterisation of the p53-
mdm2 regulatory cycle, algebraic foundations of bio-computing, and new autopoietic ideas in
computer science. The experimental work has led to the demostration that the oscillations in
the p53-mdm2 cycle that have been widely reported in the literature stemmed mainly from
the interaction of the marker with the biochemical reactants, and that the character of the
oscillations is actually damped and less pronounced. This experimental work feeds into a Lie
group analysis of the ordinary differential equations derived from the p53-mdm2 biochemical
rate equations. This analysis is taking place in the BIONETS project. In parallel, the same
equations are used to derive a finite-state automaton whose algebraic structure is analysed with
Krohn-Rhodes theory. This analysis is not presented in this report but will appear in the next,
D1.4. The research aims to relate the dynamic and static symmetries, respectively, that can be
obtained through these two analytical approaches. We believe that by following this approach
we will be able to derive valuable insights about the dynamical and computational structure of
self-organising systems in a manner that will be relatively easy to transfer to computer science.

The algebraic analysis of the biological automata has continued in collaboration with partners
in both the OPAALS and the BIONETS projects, with less progress on the OPAALS side
largely due to the additional work incurred in the preparation of the Interim review in April
09. New ideas on autopoietic computing are discussed in the final chapter of this report; this
provides a very different perspective on computing in general that is currently being pursued in
collaboration with the IITK partner. Progress relative to the final objectives of convergence of
this work with WP3 has been made in the development of a broad interdisciplinary framework
with a strong mathematical focus that spans multiple projects and that is discussed in Chapter
1. In short, this deliverable should be seen as a status report on a complex and multi-threaded
research programme that is growing in depth and scope and that is attracting a growing number
of researchers from multiple disciplines around the theme of bio-computing.
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1 Introduction

This research is motivated by the fundamental question whether a biological ecosystem, or a
subset thereof, could be used as a model from which to derive self-organising and self-healing
properties of software. This research question is premised on the assumption that such biological
properties can increase the effectiveness of information and communication technologies (ICTs)
in various application domains, from ubiquitous computing, to autonomic communications, to
socio-economic processes aimed at regional development, simply on the basis of their greater and
spontaneous adaptability to user needs. Thus, this research addresses some of the non-functional
requirements or software qualities of the underlying technology, which we refer to as software
ecosystems [35].

This report continues the construction of a theory of bio-computing that was begun in D1.1 [35]
and in the DBE project before that. In parallel, different aspects of the same theory of bio-
computing have been pursued also in the BIONETS project, in such a way as to render the two
research threads (OPAALS and BIONETS) complementary.1 Keeping the efforts complementary
is important from the point of view of resource optimisation, since different skill sets are present
in the two projects. Furthermore, in the two projects the application emphasis is somewhat
different. In OPAALS the application areas of interest are:

• Service composition in the context of dynamic business workflow instantiation
• Biologically-inspired RESTful interaction framework

In BIONETS the application areas of interest are:

• Symbiotic security
• Biologically-inspired service choreography (which could be RESTful)
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('static symmetries')
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Figure 1: High-level view of the theoretical research framework

By way of preview, Figure 1 gives a high-level view of the theoretical research framework that
will be discussed and justified in more detail in the rest of this chapter and in the rest of the
report. The most important aspect of the theory that is emerging is that it needs to address
three fundamental aspects of biology: structure, function, and organisation. Our preliminary
results and insights point to algebra, dynamical systems, and autopoiesis, respectively, as the
theories that can explain and/or model these aspects of biology and that need to be unified
by a common mathematical framework that can effect a mapping to computer science. The
target of these mappings appears to be a unification of the algebraic and algorithmic structure

1As a consequence, the introductory chapters of this deliverable and of BIONETS deliverable D2.2.9 [36], which
are being written at the same time, are almost identical.

D1.3 Page 6 of 56



OPAALS Project (Contract No IST-034824)

of automata, and novel ideas in software architectures and biological design patterns inspired
by autopoiesis. Category theory is then able to effect an additional mapping from any of the
above algebraic structures to logic. Instantiation of this framework in modern distributed and
web-oriented computing environments requires enriching the logics with operational semantics
in order to develop suitable executable specification languages, and indicates that it may be
possible to develop an interaction model based on the Representational State Transfer (REST)
architectural style. It is important to emphasise that the term “structure” is quite overloaded
in this report. It can refer to biological (physical) structure or to algebraic structure. Then,
in Chapter 4, we use structure also in a software context, but as something separate from
architecture and that will not become fully clear until a formalisation for interaction computing
and its derivatives has been developed. Hopefully these various meanings will be clear from the
context.

In this Introduction we now retrace the arguments and rationale that we have developed over
the past 6 years in this area of research.

1.1 Historical Recap

The complexity and interconnections of the research activities that are gradually unfolding in
the two projects make it necessary to provide a summary of past activities and to retrace the
arguments that have led to the present research rationale. Hopefully this context will make it
easier to understand and assess the relevance and validity of the current activities and of the
activities that are planned for the remainder of these two projects, and beyond. Accordingly,
Figure 2 provides a graphical overview of our research in bio-computing over the past several
years. The figure shows the main points that each report addresses (in some cases this is the
title of the deliverable) along with the corresponding deliverable number, where by “main” we
mean the topics that, in hindsight, were found to be most relevant in later deliverables, as a
plausible theoretical and mathematical framework began to emerge.

During the preparation of the DBE project, we proposed that the concept of ecosystem could be
used not only as metaphor, but also as model for biologically-inspired computing. Ecosystems
are characterised by self-organising and evolutionary processes. Whereas, strictly speaking,
evolution is a form of self-organisation, by the latter term we refer to the order construction
processes associated with cell metabolism and morphogenesis. In developing our theory of bio-
computing, thus, we prioritise ontogeny over phylogeny.

1.1.1 Evolution and self-organisation
The current research thread in gene expression or interaction computing being reported in
OPAALS D1.3 and BIONETS D2.2.9 [36] began with a discussion of self-organisation through
the minimisation of free energy, in DBE D18.1 [34]. Although the concept of free energy is very
useful for understanding and modelling self-organisation in physical systems, unlike physical
systems software systems are abstract. Thus, the successes of statistical physics are not readily
transferrable to software due to the absence of an interaction potential energy and of the concept
of temperature in the latter. Of course, the wealth of probabilistic methods based on uniform
and nonuniform probability distributions do a good job at achieving an analogous effect; but such
effect is contrived in the sense that it is imposed on the digital information which, if left to its
own devices, would forever lie still in the ‘current state’. However, the users provide a constant
input of information, which we can regard as analogous to the Sun’s energy as the fundamental
driver of the biosphere. Thus, even if we do not have a proper ‘temperature’, we do have a
constant flow of information through the system and a constant poking and prodding by the
users that can be seen as analogous to a certain level of thermodynamic ‘mixing’. If we abstract
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Figure 2: History of relevant bio-computing reports across several projects

a complex distributed computation and communication system as a set of coupled finite-state
machines, user inputs become ‘waves’ of signals that propagate through the system, carried by
the interactions between the state machines. The puzzle of self-organisation, thus, could be cast
as the problem of deriving appropriate constraints in the execution paths of the state machines
that can lead to the construction of ordered structure and behaviour by harnessing the ‘energy’
(information) flowing through the (open) system.

Clearly the problem posed in this manner is not trivial. In the DBE project we therefore
developed an Evolutionary Environment (“EvE”) in parallel with more mathematical research
(D9.1 [67]; D9.2 [81]; D8.1 [132]; D6.1 [17]; and D6.2 [18]). Although we were able to achieve
some level of optimisation of the distribution of services in the ecosystem through a neural
networks-based Distributed Intelligence System (D6.4 and D6.5 [19, 20]), the evolution of the
services to satisfy a particular user request was not achieved. It appeared that using services
as the atomic units of evolution was not sufficiently granular to respond adequately to different
contexts. On the other hand, breaking services down to apply genetic algorithms to the code
itself is still too difficult for engineering applications.

The problem seemed to be a lack of understanding of the structural and dynamical features of
ecosystems that need to be satisfied in order to support an effective evolutionary framework.
Put simply, because evolution is a weak and slow process that, in order to avoid instabilities
(death of the phenotype), can only make extremely small modifications to a given genotype,
the ecosystem itself must already be highly performant, in the sense that its ‘components’ must
already be quite compatible with one another and must already be close to satisfying a given
fitness requirement. This implies the need for a holistic approach, whereby the ecosystem is in
some sense ‘bootstrapped’ all at once through a massively parallel process in which hundreds if
not thousands of requirements are satisfied simultaneously and compatibly with one another.
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Our objective, therefore, is to find a balance between evolutionary computing and what we
are calling gene expression computing. We seek an integration of the two approaches that
is analogous to what DNA has been able to achieve: the same molecule is a carrier of
hereditary traits across generations whilst also guiding the morphogenesis and metabolism of
the individual organism. Based on our experience in these projects, we feel that the problem
of gene expression computing must be solved first, before we can hope to achieve effective
evolutionary behaviour. Figure 3 shows how the abstract concept of Interaction Computing
can be instantiated into different contexts.2 Gene expression computing refers to the nuts and
bolts of cellular pathways and how they are able to contruct order and exhibit stable and robust
behaviour; so it is a model oriented towards a local perspective. Autopoiesis-Inspired Computing,
on the other hand, looks at global properties of the cell and of autopoietic systems, and tries
to map these properties to computer architectures that replicate autopoietic behaviour or its
subsets (such as operational closure). Autopoiesis-Inspired Computing is discussed in Chapter
4. Finally, Symbiotic Computing is more specifically focussed on the ecosystemic properties of
interdependence and synergy, and it is being pursued in the BIONETS project in particular as
regards software security.

Interaction Computing

Gene Expression
Computing

Symbiotic
Computing

Autopoiesis-Inspired
Computing

Figure 3: Different possible models of computation derived from Interaction Computing

This prioritisation of ontogeny over phylogeny implied that an in-depth investigation of the
physics and mathematics of (non memory-based) self-organisation was necessary in order
to understand what features could be transferred to software. Because, in addition to the
minimisation of free energy, both cell biology and ecosystems are characterised by non-linear
processes, we realised that we faced a ‘double jeopardy’: not only does it seem challenging to
translate non-linear behaviour into automata or algorithmic constraints, as above, but the non-
linear behaviour itself is in most cases the signature of systems that are not even integrable.
In spite of the daunting stack of challenges that was taking form, we kept focusing on the fact
that biological systems at all scales are able to cope with these challenges: they do an extremely
good job at producing ordered structures and behaviour, in spite of their complexity and of the
non-integrability of most mathematical models of biological phenomena (which could be related
to their non-computable aspects). This was encouraging (if a biological system can manage this,
there must be a way to formalise it), even if it suggested to us that new ways to think of complex
physical and biological phenomena were likely to be needed.

1.1.2 Symmetry
Based on our previous experience in applied mathematics and physics of the usefulness of the
concept of symmetry, our starting point was to assume that the same concept was likely to
play an important role also here. Our intermediate results so far have confirmed this hunch.
Symmetry is a very general concept in mathematics that formalises the notion of invariance
or regularity. In mathematics, a symmetry is a transformation that leaves some property
of a mathematical object invariant. Now, it is a truth universally acknowledged (and easily
proven) that the invertible transformations of a mathematical object that leave some property

2No references are given for these terms because we invented them – and are in the process of developing
formalisations for them.
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of its structure invariant form a group.3 Therefore, the mathematical study of symmetries and
regularities must necessarily rely on algebra.

The above statement should be taken as a necessary rather than as a sufficient condition. In
other words, a technical system that interfaces at some level with human users and that is meant
to support socio-economic processes must be open to new information and must allow for the
emergence of new structures and patterns. Even if such a requirement were not enforced or
relevant (i.e. if all we were trying to do was to develop an artificial life environment), the wish
eventually to replicate and support evolutionary behaviour implies that the emergence of new
forms must be supported. Our current understanding of algebra is not necessarily sufficient to
develop the best mathematical framework for the formalisation of emergent behaviour and open-
ended evolution. By the same token, however, the system must also be stable and reliable, since
it is meant also to uphold robust (self-healing!) engineering applications and non-functional
requirements. It must behave similarly in similar contexts; hence, it must embody a fair
amount of regularity and predictable behaviour. This is what mathematics, and algebra in
particular, formalises. Again, we wish to emulate the delicate balance between order/reliability
and unpredictability/openness that biology has been able to fine-tune and leverage to produce
stable but ever-changing life-forms of unbelievable complexity.

1.1.3 Lie groups
In DBE D18.4 [33] we therefore began a discussion of the method of Lie groups for the solution
of differential equations, since it is the most general method that applies equally well to linear
and non-linear systems. At that time we were aware that a method developed for continuous
systems would be difficult to apply to discrete automata, but we were also aware of the fact that
generalisations of Lie groups have been applied to discrete dynamical systems.4

The relevance of an algebraic perspective was strengthened by observing how finite ring and
field theory has been used in network coding. An examination of network coding was motivated
initially by the BIONETS project, where we thought that the ability to reconstruct missing
information from a bitstream might have been extended towards self-healing properties of
software, or perhaps the reconstruction of the whole phenotype from a partial specification.
However, it soon became apparent that the value of the exercise was more as an example of
abstract algebra that was relatively accessible to computer scientists than as a technique that
could be directly relevant to evolutionary or gene expression computing. Because this algebraic
theory deals with discrete finite sets, it not only demonstrated another area of applications where
algebra is relevant but, by providing a basis for the more difficult group theory, it also brought
us one step closer to the mathematical formalisation of symmetries in the context of computer
science. This abstract groundwork was reported in both projects (D2.1.1 in BIONETS [39] and
D1.1 in OPAALS [35]).5

At about the same time we ran across the work of the Cuban HIV researchers Sanchez, Morgado,
and Grau [134, 135, 133], an interdisciplinary research team composed of a biochemist, a
mathematician, and a computer scientist. AIDS research is concerned with, among other things,
mutations in the DNA of the HIV virus. Mutations that impede the ability of this virus to
function are good news for us. The operational effectiveness of a particular strand of DNA is
dependent on the geometry of the proteins (enzymes) that are synthesised from it through gene

3Paraphrased from Stewart ([140]:xxvii).

