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Abstract

In this paper we outline a model which incorporates developmental processes into an evo-
lutionary framework. The model consists of three sectors describing development, genetics,
and the selective environment. The formulation of models governing each sector uses dynamical
grammars to describe processes in which state variables evolve in a quantitative fashion, and the
number and type of participating biological entities can change. This program has previously
been elaborated for development. Its extension to the other sectors of the model is discussed
here and forms the basis for further approximations. A specific implementation of these ideas is
described for an idealized model of the evolution of a multicellular organism. While this model
does not describe an actual biological system, it illustrates the interplay of development and
evolution. Preliminary results of numerical simulations of this idealized model are presented.




1 Introduction

The scientific questions motivating the present work concern the many instances in which de-
velopment and evolution interact. For example, it has been hypothesized [1] that the period
of experimentation with alternative body plans (the “Cambrian explosion”) just after the
evolution of multicellular organisms ended because of an interaction between developmental
and selective constraints. Since basic animal body plans have remained fixed since that time,
a theoretical understanding of this problem is of great interest. A model of the evolutionary
dynamics of body plans requires development as an essential component. More generally,
the expected diversity of morphologies in a given environment is an open scientific question
which leads to the study of the interaction between development and evolution.

Another fundamental question about evolution concerns the biological units on which
selection acts. In the Modern Synthesis, multicellular organisms are taken to be the units of
selection, but in the early history of life cells and even smaller units played this role. It is
possible that the ancient transition from cellular to multicellular units of selection must be
modeled in some detail in order to understand aspects of multicellular organization such as
the sequestration of the germ line and common patterns of gastrulation in animals. Since the
cellular and multicellular levels are related through development, a model of the transition
between units of selection will necessarily require a model which integrates developmental
and evolutionary processes.

It is the purpose of this paper to formulate a model describing the interaction between
development and evolution, and to present the results of preliminary computer simulations.
These simulations illustrate schematically the transition from reproducing cells to reproduc-
ing multicellular organisms. The model proposed here is an extension of our previous work
on development [10, 12].

Developmental and evolutionary processes occur at different levels of organization such as
genomes, cells, cell clusters, organisms, populations of organisms and ecosystems. Important
interactions occur within and between these levels of organization. This presents a multi-
scale modeling problem of daunting complexity, but we believe that a tractable approach
can be based on the fact that the problem decomposes naturally into modules, or sectors,
which can be developed and modified more or less independently. In particular, the relevant
processes can be organized conceptually into model sectors describing development, the
selective environment, and genetic adaptation through heritable variation.

Existing models of evolution treat the map from genotype to phenotype in a rudimentary
way. A more complete modeling framework for development was introduced in [10]. This
model was based on a set of ordinary differential equations (ODEs) to represent a genetic
regulatory circuit, together with a set of rules (a “grammar”) which allow a description of
changes in the number and type of biological entities that are present at a given time. We
will adopt this model to describe the developmental sector of the enlarged model of evolution
discussed here, and we will also borrow its techniques in formulating models for the other
sectors.

A key issue in formulating the sector of the model pertaining to the selective environment
is to define a scoring function which reasonably approximates a “fitness function”. We
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are aware that the precise character of such a fitness function, in fact even its existence,
remains an open scientific question in spite of much effort. We view a fitness function
as an approximation to a more complete model of a selective environment, which would
use a stochastic grammar to describe important interactions with the environment such as
establishing a territory, finding a mate and getting killed. The formulation of such a model
would use dynamical grammars in a way similar to their use in the developmental sector, but
is not attempted here. The work in the present paper is based on a simple scoring function
which accounts for several aspects of the selective environment for multicellular organisms.
(See Section 2.3).

We next discuss the genetic sector. Important genetic events to be modeled include point
mutations, cross-over, gene duplication and fusion of gametes. An accurate description of the
impact of these events on a genetic regulatory circuit is another open scientific problem. As
a substitute for this genetic sector, we use a crude model of adaptation based on simulated
annealing. It differs from real genetics in that the only genetic events are “point mutations”
acting directly on the regulatory circuitry, which are selected using an optimization algorithm
[5, 6, 7]. In this paper we restrict attention to asexually reproducing haploid organisms.

This paper also reports results of preliminary numerical experiments with the model. In
these experiments, we imagine a hypothetical world as follows. As an initial state, we have
a collection of cells which can reproduce to form multicellular aggregates. These aggregates,
however, do not have a genotype capable of multicellular reproduction. The cells’ genotype is
allowed to adapt under a fitness function which rewards multicellular organisms of a certain
size and internal structure, and which reproduce as multicellular entities. In this world,
development is specified by a simple genetic circuit model. We exhibit simulations of such a
system, and examine the various outcomes as to their capacity for multicellular reproduction
and the behavior of their associated genetic circuits.