4See Maeda [94] and Peter Hydon’s work at http://personal.maths.surrey.ac.uk/st/P.Hydon/sym.htm.

5The algebra work in these two deliverables was done mainly by P Dini, who splits his time evenly between the
two projects.
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expression, because this geometry has to match the complementary geometry of its substrate
for the enzyme to be effective. The 3-D shape of an enzyme depends on the folding of the
strand of aminoacids built by the ribosomes from the corresponding tract of DNA, by applying
the genetic code.6 Protein folding depends to a large extent on polar bonds which, in turn,
depend on the hydrophobicity of the aminoacids along the chain. The hydrophobicity of an
aminoacid depends on the second base of the corresponding 3-base codon. We know empirically
that mutations are most likely to occur in the middle or second base of a codon. Now the
surprising fact is that, if a codon undergoes a mutation (most likely to happen in its second
base) to a new codon, the hydrophobicity of the new aminoacid will be very similar to the
original aminoacid’s. Furthermore, it turns out that if the 20 aminoacids are arranged in order
of increasing hydrophobicity the corresponding codons form a partial order, or a 64-node Boolean
lattice.

Thus, a particular assignment of the bases to the field extension GF (22) (represented by the 4
nucleotite bases) leads to a Boolean lattice (as a third direct product of the 2×2 base lattice due
to the fact that each codon is formed by three bases) whose minimum and maximum elements are
the codons that correspond to the least and most hydrophobic aminoacids, and this assignment
leads to a self-consistent partial order for the rest of the codons that matches corresponding
levels of hydrophobicity. The relevance of this finding is that this particular algebraic structure
corresponds to what amounts to hydrophobicity as a continuous function of codon mutation.
In other words, the operational semantics of the DNA code are fairly robust with respect to
mutations. This is not good news for AIDS research, because it confirms the observation that
mutations of the HIV virus are likely to remain as deadly as the originals. However, the same
effect underpins the stability of any other organism with respect to perturbations brought by
genetic mutations, i.e. it takes a relatively improbable large mutation to upset the functioning of
a particular phenotype. In other words, the robustness of the most fundamental ‘architectural’
feature of biology, the DNA code, is formalisable through an equally fundamental algebraic
structure. Boolean algebras are not uncommon, however. So the fact that a particular data set
forms a partial order or even a Boolean lattice (slightly more restrictive) is not necessarily of
great significance.

In their more recent work Sanchez, Morgado, and Grau [133] report that the codons actually
carry additional structure, in particular they form a Lie algebra. A Lie algebra is a vector space
whose elements satisfy an additional binary operation, the Lie bracket. Because the set of codons
can be seen not only as a Boolean algebra but also as the Galois field extension GF (26), it already
was isomorphic to a (discrete and 3-dimensional) vector space over the finite field GF (22), so
this means that the codons also satisfy the Lie bracket, as an additional constraint. The physical
significance of this fact is not clear; however, we know that a Lie algebra can also be seen as the
tangent space to a Lie group, and a Lie group is the only algebraic structure that can sometimes
help us in solving non-linear dynamical systems – for example the non-linear dynamical systems
that formalise cell metabolic and regulatory pathways. Therefore, once again not only does the
algebraic approach seem justified, but the need to develop a unified theory between (discrete)
finite group theory and (continuous) Lie group theory around dynamical systems arising from
cellular processes appears increasingly likely.

The investigation of DNA as a Lie algebra will be performed in future projects because first
we need to assess the feasibility of the Lie group perspective in the solution of cell metabolic
and regulatory pathways. Thus, our shorter-term objective within BIONETS (D2.2.9 [36]) is

6The genetic code is a many-to-1 map from the 64 codons to the 20 aminoacids. Each codon is composed of
3 bases, each of which can assume one of the 4 values A, G, T, E. Hence, 4 bases occupying 3 possible slots:
43 = 64.
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to extend the work begun in DBE D18.4 and hopefully perform a Lie group analysis of the
P53-mdm2 regulatory pathway by the final report in that project (D3.2.7).

1.1.4 Functional completeness
There is one more topic that provides an important background to our research: functional
completeness [72]. The interesting aspect of this point of view is that it resonates with the
physics and engineering research literature around a concept that seems at first unrelated to our
discussion: choice of variables.

It is well-known in the modelling of physical phenomena that a judicious choice of coordinate
system and/or of the representation of the dependent and independent variables can simplify
the mathematics greatly, at the same time providing useful insights into the nature of the
problem under study.7 The choice of coordinate system is perhaps easier to see, for example
when choosing cylindrical coordinates to describe fluid flow through a circular pipe. Many
physical problems, however, can also be characterised by groupings of variables that also simplify
the mathematics considerably. This was first noticed in the 19th Century by experimental
researchers in a variety of applied and scientific disciplines, who noticed that particular
dimensionless groupings of variables could sometimes lead to the collapse of data clouds
and families of data sets onto single curves. The practical usefulness of this fact was soon
to be investigated more rigorously, leading eventually to Lie’s group-theoretical methods for
differential equations.

For example, Stokes’s problem in fluid mechanics, or the velocity induced in a viscous fluid at
rest by the instantaneous motion of an infinite plate parallel to the x axis immersed in the fluid,
as it jumps from 0 to a constant velocity V0 in the x direction (in other words the plate starts
moving in its own plane). In this case the flow is clearly only tangential to the plate, and the
velocity v decreases with perpendicular distance y from the plate. However, as time progresses
the momentum of the moving plate is diffused in the y direction, meaning that areas of the fluid
far away from the plate, which were originally at rest, will eventually ‘feel’ the motion of the
plate and will also start moving, gradually approaching the constant velocity V0 of the plate
without ever reaching it. Therefore, this problem has 2 independent variables: y and t and one
dependent variable v(y, t); and is thus modelled by a partial differential equation (PDE), which
turns out to be isomorphic to the Heat Diffusion Equation of classical physics. Interestingly,
if one divides y by the square-root of t, the governing PDE turns into an ordinary differential
equation (ODE). In other words, v(y, t) becomes v(y∗), a function of the single independent
variable y∗ obtained through the similarity transformation:

y∗ =
y√
t

Such groupings of variables can be derived systematically using Lie groups.

The general epistemological principle we can derive from this is that in many complex problems
increasing complexity of the variables used to describe them often appears to simplify the
mathematical model, in some cases leading to an analytical solution. This same principle could
be relevant to the problem of bio-computing when, as Horvath has done, we generalise the
fundamental structures of computer science to more complex structures.

In particular, digital computers today are able to perform any computation because they are
functionally complete. This means that there is an algebraic structure, in this case a Boolean
algebra, such that any n-ary function can be represented by a corresponding propositional

7E.g. see the famous Buckingham Pi Theorem [22] and generalisations thereof.
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logic expression (or ‘polynomial’) that is implementable as logic gates. It has been known for
many years that one can use more general algebraic structures to achieve equally functionally
complete computational models. Horvath investigated whether a semigroup can have the
functionally complete property expressible as more general ‘polynomials’ than propositional
logic. He proved that the answer is Yes, as long as the semigroup is a finite simple non-abelian
group (SNAGs).8 Because, even though they are somewhat special, there are infinitely many
such groups, this means that we could build a ‘more complex’ computer science using more
complicated fundamental structures.

What does this ultimately mean and what would this buy us? In terms of Turing computability,
these different ways of thinking of computing would not change anything. We would compute
problems of the same complexity class. This is similar to the case of Stokes’s flow: we
don’t have to use the similarity transformation, we can simply solve the PDE to solve the
same physical problem; however, the similarity transformation simplifies the mathematics and
improves physical understanding. Similarly, we argue that it is worth investigating what kind
of computations we might be able to perform, and how, but using SNAGs rather than Boolean
algebra as the fundamental starting point for computing. Another analogy that may help clarify
this point is to compare the use of Assembly language versus objects. One can program anything
in Assembler, and in fact any program is eventually compiled down to binary code, but it’s a
lot easier to program classes and let the compiler do the hard work.

With this historical background in mind we now turn to the problems we are currently facing
in our research, some of which are addressed by this report and by D2.2.9 [36].

1.2 Background of Current Work

1.2.1 Abstraction level
Cell metabolism relies on ultimately undirected bottom-up and random/stochastic processes
that can only ‘execute’ through the spontaneous interaction of the various components. The
interactions are driven by a combination of electrostatic forces (usually conceptualised as
minimising the potential energy of interaction) and most probable outcomes (maximisation
of entropy), which can be modelled together as the minimisation of free energy. In spite of this
fundamental randomness, however, a healthy cell behaves in an organised and finely balanced
way that is more evocative of a deterministic, even if very complex, machine than of random
chaos. The cell in fact has a definite physical structure and executes well-defined ‘algorithms’
in the form of cellular processes (several hundred per cell type) such as metabolic or regulatory
biochemical pathways. This suggests a description and modelling of cell behaviour at a level of
abstraction that is higher than the molecular, and through mechanisms or constraints that are
complementary to stochastic processes.

In particular, our perspective views the stochastic nature of cell biochemistry mainly as a
mechanism of dimensional reduction9 that does not necessarily need to be emulated in any
detail. For example, a gene expresses hundreds of mRNA molecules which, in turn, engage
hundreds of ribosomes for no other reason than to maximise the probability that a particular,
single genetic instruction will be carried out, such as the synthesis of a particular enzyme. As

8Every group is also a semigroup, but not conversely of course.

9In dynamical systems theory, dimensional reduction refers to a reduction in the number of degrees of freedom
of a system. Since biochemical systems are composed of thousands to millions of elements, the time evolution of
each of which is governed (for the sake of argument within a Newtonian framework) by at least three separate
ordinary differential equations (ODE), successful abstraction and dimensional reduction can lead to significant
theoretical insight and savings in CPU requirements.

D1.3 Page 13 of 56



OPAALS Project (Contract No IST-034824)

a consequence of this dimensional reduction (hundreds to 1), a higher level of abstraction than
that at which stochastic molecular processes operate is justified in the modelling approach – in
particular, a formalisation that retains, and builds on, the discrete properties of cell biology.10

However, even the resulting lower-dimensional system can’t plausibly be imagined to perform the
complexity of a cell’s functions driven simply by a uniform distribution of interaction probability
between its (now fewer) components. Additional structure and constraints must be at play.

1.2.2 Dynamic stability
The presence of additional constraints is evident from the internal physical structure or topology
of the cell. For example, the citric acid cycle that metabolises energy from sugar takes place
within the mitochondrion, isolated from the rest of the cell. But cellular macrostructures
such as the mitochondrial membrane are too coarse to explain the bewildering complexity
of parallel processing that takes place even within the mitochondrion itself. There must be
constraints operating at a finer granularity that support specific reaction pathways over others
and that prevent the cytoplasm from becoming a well-mixed solution of compounds of uniform
concentration reacting indiscriminately with one another. In other words, even if the precise form
of these additional constraints that keep cellular processes running smoothly is far from evident,
their existence is implicit in the complex and dynamically stable operation of the metabolic and
regulatory pathways.

Dynamic stability is only an intuitive concept at this point, which can be thought of as the
signature of certain types of non-linear behaviour and for which a precise mathematical definition
does not exist yet, although research in related fields is growing ([152, 95]). However, we can
say that dynamic stability is a generalisation of the well-trod engineering principle of stable
design, which tends to keep human machinery within its linear regime in fear of catastrophic
failure if instabilities or resonances are allowed to grow. But linear systems are information-poor
and cannot sustain rich and complex behaviour. Biology has been able to harness the expressive
power of non-linear behaviour whilst maintaining adequate stability, thereby capturing the ‘sweet
spot’ between order and chaos. From the point of view of information theory, linear systems tend
to have a discrete power spectrum, whereas chaotic systems have a flat or continuous ‘white noise’
spectrum. An example of a human creation that strikes a balance between these two extremes
and that is at a similar level of abstraction as software is music, which was discovered to be
uniformly 1/f-noise, 30 years ago [148]. This provides motivation for why we think that mapping
the greater expressive power of non-linear behaviour into computer science concepts will lead to
a correspondingly greater power to ‘compute’ unprogrammed behaviour in real time.

The fact that the cell is not a well-mixed solution tells us, as is well-known, that it must
not be in thermodynamic equilibrium. Prigogine’s work [113] is deeply significant because
it showed that ordered structures form in open systems under conditions of disequilibrium –
maintained as such by a constant energy flow. Thus, although the phenomena he studied
(e.g. the toroidal vortices of Rayleigh-Benard convection) are much simpler than what happens
inside a cell, his insights give us a relatively concrete example of what a ‘dynamical structure’
might look like. The dynamic stability of cellular processes then constitutes a generalisation of
Prigogine’s ordered structures. Therefore, treating cellular processes as automata, or discrete
low-dimensional dynamical systems, appears to be the most appropriate level of abstraction and
entry point to understand biological construction of order in a way that is relatively easy to
transfer to computer science.

10Notice that the statistical nature of the metabolic step carries a built-in robustness, i.e. if something is wrong
with one of the proteins being generated, the metabolic cycle as a whole can proceed unhindered.
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1.2.3 Structure and function in biology and computer science
To make progress in this direction, we take as a starting hypothesis that the dynamically stable
operation of the cell is critically dependent on two additional forms of structure that are more
abstract than physical structure and that can be formalised mathematically as follows (see
Figure 4):

• Time-independent algebraic structure of the automata modelling the cellular pathways.
Algebraic structure gives rise to what we are calling static symmetries.
• Time-dependent Lie group structure of the dynamical systems modelling the same cellular

pathways. This form of structure is formalised through a mixture of algebra and geometry
and gives rise to what we are calling dynamic symmetries.

Cell metabolic or
regulatory pathway

Ordinary Differential
Equation modelAutomaton model

Lie group analysisAlgebraic decomposition

Dynamic symmetriesStatic symmetries Interdependence?

Category
Theory

Specification of 
Interaction Computing 

Machine

Algebraic Structure of Automata & Dynamical Systems

Figure 4: Mathematical analysis workflow to uncover biological symmetries

The relevance of the relationship between structure and function to all types of engineering and
applied thinking motivates us to investigate how these two kinds of mathematical structure are
related. The benefit of such a relationship would be the ability to specify desired behavioural
properties and derive the corresponding structural properties.

In its simplest form, a finite-state automaton is a finite set of states acted upon by a semigroup
of transformations. Until the 1960s the general consensus was that semigroups were too
unstructured for anything useful to be done with them. This perception was changed by
one of the landmark theorems in this field, the Krohn-Rhodes prime decomposition theorem
for finite semigroups [77], which proved the existence of a much greater amount of structure
in semigroups. The relevance of semigroups to automata has then made this mathematical
theory of increasing interest to computer science over the past 40 years. Furthermore, the non-
linear character of automata ([73]: 8) suggests that they are the right instrument to model the
enormously intricate feedback loops of discrete cellular processes. This observation is greatly
strengthened by the current research of the Biocomputation Laboratory at the University of
Hertfordshire, UK ([107, 47, 46, 45, 48]), in which several examples of cell regulatory and
metabolic pathways are shown to be formalisable as finite-state automata. The application
of Krohn-Rhodes decomposition to the corresponding semigroups then reveals the presence of
a rich algebraic structure in the form of permutation groups and non-invertible components
(flip-flops) at different levels of their hierarchical decomposition.

The algebraic structure of automata does not account for their time-dependent or dynamic
behaviour. Therefore, a significant challenge we face is how to make sense of the often non-
integrable dynamical behaviour of non-linear systems. Systems biology, in fact, relies heavily on
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the numerical solution of the ordinary differential equations (ODEs) derived from the chemical
rate equations modelling the cellular pathways, simply because no analytical solutions exist.
However, as we mentioned above it is well-known that in many cases systems of coupled non-
linear ODEs embody so-called global symmetries obtainable through Lie groups analysis [116].
Although global symmetries are quite constraining and are correspondingly difficult to find, this
is not necessarily a drawback since biological systems exhibit ordered behaviour only within
certain ranges of their parameters (e.g. temperature). In other words, Lie groups can help us
solve mathematical models that are clearly very idealised approximations to how real systems
work. However, the important point is that they do capture and formalise the concept of
order in dynamical behaviour, which we have loosely called ‘dynamic stability’ above. It is not
unreasonable to claim, therefore, that the symmetries corresponding to ‘local’ or parameter-
limited ordered biological behaviour could be found through an extension of Lie’s theory to
less rigidly defined mathematical structures such as groupoids, as well as to discrete dynamical
systems due to their closer relevance to automata:

There are plenty of objects which exhibit what we clearly recognize as symmetry, but which
admit few or no nontrivial automorphisms. It turns out that the symmetry, and hence much
of the structure, of such objects can be characterized algebraically, if we use groupoids and
not just groups. ([151]; quoted in [62])

Figure 5 gives an overall summary of the rationale of the research workflow and of some of the
concepts we have discussed so far. Having summarised the main concepts of the mathematical
theory, we now start building a bridge towards computer science.
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Figure 5: Causal-semantic workflow summarising a part of the research rationale
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1.2.4 Behaviour-Based Specification
It appears obvious that several parts of interaction computing systems could be described by
existing formal specification frameworks or formal system, such as VDM [12], Z notation [138],
CCS [103], π-calculus [104], CSP [70], LOTOS [14], ACPτ [8], etc. While there are
languages which are very similar to our approach, and Aspect-Oriented Programming (AOP)
is certainly one of them, the reason for developing a new language is fundamentally different.
Interaction computing is highly different from existing systems in terms of its concurrency,
its interdependability, its realisation of functionality, its non-deterministic and probabilistic
computation, and its modularity. Modifications of some specification languages may support all
these properties. This has been shown in the past, for example, for Z. Step after the step the
original language was extended with new features, such as non-determinism or the full support
of temporal logic. This valuable engineering process extends a language such that it fits a certain
need. However, this requires that the actual problem the language describes is similar.

Our problem is interaction computing and instead of trying to describe interaction computing
using an existing language, adapting it to our needs, we take the opposite approach and start
with analysing the problem first, i.e. its dynamical and structural properties. In the course
of our research we will learn about this structure and identify basic functional components
inspired by biology. This will also determine the primitives of the language. On top of that,
our language will be based on behaviour the system to be described should exhibit. Here, the
internal structure of the components realising this behaviour is not essential. They are hidden
from the specification as they are far too complex. This is in strong contrast with existing formal
specification methods which try to describe the actual functionality but not the behaviour. Here
we define functionality as the actual functions which have to be executed to implement a certain
behaviour.

Thus, the functionality of an interaction machine describes in detail the internal states and
transitions the machine has to go through in order to achieve its desired behaviour, i.e. the
specification would follow a white box characteristic approach. In contrast, the behaviour
describes the observable or expected effects of a black box. Thus, behaviour strongly abstracts
from the internal structure and gives a wider flexibility to its implementation. This takes
the established high-level programming and specification languages one step further. While
they already abstract from the hardware level and use higher-order programming language
constructs, the biologically-inspired interaction computing specification language even abstracts
from functionality and lifts programming and specification to the behavioural level. In
Chapter ?? we study how the two concepts of machine structure and its behaviour are strongly
linked in categorical terms. In particular, we show how a category of behaviour is directly linked
to a category of machines realising this behaviour.

Additionally, to be able to transform an existing specification into an executable form, the
specification language requires some operational semantics which allows us to translate a
behaviour specification into interaction machines and their execution steps. Similar to functional
or logical specification languages, the realisation of such an approach in an executable instance
includes several implicit steps wihch are not explicitly stated in a machine specification. In
interaction computing this process is even more complex because even simple operations are
realised by multiple interactions between multiple machines. Adapting the operational semantics
of an existing language becomes infeasible. Thus, we follow the general design process which
tries to develop a language which actually fits best our needs.

Finally, we do not refuse the use of existing formal systems. In fact, our work already uses
mechanisms [3] which allow us to transform one logic into a comparable one, to recognise the
well-established correspondence between coalgebras and temporal logics (see also BIONETS

D1.3 Page 17 of 56



OPAALS Project (Contract No IST-034824)

deliverable D2.2.4 [41]), or which compare their internal structures. If we find that our systems
possess properties which are describable by existing formal systems, we will opt for them, of
course.

Thus, this deliverable forms the basis of developing an ‘environment specification’ language,
which can be seen as a higher-abstraction software engineering specification language addressing
both the structure and content of bio-inspired digital systems. Figure 6 shows at a high level
how category theory can enable a mapping from algebraic and coalgebraic structures to algebraic
and coalgebraic logic, as an initial step in this direction. This work is in progress and has been
reported in BIONETS deliverables D2.1.1 [39] and D2.2.4 [41], and related papers [40, 38, 136].
It continues in BIONETS deliverable D2.2.9 [36], elaborating concepts which map algebraic
structure corresponding to automata into categories of behaviour. While this deliverable and
D2.2.9 still explore the foundations of a large research agenda, the foundations collected in the
listed deliverables appear to close a circle which will hopefully allow us to show more applied
results in D1.4, D1.5 and BIONETS D3.2.7.

Algebra CoalgebraDual Algebraic
logic

Coalgebraic
logicDualUniversal

(co)algebra

Logic

Trace
semantics

Algebraic Structure of
Automata &

Dynamical Systems
Category
Theory

Specification of Interaction Computing Machine

Figure 6: Mapping of algebraic structures to logic structures through category theory

1.2.5 Organisation in Biology and Computer Science
The reliance on category theory is further motivated by Rosen [127, 128] who, following
Rashevsky’s ideas [122], first applied category theory to cell biology to develop a theory of
“relational biology” as an alternative to the reductionist analytical methods still prevalent to
this day. His main result was to prove that the cell metabolism repair function performed by the
DNA is invertible into a DNA repair function performed by the cell metabolism. Hence the cell
is ‘self-sufficient’ in terms of information, it contains all the information it needs to repair all of
its parts. Of course we already knew that the cell is able to repair its DNA, but for our purposes
it is very good to know that the same mathematical theory that can map automata to logic and
dynamical systems is also able to capture important properties of the cell. Rosen’s result has
more recently been interpreted ([31]) as the mathematical analogue of Maturana and Varela’s
“operational closure” (or organisational closure) within the theory of autopoiesis [97]. In spite
of the fact that Rosen’s subsequent generalisation of this proof into a much more ambitious
‘theory of Life’ [131] has recently been criticised and has been the subject of a lively debate
([26, 28, 27, 91, 92]), Rosen should be credited with a simple but insightful observation:

... systems of the utmost structural diversity, with scarcely a molecule in common, are
nevertheless recognizable as cells. This indicates that the essential features of cellular
organization can be manifested by a profusion of systems of quite different structure. [130]

In other words, all cells, regardless of their structure, share a similar organisation. However,
depending on their function, cells can have very different structure. This suggests that
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Structure, Function, and Organisation are equally fundamental concepts in biology.

In computer science, on the other hand, things are a bit different. In analogue computer systems
the computation to be performed (Function) was strictly dependent on the electronic components
utilised and their wiring (Structure). Digital computers, by contrast, were developed as “general-
purpose machines” through extensive use of abstraction/layering. In contrast to biology and
analogue computers, there is very little interdependence between Structure and Function in
digital computers – by design! However, Organisation does map well from biology to computer
science, where it is called Architecture. An interesting example of the applicability of these
concepts is provided by the “conscientious software” of Gabriel and Goldman [56], who identify
software that performs some useful external function as “allopoietic”, in symbiotic coexistence
with software that keeps the system alive as “autopoietic”. A related concept that is similar
to operational closure and that is a current focus of our research is to wire different allopoietic
components together in order to form an autopoietic whole.

The complexity of the problem and of the theory that is emerging is making it difficult to keep
the various analogies, metaphors, and models straight, partly because the concepts apply at very
different levels of abstraction. Table 1 provides a possible mapping between how these three
fundamental concepts apply in biology, mathematics and computer science.

Biology Mathematics Computer Science
Structure Shape of Group structure ???

nerve cell of cellular pathways
Function Nerve signal Metabolic Algorithm

conduction pathway
Organisation Operational Group closure Autopoietic

closure property architecture

Table 1: Examples of how the fundamental properties of biology might map to other domains

1.2.6 Gene expression computing, or interaction computing
In reference to Figure 5, proto-evolutionary mechanisms in the primordial soup bootstrapped
resilient organisational forms such as hypercycles [49] and autocatalytic cycles [75] from random
physical interactions. After the membrane emerged as a structure that could delimit an ‘inside’
from an ‘outside’, these so-called molecular replicators eventually led to the emergence of the
cell with its autopoietic properties (organisationally closed, recursively self-generating). As we
argued above, cellular pathways today are still driven by the same interaction and entropic
physical processes. Thus, if we wish to emulate, in software, principles from biology that can
rightfully claim ‘fundamental’ status, in its most general form context-sensitivity must work
both ways, which argues for a reciprocal and pervasive interaction model.

Our work is inspired by the observation that the computation performed by a biological
ecosystem can be conceptualised as a theoretical limit characterised by the number of peers in a
distributed P2P architecture approaching infinity, with the amount of traditional computation
performed by each approaching zero. This analogy can also be extended to the ‘computation’
performed by the cell’s cytoplasm. More precisely, the computation performed by biological
systems always involves at least two entities, each of which is performing a different, and often
independent, algorithm which can only be advanced to its next state by the interaction itself.
This is the kernel of the concept of interaction computing or gene expression computing. We
wish to explore the implications of such a ‘vanishing CPU’ scenario because by providing a
mathematical foundation to building nested and recursively interacting structures we believe
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that it underpins a model of emergent computation that will lead to new insights in biology and
computer science, in equal measure.

This hopefully explains why we are trying to develop an emergent model of computation by
mapping the regulatory and metabolic biochemical pathways of the cell to interacting automata.
The actual model of computation based on interacting automata will be developed in OPAALS
deliverable D1.4. Such a model of computation will both require and enable a shift from a
reliance on human design as the only source of order in software towards a greater reliance
on information and structures built into the environment. In fact, the complexity of the cell’s
interior suggests that in the cell ‘interaction’ can acquire significantly greater semantics than, for
example, perfect collisions between point particles in an ideal gas. We then notice that the cell is
itself surrounded by other cells with which it communicates, and all are embedded in a complex
mixture of tissues and fluids that form organs. Organs, in turn, cooperate in the functioning of
individuals, which interact to form biological ecosystems. Thus, interactions happen at all scales
within the nested and recursively organised hierarchical structure of all biological systems.

1.2.7 Computational medium and RESTful architecture
Interaction signals in biological systems are mediated in physical space by the solid, liquid or
gaseous media that fill it (with the exception of light, which does not need a medium). Software
systems, by contrast, do not interact over continuous metric spaces, they interact over topological
spaces, or networks. By ‘network’ we do not mean simply the IP layer or below, we mean the
term in the most general possible sense, applicable as a medium of low-abstraction signals,
of application layer protocols, or of semantic and knowledge networks. In order to provide a
roadmap of applicability to instantiate the theoretical and mathematical results of the project
into the software and web environments of the future we need to understand how distributed
and networked systems can support the interaction or gene expression computing models and
their recursive application.

Our starting point for the development of a run-time framework that is general enough to
support the mathematical results and that is relevant to today’s web computing environments is
a RESTful architecture for the definition of a message-passing interaction model for distributed
environments. REST (Representational State Transfer [54]) in general, and the REST over
HTTP architecture of the web specifically, constitutes a language in which interaction can be
considered a primitive element. The REST architectural style has been conceived to reflect the
architecture of the web. Since the architecture of the web is constrained at the lowest levels
to enable extensibility at higher levels, higher-order capabilities such as support for complex
interactions that require transactional guarantees (e.g. in long-running service applications) and
querying languages can be constructed on top of it.

1.3 Structure of Current Reports

Having given a broad and historical overview of our research activities across 3 projects over
the past 7 years, we can finally provide a overview of this report and of D2.2.9 [36], as shown
in Figure 7. Chapters 2 and 3 of D1.3, Chapters 2 and 3 of D2.2.9 [36], and D1.4 are more
focussed on the Structure and Function aspects of biology and their mapping to computer
science. By contrast, Chapter 4 of D1.3, Chapter 4 of D2.2.9 [36] and D1.5 are more focussed
on the Organisation aspect. We cannot guarantee that we will complete the mathematical
foundations of gene expression or interaction computing in OPAALS and BIONETS. We will
carry the theoretical work as far as we can, and in the final deliverables of these two projects
we will discuss the applied areas where we expect this theory to have an impact, giving suitable
proof-of-concept examples. As shown in the figure, we are hoping that this work will continue
in a new project, one of whose aims is to achieve total convergence between Bio-Computing
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and Computational Systems Biology, in order to motivate a very close collaboration between
computer scientists, mathematicians, and cell biologists in the development of a common and
unified theory of bio-computing for autopoietic digital ecosystems.

D2.2.9: Mathematical Framework for Interaction Computing
with Applications to Security and Service Choreography

1. Introduction

2. Machines and algebraic structure of automata

3. Symmetry analysis of differential equations

4. Categorical foundation for symbiotic security 

5. Interaction computing from the point of view of REST

6. Conclusion

x. Lie group analysis of P53-MDM2 regulatory pathway

D3.2.7: Autonomic Services within the BIONETS SerWorks
   Architecture

BIONETS OPAALS

x. Example of symbiotic security service

x. Example of biologically-inspired RESTful service
choreography

x. ...

x. ...

D1.3: Biological Design Patterns of Autopoietic Behaviour
in Digital Ecosystems

1. Introduction

2. Automata and dynamical systems

3. Numerical and experimental analysis of P53-MDM2
regulatory pathway

4. Autopoiesis-inspired computing

5. Conclusion

D1.4: Mathematical
  Models of Gene
  Expression
  Computing

D1.5: Integration of Gene
  Expression Computing and
  Operational Closure in the
  Software Ecosystem Architecture

NEW PROJECT ON BIO-COMPUTING & COMPUTATIONAL BIOLOGY RESEARCH

= Inter-project knowledge flow

Extension Application

Extension and
application

Extensions and           applications Extensions and           applications

Figure 7: Current and expected future research in bio-computing
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2 Automata and Dynamical Systems

2.1 Algebraic Decomposition of Automata

One of the most fundamental concepts of science and computation is the notion of change: from
a state a system goes to another state (due to external manipulations or internal processes at
various time-scales). Finite state automata capture the concept of change in a rigorous way.
An automaton consists of a set of states, a set of input symbols, and a state transition function
that describes the change of the current state when receiving an input symbol. Owing to its
abstract nature, this definition is widely applicable in many different areas of science. Moreover,
the questions about finite state automata can be formulated algebraically (the input symbols,
considered as transformations of the state set, induce a transformation semigroup since they can
be combined associatively); thus the tools of abstract algebra can be used in automata theory.

Our research concerns decompositions of automata, and goes along a line of algebraic methods
that allow us to understand, manipulate and predict their behaviour. If there are many
states and the transitions are determined by a network of complicated interactions between
the components of the system (either visible or hidden), then we have a complex system.
In the development of a theory that enables us to understand such complex systems and
develop quantitative models and predictions that will eventually enable us to design them,
i.e. achieve system synthesis, we must begin with the reductionist approach of system analysis.
As we discussed extensively in OPAALS deliverable D1.2 [37] and in BIONETS deliverable
D2.2.4 [41], Rashevsky’s Relational Biology agenda, which emerged in direct contrast to the
reductionist agenda still prevalent in biology today, remains a very important reference for
OPAALS research. As we explained in the Introduction of this report (see Figure 1), however,
our research has led us to identify different conceptual and systemic properties of biology, and
of computer science, which require commensurably different theoretical approaches that will
eventually be integrated into a single unified theory of bio-computing and computational biology.
This chapter, which focuses more on the Structure and Function rather than the Organisation
aspects of biological and software systems, relies more on the analytic/reductionist than the
synthetic/holistic perspective. Therefore, in order to address the complexity of the systems
under study, we need to decompose them.

Similar to the prime decomposition of integers the algebraic hierarchical decomposition of finite
state automata yields a factorisation in the realm of computational structures: it identifies the
basic building blocks and constructs a hierarchical (i.e. partially ordered) cascaded structure that
can emulate the original computation. The cascaded (hierarchical) decomposition describes the
structure of the original automaton in an easily comprehensible way, providing a coordinate
system defined by the hierarchical levels. The mathematical theory behind this decomposition
is the algebraic hierarchical decomposition theory of finite state automata, also called Krohn-
Rhodes Theory [78, 43]. There are two types of basic building blocks: one for representing
irreversible calculations (the flip-flop automaton with two states and with input symbols
resetting to these states, that is basically the capability of storing 1 bit of information), and
another type for representing reversible calculations (permutation groups are special kinds
of transformation semigroups consisting of bijective transformations of their state set, thus
they are invertible). The table below summarises parallels and differences between the prime
decomposition of integers (e.g. 60 = 22 × 3× 5) and the algebraic hierarchical decomposition of
automata (for the cascaded product see Figure 8).
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Figure 8: Example of 3-level coordinate system composed using the cascaded/wreath
product of component transformation semigroups: (An, Sn), n ∈ {1, 2, 3}. The composed
automaton is enclosed in dashed lines; both its input and output are 3-tuples. Left: For a
state transition in the wreath product (A3, S3) o(A2, S2) o(A1, S1), the transformation (f3, f2, f1)
is applied to state (a3, a2, a1) yielding (b3, b2, b1) = (a3 · f3(a2, a1), a2 · f2(a1), a1 · f1). The “trays”
denote the applications of functions f1, f2, and f3 according to hierarchical dependence.
Note that the applications of these functions happen simultaneously; their arguments are
the previous states of other components, therefore there is no need to wait for the other
components to calculate their new states. Right: (Without loss of generality), the new
state (b1, b2, b3) is the output of the automaton. Projection onto to initial coordinates is a
homomorphism.

Natural Numbers Finite Automata
Building Blocks Primes Flip-flop Automaton

Permutation Automata
Composition Multiplication Wreath Product

Precision Equality Division, Emulation
Uniqueness Unique Different Decompositions

Though it is a fundamental theory of computer science, for forty years there was no
computational implementation for the hierarchical decomposition of automata. Several
different proofs were devised by mathematicians and computer scientists [77, 78, 110, 154,
155, 60, 50, 71, 43, 68, 51, 52, 124, 125], but there were no considerations for working
computational implementations until 2005, when the first working software package for
hierarchical decomposition of finite transformation semigroups was finally developed (the
software development continues as a GAP[57] package [48]). The algebraic hierarchical
decomposition of automata has immense possibilities for real world applications. These
suggested applications were described several times [123, 109, 108, 111], but without a
computational tool, they remained interesting promises only. The situation has finally changed,
and though there are many issues to be solved regarding the efficiency and scalability of the
algorithms, the research on applications has already begun. The capability of the developed
software tools went far beyond the possibilities of pen and paper calculations. Now the powerful
applications implied by the fundamental nature of the theory are within reach of a few years
of research. As a proof of concept, initial attempts have been made in applying algebraic
hierarchical decompositions in biological systems [44, 46, 45].
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2.2 Structure and Function

With the background provided thus far, we can now explain more precisely one of the core
mathematical problems that we have identified and on which we are working in both the
OPAALS and BIONETS projects. In its simplest form an automaton can be defined as follows:

Automaton = [set of states] + [semigroup of transformations operating on this set]

It turns out that a dynamical system can be defined in a way that resembles this definition.
A more extensive explanation or motivation for why we believe it is so important to study
non-linear dynamical systems has already been provided in DBE deliverable D18.4 [33]. Briefly,
given that cellular processes are strongly coupled with each other, their mathematical models
derived from chemical rate equations are non-linear systems of coupled differential equations.
Along with the arguments already provided in the Introduction, we feel that in order to reach
a successful formalisation of self-organising biologically-inspired behaviour in software we need
to understand the mathematics of self-organisation in biological systems – which is non-linear.
Thus, the research we are pursuing in OPAALS and BIONETS aims to study this problem
by combining the discrete and continuous perspectives on non-linear dynamical systems, and
to relate the results of these two different mathematical analyses. The bulk of this work will
happen in Year 4 of the project, so here we give a high-level overview.

As discussed more fully in D2.2.9 [36], a (continuous) dynamical system can be seen as a smooth
manifold and a set of continuous transformations operating on this manifold. A ‘manifold’ is
nothing more than a continuously parameterisable space for each of whose points a tangent
space can be defined that looks locally like Eucledian Rn for some dimension n; for example, the
surface of a sphere, or the surface of a torus, is a 2-dimensional manifold for which the tangent
space at every point is R2 or a plane. The manifold of a dynamical system can be defined in
different ways. Whereas in D2.2.9 [36] we explain the whole story, in this more introductory
discussion we can say that the most familiar description relies on a visualisation of the solution
as a curve (1-D manifold) in the so-called ‘phase space’, which is the conceptual analogue of the
state space of an automaton and whose coordinates are the dependent variables of the system
and their first derivatives. If the system is characterised by some conservation law, such as
conservation of energy for a frictionless system, the solution will be constrained to a subspace
of phase space of correspondingly smaller dimensionality. For example, the solution curve of
a 2-degree-of-freedom system for which energy and angular momentum are conserved will lie
on a 2-D surface embedded in a 4-D phase space. If the motion in both degrees of freedom is
oscillatory, such 2-D manifold will look like a torus, or a distortion thereof.

When represented in this space, the solution is a curve parameterised by time, meaning that
time increases along it but is not otherwise ‘visible’ since it is not an explicit dimension of phase
space. In the case of a chaotic system the manifold is not smooth, it is a fractal. For example,
it could have fractional dimension somewhere between 2 (a surface) and 3 (a solid), and the
solution trajectory is therefore correspondingly messy. The only methods we have to tackle
and solve some non-linear dynamical systems is through the method of Lie groups. Lie groups
are continuous groups of transformations that operate on objects defined on the manifolds. In
particular, because they leave the functional form of the ODEs invariant, they map solutions
into other solutions, both of which lie in the same manifold. So we can write a similar ‘equation’:

Dynamical system = [manifold in phase space] + [Lie group of continuous transformations
operating on this manifold]
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With this we notice that dynamical systems share a similar algebraic structure to automata,
but that, in addition, they also have a continuous analytic structure [116]. This integration of
algebra and analysis was the great achievement of Sophus Lie in developing his theory.

Now the surprising thing is that, whereas in an automaton the transformations are aligned with
the time axis, in the case of dynamical systems the time evolution of the system along the solution
curve is not actually the focus of attention of Lie groups-based analytical methods.Rather, the
transformations of interest are ‘perpendicular’ to the direction in which time increases, i.e.
they are transverse to the solution curve itself. This is because whereas the time dimension
is measured along a solution curve, the transformations of a Lie group map a solution to an
adjacent solution. Thus each point on the solution curve is mapped to the corresponding point on
a nearby solution curve. The arrow that joins these two points is transverse to both. To align the
mathematical structure of the two frameworks in the context of automata theory, nothing stops
us from imposing a similar additional set of transformations upon the computation trajectories
in order to find other, equivalent algorithms. For example, exploiting the symmetries of an
automaton is in fact a well-known technique in model checking formalisms [30].

Thus, this approach opens the possibility of relating the static symmetries associated with the
semigroup structure in the direction of computation with the dynamic symmetries associated
with the geometrical structure of the manifold that hosts the solution trajectories in a different
direction, even though in the case of an automaton such a manifold would not even be continuous,
let alone smooth. Since every point on the solution manifold of a dynamical system represents
an acceptable state of that system, it is analogous to the state of an automaton. Whereas
the manifold of a dynamical system is embedded in a metric space that maps directly to
physical space, or to a space that can easily be related to physical variables such as chemical
concentrations, the state space of an automaton is abstract. However, it still has a topological
structure dictated by the possible transformations and algorithms linking the various states.
Therefore, although it seems difficult to relate the two kinds of algebraic structures associated
with automata and with continuous dynamical systems because they speak very different
mathematical ‘languages’, the two representations can be obtained from the same biological
system. Hence it seems plausible to claim that at some abstract level these different kinds of
mathematical structures ought to be related. In addition, Lie groups methods have also been
applied to discrete dynamical systems [94].11

The fact that the first kind of symmetries is time-independent whereas the second is associated
with dynamical behaviour suggests that the relationship between these two properties of cellular
pathways may be a more abstract analogue of the fundamental relationship between structure
and function in biology. Physical structure both constrains and facilitates – by separating and
by bringing together. For example, the internal folds, cristae, of the mitochondrion provide
a structural means whereby functional elements are brought into proximity with each other.
This interdependence between Structure and Function has enabled evolutionary processes to
prioritise different DNA structures by selecting their corresponding phenotypical functions and
behaviour. The relevance of this relationship to all types of engineering and applied thinking
motivates us to investigate how these two kinds of mathematical structure are related. The
benefit of identifying and formalising such a relationship would be the ability to specify desired
behavioural properties and derive the corresponding structural properties.

In order to be able to specify the desired behavioural properties of biologically-inspired software
systems, we need to be able to identify the primitives of a specification language capable of
expressing them. As we mentioned in the Introduction, category theory can help in this direction,

11See also http://personal.maths.surrey.ac.uk/st/P.Hydon/sym.htm.
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in two steps. First, we wish to use category theory to develop a unifying mathematical framework
for these phenomena, including the static and dynamic symmetries introduced above, through
the natural duality between algebras and coalgebras. Second, the already well-established
correspondence between coalgebras and temporal logics opens the possibility of developing
an ‘environment specification’ language, which can be seen as a higher-abstraction software
engineering specification language addressing both the structure and content of bio-inspired
digital systems. The groundwork for this activity is being laid in the BIONETS project, and
will hopefully continue in the new project.

In the next chapter we summarise the analysis of several dynamical systems and of their
effectiveness at capturing biological behaviour, in particular the p53-mdm2 regulatory pathway.
Whereas the Lie group analysis of this pathway is being pursued in BIONETS, in the next
OPAALS deliverable (D1.4) we will analyse the algebraic structure of the automaton derived
from this pathway, hoping to reach some useful conclusions and insights as to the relationship
between these two mathematical structures as they apply to the same biological system.
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3 Numerical and experimental analysis of p53-mdm2 regulatory
pathway

Oscillating systems in living organisms are mathematically tractable and, through analysis and
understanding of their behaviour, might provide useful insights into the design of computer
systems. It therefore seemed appropriate for us, as biologists within the OPAALS project, to
look critically at oscillating systems in biology to see whether or not they might be used to
inform the computer science aspects of the project.

3.1 Oscillation in cellular systems

Since autopoiesis is one of our key areas of interest, and since the archetypical autopoietic entity
is the cell, we have looked systematically at cellular oscillating systems – a subject that has
recently been reviewed in some detail [96]. At the cellular level, an oscillating system can be
defined as one whose attributes rise and fall in a regular fashion over a sustained period. This
definition is flexible with respect to time: the key requirement is that the sustained period is of
relatively long in duration when compared to the period of the oscillation itself. Such systems
have interesting implications for computer science: each oscillation could be regarded as the tick
of a digital clock, a pulse that might be counted.

Probably the most obvious role for self-sustaining cellular oscillators in biology is as timekeepers,
controlling events either on a shorter time frame, such as circadian rhythms [143], or on a
longer time frame, such as embryonic development [10]. However cellular oscillators are not
limited to timekeeping. Experimental as well as theoretical work has demonstrated that cellular
oscillators might be capable of performing a wide variety of important functions [61]. These
include: decisions concerning the fate of a cell [2]; control of calcium-dependent signalling
pathways; facilitating cellular responses to changes in environment; and regulation of cellular
energy production [11].

3.1.1 P53/mdm2 as an oscillating(?) system
We have chosen to investigate the behaviour of the p53/mdm2 system. Mainly because it is a
critical element in determining the fate of a cell [84] – with obvious analogies to the success (or
failure) of an enterprise – and because it is one with which we are somewhat familiar. We also
believed, on the basis of previously published work [5, 82, 83, 59], that oscillatory behaviour
was characteristic of the system and that, by further exploring these oscillations, we might
usefully contribute to the mathematical and computer science aspects of the OPAALS project.
P53 is a protein that is synthesised in response to stress or damage to a cell and has variable
effects on cellular behaviour: cells may rest and repair the damage; they may die via a process
of programmed cell death (“apoptosis”); they may continue to behave as normal but, later,
prove incapable of division (premature replicative senescence). P53 is negatively regulated by
mdm2 – mdm2 targets p53 for degradation and elimination via a process termed ubiquitination
(conceptually this can be regarded as dumping p53 down the garbage chute). Mdm2 is named
because its presence, in the mouse, is associated with double minute chromosomes: Mouse
Double Minute. It is also called hdm2 – by convention, this term is used when human tissues,
or cell lines of human origin, are involved.

As a first step we sought to justify some of the assumptions underlying the published work on
sustained oscillations in the p53/mdm2 system. The single-cell experiment [83], upon which an
elaborate mathematical superstructure has been built [82, 59, 144, 1, 6, 119, 115, 29, 25, 93], used
fluorescent labelling to monitor simultaneous changes in expression of p53 and mdm2 following
irradiation. A key assumption in any such experimental system is that the labelling does not

D1.3 Page 27 of 56



OPAALS Project (Contract No IST-034824)

have any effect upon the function of the protein. Our own experimental work shows that,
somewhat unexpectedly, the labelling of mdm2 renders it functionally inactive. This raises the
possibility that the oscillations observed in the single-cell fluorescence experiment might be an
artefact caused by the labelling procedure.

3.1.2 Experimental data
The Western blots shown in Figure 9 illustrate this point. A Western blot is a gel-based method
for assessing the amounts of specific proteins present in an experimental system. The darker the
band, the more protein is present. In this experiment a series of cell lines were irradiated with
X-Rays – a classical method for stressing cells and inducing p53 expression. In normal cells any
rise in p53 will be followed by a rise in its negative regulator mdm2(hdm2). We see this clearly
in the pair of gels in the top half of Figure 9. In the absence of hdm2 there is abundant p53 (left-
hand rectangle), in the presence of hdm2 (lower gel) there is partial suppression of p53 expression
(right-hand rectangle). The hdm2 labelled with yellow fluorescent protein (hdm2-YFP) is not
capable of suppressing p53 expression: in the lower pair of gels there is, if anything, more p53
expression within the blots enclosed by the right-hand rectangle. This suggests strongly that
labelling hdm2 with yellow fluorescent protein might impair its ability to down-regulate p53
expression.

Figure 9: In the lower gel there is abundant p53 expression (right-hand blue box) despite
presence of mdm2. If the labelled mdm2 were functional we would expect to see inhibition
of p53 – if anything, p53 is induced.

It is possible that the sustained oscillations that have been observed in single-cell experiments
may be due to artefacts induced by the abnormalities in mdm2 function introduced by the
labelling procedure. This leaves us somewhat sceptical concerning the ability of regular sustained
oscillations in the p53/mdm2 system, within individual cells, to act as a digital counting
mechanism for determining the fate of a cell. Nevertheless we have good evidence from our
own work and that of others [88] that the p53/mdm2 system does oscillate – but that these
oscillations are damped. There are several possible explanations for such damped oscillations
– the most parsimonious is that p53 and MDM2 operate in a simple feedback loop but with a
discrete time delay [106]. Another explanation – less favoured by us for the reasons given – is
that the damping at the aggregate level is caused by the presence of a mixed population of cells,
some of which oscillate over a protracted period and some of which do not oscillate at all. A
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relative increase in non-oscillating cells would then explain the apparent damping.

Having set out to use sustained oscillations in the p53/mdm2 system as the basis of our
mathematical models we were forced into an unexpected conclusion: close scrutiny of some
so-called “oscillating systems” shows that the biological observations upon which they are based
may be flawed and, furthermore, the models used to demonstrate oscillations may only show
oscillatory behaviour under certain restricted and somewhat artificial conditions. The literature
at the interface between mathematics and biology is not as robust as a superficial reading would
lead us to believe. Perhaps this is a reflection of a more general problem in interdisciplinary
research: it is difficult to achieve a balance of expertise. Mathematical sophistication can be
undermined by biological näıveté, and vice versa.

Our disappointment with our initial exploration of oscillating systems raises a fairly fundamental
question: when we are using natural science to influence mathematics, algebra and computer
science, are we seeking to inspire using a model that accurately reflects the natural world,
a robust template; or are we simply generating possibilities, initiating chains of thought and
encouraging creative approaches? If our aim is the latter then the extent to which our models
fit the biological observations is less than critical – indeed could be entirely unimportant; if our
aim is the former, then the goodness-of-fit is crucial. At this point it seems entirely reasonable
to leave the question rhetorical, unanswered.

Despite our concerns about sustained oscillations in the p53/mdm2 system we are confident that
the p53/mdm2 system exhibits damped oscillations in cell populations, as shown in Figure 10.
This information has been used to inform the mathematical models that are discussed in the
following section.

Figure 10: Levels of p53 and mdm2 after irradiation of cells in suspension. There is a
prominent peak for p53 at 2 hours post exposure followed by a second (lower) peak at 6
hours; for mdm2 the peaks are at 3 hours and 7 hours. Findings consistent with a delay
between the rise in p53 and the induction of mdm2. Each observation is based on a pooled
estimate from > 100, 000 cells; the error bars (s.e.m.) are very narrow and are obscured by
the data points themselves.
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3.2 P53 Modelling

During the cell cycle, key proteins undergo cyclic synthesis and degradation, the associated
changes in their levels triggering progression through the cell-cycle phases. In recent years,
similar oscillatory behaviour has been shown in several other regulatory networks. The NF-
κB transcription factor, for instance, presents sustained nucleo-cytoplasmic fluctuations after
stimulation with TNFα [4, 76, 112]. Similarly, the levels of Hes1 protein and mRNA oscillate in
cell culture upon serum treatment [9, 69]. In the mouse segmentation clock, not only the levels of
Hes1 but also of components of the Wnt and Notch pathways have been shown to oscillate in vivo
[32, 150]. Given the biomedical importance of these pathways, the molecular basis and biological
implications of their oscillations have attracted extensive attention from experimentalists and
theoreticians alike. Although the signalling pathways above differ in their components and
biological outcomes, the oscillations are believed to share a common underlying mechanism: a
negative feedback loop (NFL) combined with a transcriptional delay [106, 117, 142]. Notably,
such a mechanism is present in the p53–mdm2 network (Figure 11), as p53 promotes the synthesis
of its main negative regulator, mdm2 (Figure 12). The possibility that p53 levels oscillate in
response to stress has therefore been explored both experimentally and theoretically.

Figure 11: Simple schematic of the p53 network. The p53 tumour suppressor – the guardian
of the genome – acts as a transcription factor, regulating the expression of over a hundred
target genes [53, 84, 147]. The mdm2 protein, a RING finger-dependent ubiquitin protein
ligase, binds to p53 and targets it for proteasomal degradation [66]. Both p53 and mdm2
are highly regulated proteins [79].

The p53 pathway has been subject to extensive modelling efforts, the first model being published
by Bar-Or and co-workers in 2000. The existing models can be classified into two categories
based on their purpose. On the one hand, relatively simple models describing the role of p53 in
cancer have been developed as part of multiscale models for the disease [23, 42, 89, 126]. Ribba et
al. [126], for instance, used p53 as a switch adopting values 0 and 1 in the absence and presence of
DNA damage, respectively, whereas in the cellular automaton model developed by Alarcón and
co-workers [23] cells possess different automaton features depending on whether their p53 status
is wild-type or mutant. On the other hand, various kinetic models have been built to investigate
whether the system can give rise to damped oscillations in p53 and mdm2 in cell populations and
undamped pulses in individual cells [1, 6, 15, 29, 59, 83, 93, 102, 106, 88, 119, 120, 149, 157]. The
vast majority assume that a cell consists of a single compartment in which the proteins of interest
are abundant and evenly distributed; hence they undertake a continuum, deterministic approach,
using either ordinary or delay differential equations (ODEs or DDEs) to describe the changes
in protein levels. Alternative modelling approaches include stochastic, spatial and multiple
compartment models. Proctor et al [119], for instance, developed stochastic models to account
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for the intercellular variation in the number of macromolecules. In contrast, Ciliberto et al [29]
formulated a deterministic, compartmental ODE model that distinguishes between nuclear and
cytoplasmic mdm2. Finally, Gordon et al [63] relaxed the intracellular homogeneity assumption
further and used partial differential equations (PDEs) to describe intracellular protein density
patterns.

To prevent the negative feedback loop linking p53 and mdm2 (Figure 12) from immediately
inhibiting itself and, in particular, to enable oscillations to occur, a delay in the negative feedback
loop is required [141]. Such a delay can be modelled in different ways. In some cases the delay
has been included implicitly in mathematical models – Lev Bar-Or et al [88], for instance,
included an additional unknown component in the p53–mdm2 pathway, whereas Ciliberto et
al [29] combined positive and negative feedbacks. The alternative is to incorporate time delays
explicitly. Srividya et al [139] have shown that discrete delay terms can help reduce the number
of variables and parameters required to describe a molecular system by replacing one or more
intermediate reactions. Concerning spatial effects, [106] demonstrated that the waiting times
associated with transcription and translation can be fused into a single time delay without
altering the dynamical properties of the system. Hence, several models [6, 63, 106, 115] calculate
the rate of mdm2 synthesis at time t as a function of the amount of p53 present in the system
at time t− τ .

Figure 12: Negative feedback
loop with transcriptional de-
lay linking p53 and mdm2.

Below we discuss in detail three existing theoretical approaches to the p53 pathway (i.e. [88,
106, 29]), while in the next section we present a new model. To facilitate comparison of the
models, we have unified the notation as follows: [P (t)] and [M(t)] are the total intracellular
concentrations of p53 and mdm2 at time t; S(t) represents a transient stress stimulus (e.g. DNA
damage); s? are de novo synthesis rates; k? are production rates (e.g. phosphorylation); j? are
reverse reactions (e.g. desphosphorylation); d? are degradation rates; σ? are transport rates; K?

are saturation coefficients and c? are additional constants.

3.2.1 Model I: Lev Bar-Or et al (2000)
The first model for the p53-mdm2 network, formulated by Lev Bar-Or et al [88], describes the
interaction between p53 and mdm2. The time–lag between p53 activation and p53-mediated
induction of mdm2 synthesis is modelled by the presence of a hypothetical intermediary, X. The
proposed kinetic equations are [88]:

d[P ]/dt = sp −
(
dp + d̂pm(t)[M ]

)
[P ],

d[M ]/dt = sm0 +
smx[X]n

[X]n +Kn
mx

− dm[M ], (1)

d[X]/dt =
ssS(t)[P ]

1 + cx[M ][P ]
− dx[X],
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with initial conditions [P (0)] = P0, [M(0)] = M0, and [X(0)] = 0. The stress stimulus S
is assumed to influence the behaviour of the system in two ways, namely by promoting p53’s
transcriptional activity and by downregulating mdm2-mediated degradation of p53. The former
mechanism is modelled by making the synthesis of X an increasing function of S, while the latter
is incorporated by making d̂pm a decreasing function of S. Numerical analyses and simulations
revealed that, for certain parameter values, the system can show damped oscillations in which
mdm2 and p53 levels peak out of phase.

3.2.2 Model II: Monk (2003)
In contrast to [88], the model proposed by Monk [106] not ony characterises the dynamics of the
mdm2 and p53 proteins, but also the changes in the level of mdm2 mRNA. Morever, it explicitly
accounts for a transcriptional delay as follows:

d[P ]/dt = sp −
(
dp0 +

dpm2[M ]2

[M ]2 +K2
pm

)
[P ],

d[RM ]/dt = srm0 +
srm1[P (t− τ)]n

[P (t− τ)]n +Kn
rm

− drm[RM ], (2)

d[M ]/dt = srt[RM ]− dm[M ],

where both p53’s transcriptional activity and mdm2’s ubiquitin-ligase activity are assumed to
be saturating functions. The system demonstrates oscillatory behaviour for certain parameter
values, the period of the oscillations depending on the transcriptional delay and the protein and
mRNA half-lives.

3.2.3 Model III: Ciliberto et al (2005)
Compared with the approaches above, Ciliberto et al [29] incorporated substantially more
biological detail in their model, to arrive at a relatively more sophisticated description of the
p53–mdm2 network that accounts for two subcellular compartments, namely the nucleus and the
cytoplasm. As it is assumed that mdm2 has to be phosphorylated in order to enter the nucleus,
the model includes three molecular forms of mdm2: nuclear mdm2, and both unphosphorylated
and phosphorylated cytoplasmic mdm2. Moreover, ubiquitination is modelled as a multistep
process (Figure 11), involving three molecular forms of p53 (i.e., non-ubiquitinated, mono-
ubiquitinated and poly-ubiquitinated protein). The dynamics of the six molecular components
is expressed by:

d[P ]/dt = sp − dp[P ]− dpu[PUU ],
d[PU ]/dt = ku([P ]− [PU ]− [PUU ])[MN ] + ju[PUU ]− (ju + dp1 + ku[MN ])[PU ],

d[PUU ]/dt = ku[MN ][PU ]− (ju + dpu + dp1)[PUU ],

d[MN ]/dt = (σcn[MPC ]− σnc[MN ])v −
(
dm0 +

dm1S(t)
S(t) +Km

)
[MN ], (3)

d[MC ]/dt = sm0 +
sm1[P ]n

[P ]n +Kn
pm

+ kpc[MPC ]−
(
dm0 +

kpc
[P ] +Kpc

)
[MC ],

d[MPC ]/dt =
kpc[MC ]

[P ] +Kpc
+ σnc[MN ]− (jpc + σcn + dm0)[MPC ],

The state variables above represent the concentrations of total p53, P ; monoubiquitinated p53,
PU ; poly-ubiquitinated p53, PUU ; nuclear mdm2, MN ; unphosphorylated cytoplasmic mdm2,
MC ; and phosphorylated cytoplasmic mdm2, MPC . The parameter v denotes the nuclear-
cytoplasmic volume ratio. Unlike in the previous models, the value of the stress function S
depends on the level of p53, as it is assumed that p53 plays a role in DNA repair:

dS/dt = k̂s(I(t))− dsS(t)[P ]
S(t) +Ks

,
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where k̂s is the DNA damage production rate as a function of time and dose of irradiation. Based
on numerical analyses and simulations, the authors suggest that the discrete pulses observed by
Lahav et al [83] might be the result of a combination of positive and negative feedbacks. In the
model,

the positive feedback originates from two opposing negative effects: nuclear mdm2 induces
p53 degradation, while p53 inhibits nuclear entry of mdm2, by inhibiting phosphorylation of
mdm2 in the cytoplasm. The negative feedback loop is the well-known fact that p53 induces
the synthesis of mdm2 [29].

Eqns (3) also predict that the level of mdm2 can increase in the absence of mdm2 synthesis,
which indicates a mass balance problem. This can be solved by rewriting the expressions for
the changes in [MN ] and [MPC ]:

d[MN ]/dt = vσcn[MPC ]− σnc[MN ]−
(
dm0 +

dm1S(t)
S(t) +Km

)
[MN ], (4)

d[MPC ]/dt =
kpc[MC ]

[P ] +Kpc
+
σnc[MN ]

v
− (jpc + σcn + dm0)[MPC ],

An analogous modification has been introduced in [1], which presents a four ODE model inspired
by [29]. The new system of ODEs based on (4) does not oscillate for the parameter values used
in [29].
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Figure 13: Simulations with the original model by Ciliberto et al. [29] (Eqns (3)) showing
two pulses (left) and sustained oscillations (right) in the levels of total p53, [P ] (green), and
nuclear mdm2, [MN ] (red). For the parameter values, see the original paper [29]. In the
left and right panels, the value of the cytoplasm:nucleus ratio, v, is 15 and 11, respectively.

3.3 Formulation of the New Model

To show that there is yet another possible biological explanation for the occurrence of oscillations
in p53 levels in response to stress, we will now introduce a new model for the p53 pathway. The
structure of our simple network is shown in Figure 14. It describes the interactions between
four molecular components: PI , the p53 tumour suppressor, M , p53’s main negative regulator,
mdm2, C, the p53–mdm2 complex and, PA, an active form of p53 that is resistant against
mdm2-mediated degradation. The model accounts for the following phenomena: (1) basal p53
synthesis; (2) basal (i.e. mdm2-independent) p53 degradation; (3) mdm2 synthesis; (4) basal
mdm2 degradation; (5) p53–mdm2 complex assembly; (6) p53–mdm2 complex dissociation;
(7) mdm2-mediated p53 ubiquitination and subsequent elimination; (8) stress-induced p53
activation; (9) p53 inactivation; and (10) basal degradation of active p53. According to the
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reaction scheme shown in Figure 14, the changes in the concentrations of the four molecular
components are given by:

d[PI ]/dt = r1 − r2 − r5 + r6 − r8 + r9,
d[M ]/dt = r3 − r4 − r5 + r6 + r7, (5)
d[C]/dt = r5 − r6 − r7,

d[PA]/dt = r8 − r9 − r10.

where ri(t), for i = 1,. . . ,10, is the rate of reaction i at time t and [X] denotes the concentration
of molecular component X, for X = PI , PA M , and C.

Figure 14: Schematic of the original p53–mdm2 interaction model. M = mdm2 protein; PI

= inactive p53 protein, C = mdm2–p53 complex; PA = active p53 protein.

3.3.1 Simplifying assumptions
For simplicity, we assume that the basal p53 synthesis rate, r1, remains constant in time and
that basal degradation rates, r2, r4 and r10, are proportional to the corresponding substrate
concentrations. The mdm2 protein, a RING finger-dependent ubiquitin protein ligase, is known
to bind to p53 and target it for proteasomal degradation [66]. In the model, the binding of mdm2
to p53 is assumed to be reversible with assembly and dissociation rates r5 and r6, respectively.
Furthermore, experimental evidence has shown that mdm2’s downregulation of p53 is inhibited
under DNA damage [137]. We have incorporated this observation into the model by assuming
that ionising radiation induces the phosphorylation of p53, which prevents mdm2 binding. That
is, r8 is an increasing function of the level of radiation exposure. Finally, reaction 3 represents
the negative feedback loop in which p53 transactivates expression of the MDM2 gene [153]. As
we expect this expression rate to reach a maximum value when there is negligible delay between
the binding of two successive p53 molecules to the MDM2 promoter region, we assume that r3 is
a saturating function of the total level of p53. Given the assumptions above, the reaction rates

D1.3 Page 34 of 56



OPAALS Project (Contract No IST-034824)

can be calculated as follows:

r1(t) = sp,
r2(t) = dp[PI(t)],

r3(t) = sm0 +
sm1[PI(t)] + sm2[PA(t)]
[PI(t)] + [PA(t)] +Km

,

r4(t) = dm[M(t)],
r5(t) = kc[PI(t)][M(t)],
r6(t) = jc[C(t)],
r7(t) = ku[C(t)],
r8(t) = kaS(t)[PI(t)],
r9(t) = ja[PA(t)],
r10(t) = dp[PA(t)].

Substitution of the expressions above into Eqns (5) yields:

d[PI ]/dt = sp + ja[PA]− (dp + kaS(t))[PI ]− kc[PI ][M ],

d[M ]/dt = sm0 +
sm1[PI ] + sm2[PA]
[PI ] + [PA] +Km

+ ku[C]− (dm + kc[PI ])[M ],

d[C]/dt = kc[PI ][M ]− (jc + ku)[C],
d[PA]/dt = kaS(t)[PI ]− (ja + dp)[PA].

3.3.2 Model IV: dimensionless equations
The state variables in Figure 14 can be scaled as

Pi = ku[PI ]/sp, M = ku[M ]/sp, C = ku[C]/sp, Pa = ku[PA]/sp and τ = kut.

In terms of these new variables, the model equations reduce to:

dPi/dτ = 1 + βaPa − (βp + αaS(τ))Pi − αcPiM , (6)

dM/dτ = αm0 +
αm1Pi + αm2Pa
Pi + Pa + κm

+ C − (βm + αcPi)M , (7)

dC/dτ = αcPiM − (1 + βc)C, (8)
dPa/dτ = αaS(τ)Pi − (βa + βp)Pa. (9)

where the dimensionless parameters are defined as: αa = ka/ku, βa = ja/ku, αc = kcsp/k
2
u,

βc = jc/ku, αm0 = sm0/sp, αm1 = sm1/sp, αm2 = sm2/sp, βm = dm/ku, βp = dp/ku and
κm = kuKm/sp. In the simulations depicted in Figure 15, two modes of stress have been
considered, namely a discrete pulse insult at time zero and long-term exposure to a constant
stressful stimulus. The former is expressed as:

S(t) = e−cst and S(τ) = e−γτ , (10)

in dimensional and dimensionless form, respectively (the dimensionless stress coefficient is γ =
cs/ku). In contrast, the latter is modelled as:

S(τ) = S0 for 0 ≤ τ ≤ τi (11)
= S0e−γ(τ−τi) for τ > τi.
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Notably, the response of the system to the two kinds of insult is very different. Exposure
to a single, pulse insult at time zero results in damped oscillations in the levels of p53 and
mdm2 around their steady-state values in the absence of stress. In contrast, exposure to a
long-term signal causes the system to move to a new steady-state, fluctuating transiently. This
new steady-state has a higher p53 level, which depends on the strength of the signal. When
the stimulus ends, the system returns to its original steady-state, displaying a second round of
damped oscillations.
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Figure 15: Simulations with the dimensionless system (6–9) showing damped oscillations
in the levels of total p53, P + C (green), and total mdm2, M + C (red). The values have
been normalised with respect to the corresponding concentrations in the absence of stress
(i.e., P0 + C0 and M0 + C0, respectively). The parameter values used in the simulations are
provided in Table 2. One dimensionless time unit corresponds to 2.5 minutes. Left panel :
response to a single pulse insult at time τ = 0 (Eqn (10) with γ = 2.5). Right panel : response
to a constant, long-term insult (Eqn (11) with γ = 2.5, τi = 200 and S0 = 0.05).

Table 2: Parameter values used in the model simulations shown in Figure 15

[PI(0)] = 12.25 nM ka = 20 min−1 Pi0 = 3.5 αa = 50
[PA(0)] = 0 nM kc = 4 min−1 nM−1 Pa0 = 0 αc = 35
[C(0)] = 3.48 nM ku = 0.4 min−1 C0 = 0.993
[M(0)] = 0.028 nM ja = 0.2 min−1 M0 = 8× 10−3 βa = 0.5
sm0 = 2× 10−3 nM/min jc = 2× 10−3 min−1 αm0 = 0.00143 βc = 5× 10−3

sm1 = 0.15 nM/min sp = 1.4 nM/min αm1 = 0.107
sm2 = 0.2 nM/min dp = 2× 10−4 min−1 αm2 = 0.143 βp = 5× 10−4

dm = 0.4 min−1 βm = 1
Km = 100 nM κm = 28.57

3.4 Discussion

In the above section we have visited four alternative mathematical descriptions of the p53
network. Their specific features are highlighted in Table 3. These models, which represent
only a small sample of the models available in the literature, were chosen to illustrate the
use of differential equations in systems biology and, in particular, to show how very different
mechanisms can succeed in explaining the same data. The modelling efforts addressed here
were motivated mainly by two experimental studies. First, Lev Bar-Or et al [88] exposed mouse
fibroblasts NIH 3T3 cells expressing wild-type p53 and mdm2 to 5 Gy of irradiation and then
measured the protein levels at several time points after exposure. Their Western Blots showed
two peaks in the level of p53, each followed by a peak in mdm2 approximately one hour later.
Second, Lahav and co-workers [83] created a cell line expressing p53 and mdm2 tagged with
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fluorescent proteins to study the dynamics of these molecules in single cells. In response to
γ-radiation, they observed digital pulses in both p53 and mdm2 levels (for a critical discussion
on this approach, see Section 3.1). Unifying the two experimental observations, Ma et al [93]
suggested that

the damped oscillations previously observed in cell populations can be explained as the
aggregate behaviour of single cells.

Comparing the four models above, models I [88] and II [106] are the most similar, as they
both produce an oscillatory behaviour based on the mdm2–p53 NFL (Figure 12) alone and both
account for an intermediary component linking of the level of p53 to the rate of mdm2 synthesis.
The main difference is that model II also includes an explicit transcriptional delay, which implies
a shift of the mathematical approach from ODEs to DDEs. According to model III [29], however,
the mechanism underlying the oscillations is more complex and involves both negative and
positive feedbacks. In response to ionising radiation, DNA damage

increases abruptly as does [. . . ] the rate of [. . . ] degradation of [MN ]. As [MN ] decreases,
[P ] increases, which causes an initial drop in [MPC ] and a steady increase in [MC ]. When a
sufficient amount of mdm2 accumulates in the cytoplasm, it initiates a change of regime:
phosphorylated mdm2 enters the nucleus, causing increased degradation of p53, which
relieves the inhibition of mdm2 phosphorylation in the cytoplasm, allowing more mdm2
to enter the nucleus. The positive feedback loop causes the abrupt drop in [P ] and rise
in [MN ]. The drop in [P ] cuts off the synthesis of [MC ], and consequently [MC ] and [MN ]
drop. The system is back to the original state, [P ] starts to accumulate again due to the low
level of [MN ] and a new oscillation starts [29].

While model III incorporates substantially more biologically-relevant information than models
I and II, its main weaknesses are the strong dependence of the behaviour of the system on the
relative size of the nucleus (see the simulations in Figure 3) and the mass balance problems
discussed above (see corrected Eqns (4)).

Model III predicts a decrease in nuclear mdm2 in response to stress (Figure 13), and a subsequent
reduction in mdm2-mediated p53 degradation. This is also the case in the context of model IV
(Figure 15). The reason behind the drop in mdm2 is different, though. According to model III,
the degradation rate of nuclear mdm2 is an increasing function of the level of DNA damage.
In contrast, under model IV, p53-binding protects mdm2 from proteasomal degradation and,
therefore, any decrease in [PI ] translates naturally in an increased mdm2 elimination rate. Hence,
when radiation promotes the transformation of PI into PA, mdm2 has less chance to bind to
PI and is thus at a higher risk of being rapidly degraded. This model prediction highlights the
importance of accounting for the dynamics of the mdm2–p53 complex, as suggested by Proctor
et al [119]

since the regulation of p53 is dependent on its interaction with mdm2, we would expect that
the oscillatory behaviour of the system would be strongly affected by the binding affinity of
mdm2 to p53. Therefore any mechanistic model of the sytem should include the mdm2–p53
complex.

The reduction in mdm2 levels in response to stress in models III and IV plays a role equivalent
to the transcriptional delay in models I and II: it enables the levels of mdm2 and p53 to peak
out of phase, thereby allowing oscillations to occur.
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Table 3: Summary of the mathematical models described in this chapter.

FEATURES MECHANISM(S) FOR OS-
CILLATIONS

MODEL I
Lev Bar-Or et al
[88]

• 3 ODEs + 1 expression for the
stress function
• Includes an unknown intermediary

• Implicit delay, in the form of
an unknown intermediary, in the
mdm2–p52 negative feedback loop

MODEL II
Monk [106]

• 2 ODEs + 1 DDE
• Includes mdm2 mRNA dynamics

• Implicit time delay, in the form
of a known intermediary (i.e, mdm2
mRNA), in the mdm2-p53 negative
feedback loop
• Explicit time delay for gene
transcription

MODEL III
Ciliberto et al
[29]

• 6 ODEs + 1 ODE for the stress
function
• Distinguishes between nuclear and
cytoplasmic mdm2
• Accounts for 3 molecular forms of
p53 and 2 forms of mdm2
• DNA damage enhances mdm2
degradation
• p53 promotes DNA repair

• Combination of positive and
negative feed back loops between
mdm2 and p53
• Implicit time delay (mdm2 has
to be phosphorylated and then
shuttled into the nucleus before it
can degrade p53)

MODEL IV
New model

• 4 ODEs + 1 expression for the
stress function
• Characterises of the dynamics of
the p53-mdm2 complex
• Accounts for a mdm2-resistant
form of p53

• mdm2-p53 negative feedback loop
• p53 binding protects mdm2 from
proteosomal degradation

The purpose of the experimental and numerical work is to gain better insight into the dynamics of
the chosen cellular regulatory pathway and of the ODE models that represent it most faithfully.
The next step is to derive the corresponding automaton and extract the algebraic structure of its
semigroup (in OPAALS), whilst simultaneously performing the Lie group analysis of the ODE
system (BIONETS). Once these more powerful analytical tools are in place, we can re-examine
the models discussed in this chapter, in order to correlate algebraic structure to observed or
numerically calculated behaviour.
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4 Autopoiesis-Inspired Computing

Natural systems provide unique examples of computation, in a form very different from con-
temporary computer architectures. Biology also demonstrates capabilities such as adaptation,
self-repair and self-organisation that is becoming increasingly desirable for our technology [7].
Autopoietic systems (auto = self and poiesis = generating or producing) as a theoretical
construct on the nature of living systems centre on two main notions: that of the circular
organisation of metabolism and a redefinition of the systemic concepts of structure and
organisation. This theoretical construct has found an important place in theoretical biology,
but it could also be used as a foundation for a new type of Autopoiesis-Inspired Computing.
We will first briefly explain our approach, followed by a minimal summary of the necessary
autopoietic theory, before discussing the development of autopoietic computation [85].

In reference to Section 1.2.5, in the discussion that follows we focus on Structure and
Organisation, but not on Function, because the theory of autopoiesis focuses on the former two
concepts. Function is however implicit in Structure in biology, and our theory of bio-computing
is attempting to replicate this interdependence. Function is also implicit in computing since any
algorithm can be considered a function. So in autopoiesis-inspired computing we focus on the
roles of Structure and Organisation at first, and will integrate also Function as formalisations
become available from the other research threads.

Autopoiesis is a biological phenomenon, which requires (mathematical) formalisation, and
then an understanding in terms of theoretical computing, to understand it in computational
terms. Therefore, our efforts in experimental biology, mathematical modelling, and theoretical
computing form a crucible of understanding from which to define a model for Autopoiesis-
Inspired Computing, each building upon the next, as shown in Figure 16.
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Figure 16: Defining Autopoiesis-Inspired Computing: Computational biomimicry, as with
all biomimicry, starts with identifying useful behaviour from a biological system. Followed
by observation to understand the mechanisms or principles by which it operates, and
therefore allowing for an abstract understanding of the behaviour. This can then be
mimicked in a non-biological system and its performance and effectiveness evaluated [65].
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4.1 Autopoiesis

Autopoiesis explores the consequences of the operation of a system when it possesses a circular
organisation that separates it from its surroundings. Autopoiesis asserts that the core of
biological phenomena arises from circular organisation, and not from information processing,
reproduction, the generation of the correct response to an outside stimulus or optimising
metabolic fluxes by minimising energy use [85]. The essential turnover of components in
autopoietic systems, as well as the destruction and creation of whole classes of molecules during
ontogeny12, means that these systems cannot be characterised within the scope of traditional
Dynamical Systems Theory [87]. Also, as their structure can change, without changing the
organisation, autopoietic systems cannot be described with a fixed -state space [74]. This is why
in our research we are attempting to apply generalisations of Lie groups (e.g. Lie groupoids)
to non-linear dynamical systems theory. Groupoids are like groups but with a partial function
rather than a bijection from the group to itself, meaning that the group operation is not defined
for all the elements. This results in the group properties being limited to a subset of the
system, which we believe will capture the local character (in parameter space) of most biological
symmetries. Similarly, we regard finite-state machines as an idealised approximation that is
meant to capture the computational aspects of the cell over a time scale that is small relative
to the duration of the cell cycle. Under these conditions, the local dynamics (in time) can be
captured by treating the cell as a closed system and neglecting the constant, but relatively small,
flux of new material flowing through it as an open system. With the above provisos, we can
begin to build a conceptual framework of the cell from the point of view of its organisation, which
will translate into software architecture once a mathematical formalisation has been developed
by the other threads of WP1 research.

The notion of circular organisation, the central aspect of living systems, is the axiom in
autopoiesis that:

An autopoietic system (machine) is organised (defined as a unity) as a network of processes
of production (transformation and destruction) of components which: (i) through their
interactions and transformations continuously regenerate and realise the network of processes
(relations) that produced them; and (ii) constitute it (the machine) as a concrete unity in
space in which they (the components) exist by specifying the topological domain of its
realisation as such a network. [100, 145, 98, 105]

This is a somewhat abstract and somewhat self-referential definition, which is, therefore, nicely
represented by the artistic interpretation of autopoiesis in Figure 17. In an autopoietic system
the result of any given process is the production of components that eventually would be
transformed by other processes in the network into the components of the first process. This
property, termed operational closure, is an organisational property that perfectly coexists with
the fact that living systems are, from a physical point of view, energetically and materially
open systems [85]. The molecules that enter the system determine the organisation of a system,
which generates pathways whose operation produces molecular structures that determine the
physical system and the organisation of the system [55]. So, an autopoietic system does not
have inputs or outputs in the traditional sense, instead it constitutes a web of interdependent
(i.e. non-linearly coupled) molecular processes that maintain autopoietic organisation. As the
internal dynamics of an autopoietic system is self-determined, there is no need to refer any
operational (or organisational) aspect to the outside. Therefore, the external environment with

12Ontogeny (also ontogenesis or morphogenesis) (ontos present participle of to be, genesis creation) describes the
origin and the development of an organism from the fertilised egg to its mature form [64].
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Figure 17: Drawing Hands: An artistic representation of the process of autopoiesis. The left
hand draws the right hand, and the right hand draws the left hand. From two dimensions,
and through an exchange of complementary information, emerges a third dimension. Also,
while the two complementary hands can draw each other, one hand cannot draw itself.

which it interacts does not inform, instruct or otherwise define directly the internal dynamics,
instead it indirectly perturbs the dynamics of the system.

The second clause (ii) demands that an autopoietic system have sufficiently complex dynamics
to self-produce the boundaries that separate the system from the non-system. This apparently
trivial clause has profound implications as it touches upon the dilemma of autonomy and serves
to exclude out some pure formal systems [85]. So, autopoietic systems are not simple relational
devices, but must conform to an important topological property, in that their boundary (in
the space where their components exist) is actively produced by the network of processes.
This property of autopoietic systems couples a purely relational property (operational closure)
with a topological property, and demands that an autopoietic system be an autonomous unity,
topographically and functionally segregated from its background [85]. In the realm of molecules,
the coupling of these two conditions necessarily implies that the minimal metabolism compatible
with autopoietic organisation must be rather more complex than the spatial coupling of a direct
chemical reaction with its reverse reaction, and lends credence to our starting hypothesis that a
profoundly non-linear mathematical structure must underpin the phenomenon.

In understanding autopoietic systems, it is important to distinguish between processes and
components. Components interact through processes to generate other components. With this
distinction, it is possible to define the organisation of a system as the pattern or configuration
of processes between components that define the type of system. The structure, therefore, is the
specific embodiment (implementation) of these processes into specific material (physical) entities.
According to this definition, organisation is a subset of structure. Therefore, an autopoietic
system is an entity that, with a variable and dynamic structure, maintains an invariant circular
organisation. In this respect, autopoietic systems are rather different from man-made machines
where only variables are maintained unchanged [85].
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4.1.1 Formalisations
Autopoiesis, as originally described [99, 100], lacks any mathematical framework. Many attempts
have been made to provide one and simulate autopoiesis. The first tessellation13 computer
models [145, 156], redone in Swarm14 [101], were a direct translation of a minimal autopoietic
system into a small bi-dimensional lattice. Indicational Calculus [21] was used [146] to model
autonomous systems, but progress with this approach has been limited. Other mathematical
formulations have included the use of differential equations to model feedback [90]. Another
attempt, a pure algebraic approach, used the theory of categories to understand systems
operating with operational closure [86].

However, all these formalisations lack one aspect or another [114], not least because many do
not manage the non-Turing computability aspect prevalent in autopoietic systems, as discussed
further below. So, none of these quantitative, or semi-quantitative models have generated clear,
satisfactory results.

4.1.2 Structural coupling
Autopoietic systems do not simply behave or react passively in an environment that is provided.
A central aspect of autopoiesis is the mechanism of structural coupling by which the living system
and its medium determine, in a mutual way and resulting from a historic process, some of their
properties. Figure 18 depicts the basis of the mechanism of structural coupling. The autopoietic
system, represented by a circle, and defined by its structure and its organisation (hatched
area), initially confronts a medium without organised objects (at t0). As recurrent interactions
(represented by the arrows) between the medium and the system are stabilised, at t1, an object
(represented by the triangle) begins to be configured. The object is made of two complementary
parts. One part exists in the medium, and the other exists as a change in the autopoietic system
structure. Finally, at t2 the object is totally configured. So, the change in structure, but not in
organisation as the hatched area remains unchanged, could be very important. For computing
the important aspect is the existence of objects defined by spatio-temporal correlations, thus
the change in the autopoietic system structure also contains these spatio-temporal correlations.
Such spatio-temporal correlations take the form of complementary changes in interacting entities,
which are called ‘congruences’. So congruences are a consequence of structural coupling, meaning
that the temporal changes in the structure of a system can manage future changes in the
environment, because the spatio-temporal objects in the environment are congruent with the
structure of the autopoietic system.

In effect, as the organisation of a system is maintained invariant, its structure can change
in many dimensions that do not affect the organisation, for example its operational closure.
However, this change is not random, being neither an accommodation nor adaptation to outside
features (classical adaptationism), nor the result of the deployment of internal plans embodied
in the structure of the autopoietic system (vitalism) [85]. Instead, the changes produced by
structural coupling require the existence of recurrent interactions as well as a necessary level of
plasticity15 in the autopoietic system and its medium. During the ontogeny of the system (or
the phylogeny16 of the lineage) a congruence between the system and its medium is selected

13A tessellation or tiling of the plane is a collection of plane figures that fills the plane with no overlaps and no
gaps [16].

14Swarm is a platform for agent-based models (www.swarm.org).

15The ability to change the structure.

16Phylogenetics is the study of evolutionary relatedness among various groups of organisms (e.g., species,
populations).
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t0 t1 t2

Figure 18: Structural Coupling [85]: The autopoietic system, represented by a circle, defined
by its structure and its organisation, initially confronts a medium without organised objects.
As recurrent interactions between the medium and the system are stabilised, at t1, an object
begins to be configured. The object is made of two complementary parts. One part exists
in the medium, and the other exists as a change in the autopoietic system structure.

or stabilised, so the medium gradually becomes the environment and, for external observers
unaware of the buildup of the relationship, the organism appears to become adapted to some
characteristics of the medium. Therefore, autopoietic systems do not adapt to an earlier defined
ecological niche, which is the crucial difference to the standard notion of evolution by adaptation,
but create their environment by the systematic production of congruences [85].

These congruences produced by the structural coupling of the autopoietic system and its medium
create meaning for the autopoietic system involved in the structural coupling, but not for external
observers who do not live in the same environment as the system [80]. The structural change
inside the autopoietic system is caused by the recurrent external trigger (perturbation) as well
as its own internal, circular dynamics. So, a given external perturbation will not induce an
internal structural change that can be viewed as its representation or internal model. The
relation between the internal structural change and the external trigger is one of correlation or
congruence instead of identity or isomorphism. The external perturbation does not induce a
one-to-one model in the autopoietic entity, instead a congruence is constructed [85].

This concept could be the basis for a new type of autopoiesis-inspired form of computation, which
would not be program-based [87]. As autopoietic systems do not have inputs or outputs, only
a circular dynamic which is perturbed but not defined by external agents, it is not possible to
encode outside concepts into autopoietic states, nor to control a trajectory of states (like Turing
machines). So, an external observer can only define a computation for an autopoietic system as
the particular ontogeny for that system. During the ontogeny of a system, a relation between it
and its medium is selected or stabilised. This relation has meaning for the autopoietic system,
which is structurally coupled to its medium, but not for external observers. Therefore, external
observers (eventually users), if they wish to use autopoietic systems to perform computations,
must find a procedure to attach the meaning of particular moments and properties to the
ontogeny of the system [85].

4.1.3 Computability
Autopoietic systems are intrinsically different from Turing machines, the structure of which
is shown in Figure 19. So, as they are not Turing-computable they also cannot be simulated
by Turing machines, because the Turing-Church thesis17 cannot be applied because the self-

17The Church-Turing thesis is a combined hypothesis about effectively calculable (computable) functions by
recursion, by mechanical device equivalent to a Turing machine.
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Figure 19: Turing Machine: A basic abstract symbol-manipulating device which, despite
its simplicity, can be adapted to simulate the logic of any computer algorithm. The Turing
machine mathematically models a machine that mechanically operates on a tape for which
symbols are written which it can read and write one at a time using a tape head. Operation
is fully determined by a finite set of pre-determined elementary instructions contained
within the Turing machine.

referential nature of circularity demands an infinite number of states, which is non-Turing-
computable [129, 131, 86]. The non-computability of autopoietic systems [74, 13] indicates that
some intrinsic and fundamental part of their behaviour escapes our standard analysis based on
phase states and/or evolution equations.

The non-computability of autopoietic systems by Turing machines has many important
theoretical consequences [87]. First, it limits the validity of mimesis (i.e. simulation) as a means
to understand living systems, showing that the phenomenology that arises from the circularity
of metabolism cannot be simulated with current computer architectures, those based on the
Von-Neumann implementation of Turing machines. Using different approaches this result has
been hinted at on at least two occasions in the last decade [74, 13]. Using formal arguments,
the impossibility of designing a living system without a real metabolism has been argued for
[13]. A development for the concept of living systems, called Component-systems, has also been
developed, for which it has been shown that equations of state, equations of motion or evolution
equations cannot be applied [74]. This non-computability of autopoietic systems would not seem
to be supported by past simulation results involving tessellation automatas [145]. However, new
versions of this simulation show that the original report of computational autopoiesis was flawed,
as it used a non-documented feature involving chain-based bond inhibition [101]. So, the closure
exhibited by tessellation automatas is not a consequence of the network of simulated processes,
but rather an artifact of coding procedures. So, the failure of closure in these computational
models was not a conceptual failure of autopoiesis, but a reflection of the non-computability of
autopoietic systems [87].

The non-computability of autopoietic systems could initially appear an overly strong result, but
even in the restricted field of pure mathematics it has been possible to prove the existence of
simple, but non-computable functions like the busy beaver18 problem [121]. So, Turing non-

18In computability theory, a busy beaver (from the colloquial expression for industrious person) is a Turing
machine which, when started on an empty tape, runs as long as possible, but eventually halts. This machine
attains the limits on the amount of time and space that a halting Turing machine of the same class can consume.
The busy beaver function quantifies those limits and is an example of a non-computable function. In fact, it can
be shown to grow faster than any computable function. [121].
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computability is a property that does not require the complexities of circular organisation to be
apparent, as it is already demonstrable in simpler systems or problems [87]. The inapplicability
of the Turing-Church thesis for autopoietic systems also opens some important new questions.
The first being to analyse whether an autopoietic system can implement a Turing machine. The
second, is considering whether some Turing non-computable problems, like the busy beaver [121],
can be computed by autopoietic systems. Tackling these problems will require the use of category
theory to represent autopoietic systems and to understand and manipulate the operational
closure of metabolism.

4.2 Autopoietic Computation

To use autopoietic systems as computational tools, it is necessary to redefine the process of
computation that we usually identify with the operation of Turing machines, which compute by
performing symbol manipulation [85]. The symbol processing algorithm embodied in a Turing
machine does not concern itself with the semantic content of those symbols, but only deals
with the syntactical rules of symbol transformation. The semantics is left to the user who
must map the string symbols with content. Autopoietic systems are significantly different to
Turing devices, with their structure being variable, and hence they lack a true phase-space19,
because of intrinsic in-determination in biological systems from changes in the phase space during
ontogenesis (morphogenesis). Also, they do not have direct inputs or outputs, only a circular
dynamic that is perturbed but not defined by external agents. The autonomy of autopoietic
systems implies that it is not possible to encode outside concepts, concepts pertaining to the
requirements of users, into autopoietic states, nor to control a trajectory of states. Instead,
users could only define a computation for an autopoietic system as the particular ontogeny for
that system [85].

So, we require a new definition of computing, different from symbol processing. The unfamiliar
computing aspects of autopoietic systems arise from the internal reference frame of the controller.
The control is done by the logic of the maintenance of circular organisation [24] in the presence
of structural coupling. The basic mechanism by which autopoietic systems can compute is the
historic change in its structure triggered by recurrent temporal correlations [87]. This change is
the consequence of the recurrent interactions between the autopoietic system and its medium.
So, because of this relationship, every autopoietic system transforms the original medium of its
deployment into an environment capable of computation.

Autopoietic processing would be rather different to reading a binary sequence from a uni-
dimensional Turing tape. It would require a mature autopoietic system, where the necessary
temporal correlations had been constructed, such that the structure of a system would manifest
correlations to the environment. So, to compute with an autopoietic system, a historical link
must be established between the autopoietic system and the medium (or space) in which we
wish to perform computations. Therefore, an autopoietic system must be introduced in such a
medium and a congruent lineage must be established via structural coupling [87], which would
change the medium into an environment for this specific autopoietic system.

As time passes the structural changes induced by structural coupling would become more and
more ingrained in the structure of the autopoietic system, which would capture more and more
temporal (and spatial) correlations from its environment. This stage would be equivalent to
the programming of a Turing machine, and once the autopoietic system is full of induced
correlations it could be used for computation. So, ingrained in an autopoietic system, because of

19A phase space is a space in which all possible states of a system are represented, with each possible state of the
system corresponding to one unique point in the phase space.
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the structural coupling, would be the congruent dynamic of the environment. So, this procedure
has the important advantage that programming is endogenously produced, by living inside the
medium and forming a stable lineage [87]. However, it may not be possible to specify exactly
the type of computations we desire. The intrinsic autonomy of autopoietic systems makes
it impossible to force a system that has created its own relation with the environment, to
capture the temporal correlations that are important for us, as our relation (perspective) to the
environment is different to that of the system [85].

A solution to this conundrum can be achieved by the simple expedient of brute force given
the age [58] of multi-core processors20 has resulted in unused and underutilised cores being
commonplace in modern personal computers [118], which would lend themselves well to the
paradigm. Instead of establishing a single lineage, we could simultaneously use many different
initial autopoietic systems, ideally with rather different structures. Each lineage would transform
the single medium (i.e. the space recognised by the observer/autopoietic-programmer) into its
environment, and so a wider range of temporal correlations could be established and some of
them would be useful in performing computations (user-desired processing) [85].

4.3 Summary

We believe that the main contribution of the notion of autopoietic systems, in the endeavour
of Autopoiesis-Inspired Computing, lies in constructing the notion of temporally correlated
structural coupling in computing. Structural coupling is a mechanism by which a lineage
of autopoietic systems can change their structure (i.e. components and processes), which is
congruent with the recurrent perturbations that arise in the medium. Albeit autopoietic
computing possibly requires hardware that we do not currently produce, we believe we will
be able to implement these ideas once more concrete formalisations are available.

20A multi-core processor is an integrated circuit to which two or more processors have been attached for enhanced
performance, reduced power consumption, and more efficient simultaneous processing of multiple tasks [?].
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5 Conclusion

This report has presented a broad framework for the integration of the disciplines underpinning
bio-computing, and a multi-threaded research workflow to traverse it.

The challenge of bio-computing as summarised in this report has attracted nine partners across
3 projects and is attracting more partners for future projects, as shown in the table below.

Project Institutions
DBE LSE, Imperial College, University of Birmingham, SUAS
OPAALS LSE, UNIVDUN, UH, IITK, Surrey, Naica
BIONETS LSE, University of Passau, Fraunhofer-Fokus
New project LSE, University of Passau, Fraunhofer-Fokus, UNIVDUN, UH, IITK
initiatives Surrey, SUAS, Trinity College Dublin, University of Lecce,

Aerospace Corporation, Karolinska Institutet, ...

Because these institutions are spread over several disciplines (computer science, biology,
mathematics, physics), it has taken a long time to develop a problem statement that everyone
can subscribe to, even though not everyone understands all of its parts and implications. In the
spirit of OPAALS as a Network of Excellence we have sought to leverage the synergy between
bio-computing (which aims to develop new models of computation inspired by biology) and
computational systems biology (which aims to develop new modelling frameworks for cell biology
inspired by computer science), and the results in terms of community building and language
construction are starting to be felt, as we think can be seen especially from the two most recent
reports, this one and D2.2.9.

No hard conclusions can be drawn yet regarding the mathematical structure that underpins
bio-computing. This is the part of the research that is more concerned with the formalisation
of the interplay between Structure and Function. However, we hope that the framework that
is emerging is starting to look plausible. This work will be extended, hopefully reaching useable
conclusions, in D1.4, as well as in the BIONETS series D2.2.9 and D3.2.7.

The emerging thread of autopoiesis-inspired computing, which is architectural in flavour and
more concerned with biological Organisation, is starting to offer some interesting ideas and
possibilities. These are making the need for a mathematical formalisation of interaction
computing and its derivatives increasingly urgent. A model of interaction computing is under
construction by the UH, UNIVDUN and LSE partners (leading to D1.4), who will collaborate
closely during the course of Year 4 with IITK, Surrey, Naica, and LSE to achieve a formalisation
of autopoiesis-inspired computing in D1.5.

The underlying and unifying theory of categories is being synthesised within the BIONETS
project, in communication with UH, to provide a translation from the algebraic structures of
automata and differential equations to logics, with the objective of developing a specification
language with operational semantics that can support the specification of generative software
environments such as a biologically-inspired software factory. Applications of interest that
are being pursued are symbiotic security services (in BIONETS) and dynamic instantiation
of business workflows from declarative SBVR statements (in OPAALS). Finally, we are also
investigating the suitability of a RESTful interaction model and architecture as a formalisation
framework that can implement the bio-computing principles and models we are developing over
web environments.
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The need to define areas of application of the theory is motivated by Objective 7 of the OPAALS
Description of Work (Table 2.1, p. 5): ”Context-dependent automatic code structure generation
from domain-specific natural language models”. During the course of the last 3 years this
objective has grown in scope and increased in definition. As mentioned, we now see the
possibiliby of connecting interaction computing ideas also to RESTful environments. At the
same time, whereas we don’t think we can achieve the automatic generation of software services
from business model specifications parsed from natural language descriptions, generation of
business processes from SBVR declarative specifications is a slightly less ambitious goal about
which we may be able to say something useful by the end of the project. The integration with
the work of SUAS to generate web applications from SBVR models would then become more
feasible, perhaps for a future project.

Having said that, the more important point is that the need for a mathematical framework that
underpins these desirable properties of software has become increasingly apparent. Therefore,
we view the output of WP1 as one that is mainly theoretical and mathematical, since such a
mathematical framework is clearly necessary before we can achieve a formalisation that supports
autopoiesis-inspired computing in all these areas of application.

The next concern is that if, as discussed in Chapter 4, autopoietic systems are not Turing-
computable, how can we hope to arrive at these applications? Whereas this might seem like a
show-stopper, in fact if we look at biology we can see that autopoietic systems (e.g. the cell)
are able to function perfectly well. This motivates us to think, on the one hand, that the
theory of what is computable could be extended or generalised; and, on the other hand, that
our reliance on other disciplines such as dynamical systems and algebra does not necessarily
make the attainment of the bio-computing vision contingent on a strictly computer science-
based theory of computability – as we understand it today. We believe that the analytical tools
at our disposal are such as to make significant process in understanding how the cell ‘computes’
possible within the life of the project, leaving issues of extending the theory of computation
perhaps to a future research effort.

Figure 20 summarises the mathematical framework for bio-computing as we understand it now.
This framework should be understood as a workflow that takes place within the iterative process
depicted in Figure 16, hence the feedbacks are not shown explicitly. Because the objective is to
develop a model rather than a metaphor of biological processes, the epistemology the research
effort departs from is necessarily rooted in physics and mathematics. Hence, the corresponding
methodology is to begin with as simple a problem statement as possible and to add complexity
as the mathematical framework emerges and is verified (or falsified, see D12.10). It is for this
reason that autopoiesis does not appear at the top of this diagram: it is much too complex a
phenomenon to be a viable starting point for a mathematical theory. Autopoiesis can be regarded
as an infinite recursion on the concept, or the phenomenon, of self-organisation. Accordingly,
therefore, our approach since the DBE project has been to prioritise an understanding of self-
organisation at the level of gene expression before attempting generalisation of bio-computing
towards autopoiesis and, eventually, evolution.

The research, however, has opened new doors and new possibilities we had not foreseen. Namely,
the association of autopoiesis with Organisation and ultimately with Architecture21 has made
it possible to engage with software architecture and software engineering thinking much earlier
than we thought possible. The node in the diagram labelled “Architecture of self-organisation”,
therefore, becomes a possible accumulation and integration point between the different research
streams. This will be reported in deliverable D1.5 at the end of the project.

21We owe the latter association to Prof T V Prabhakar of IITK.
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Figure 20: Current status of the bio-computing mathematical framework (feedbacks not
shown). This framework should be understood as a workflow that takes place within the
iterative process depicted in Figure 16
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