Experience with the developmental sector of the model as applied to the Drosophila
blastoderm has taught that the modeling approach described here can be successfully applied
to answer real biological questions, but only when great care is exercised in incorporating
the necessary biological detail. The same will certainly be true of the evolutionary extension
of the model outlined here. The computer experiments described serve to illustrate the
interplay of development and evolution in the model, but do not yet constitute a biologically
realistic model of an evolutionary process.

2 Formulation of the Model

2.1 Development

We have described our modeling framework for development elsewhere [10]. We recapitulate
it here only to the extent necessary to understand its application in the present paper. As
used here, the model describes two fundamental processes: (a) the continuous dynamics of
regulatory molecules and (b) the change in number and type of biological entities.
Concentrations of regulatory molecules change in response to existing concentrations of
regulators, exchange of regulatory molecules between nuclei (by diffusion), and decay. These
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effects are described in the model by a system of coupled nonlinear differential equations.
The continuous internal dynamics of gene products are given by a “genetic regulatory circuit”
in which a pair of genes a and b interact by means of a single real number T'*. There may
be many proteins b regulating the gene for protein a and thus influencing the dynamics of its
concentration v{ in object i. To make a tractable model, we will assume that these effects
are monotonic in the concentrations v? and are approximately additive, with nonlinearity
confined to sigmoidal threshold functions g,. So we assume that the dynamics of v# depend
on the other variables v} through a summed input ug:

uf = Te! + A, (1)
b

where h® determines the threshold of g,. During the time when object 7 does not participate
in birth or death processes, which for dividing cells is called interphase, we use a continuous
time model of its internal dynamics. A simple model is the neural net dynamics given by

(cf. [4]) ot

Taﬁ = ga(uf) — A0l (2)

Equations (1) and (2) comprise our connectionist model of the internal dynamics of in-
terphase, one of many processes involved in development. Other continuous time and purely
internal dynamical subsystems will be modeled in like manner, with just the connection
matrix T and the thresholds h® changed. Each such process can be represented by one rule
in a dynamical “grammar” which can model several biological processes.

We next consider discrete events. Birth processes such as cell division (mitosis) require a
discrete time update equation with its own connection matrix. Since the different daughter
cells of one parent cell are not necessarily equivalent, we use one such connection matrix
Ty (with components T¢?%) for each of the progeny. We use multiple index notation: if s is
the index of the parent cell, then (3, k) is the index of its k’th daughter cell. (And ((s, k), 1)
would index the second generation descended from :.) We then suppose that

Uik = 0F + Raga (o T30 + B%) = Aavf. 3)
b

When the only regulatory molecules are gene products, Equation (3) can be further sim-
plified. Because there is no synthesis of gene products during mitosis, the only dynamical
process that modifies v is unequal partioning of gene products, and Equation (3) becomes

ik = Ugvf (4)
where each U} is diagonal and U¢ > 0. Other discrete-time processes, which just change the
type and state of one object, can be modeled as one-child analogs of Equations (3) or (4) by
suppressing the k index.

For a system which includes both interphase and cell division, Equations (2) and (3) must

be combined so that (2) operates continuously except at certain discrete times when (3) is
invoked. The same is true of any combination of continuous and discrete time processes.
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We see that every developmental process that we model is described by a set of rules
which govern how a single object of a given type can be replaced by one or more objects of
the same or different type, together with an internal dynamics model such as that defined
by Equations (2) and (3). This set of rules can be thought of as a developmental “grammar”
T, in the sense of Lindenmayer and others [8, 2, 11]. The grammatical rule adopted by an
object ¢ at a given time ¢ will in general be a function of its state vector v;(t). In summary,
this approach comprises a framework in which many biological processes, continuous and
discrete in time, can be modeled in a unified way. One can take advantage of this fact to
model] different processes at different levels of detail. This may be of considerable utility for
multiscale modeling in biology.

As an example, we discuss a five-rule grammar for a collection of cells that have the
capability of dividing and of forming reproducing multicellular organisms. These rules will
be used in the experiments reported in Section 3. We assume that the internal state of
each cell is specified by the concentrations of a small set of proteins that are products of
regulatory genes, and in particular that these gene products control cell division. The cells
do not exchange material with one another, but they do pass material to their progeny.
Although mitosis itself is a complex dynamic process, we model only those aspects relevant
to the problem at hand: Mitosis lasts a finite time, during which genes are not expressed, and
at the end of that time there are two cells instead of one. In order to describe a multicellular
organism, there must be a rule that represents the idea of the temporal boundaries of such
an organism. Lastly, we must take into account the fact that not all zygotes survive to find
an available territory (or more generally a “niche” or “slot”) in the environment (see Section
2.3) This picture can be summarized in the following five rules.

1 cell — cell, or interphase, in which the internal state variables of the cell evolve continu-
ously;

2 cell — mitosing cell, which initiates cell division. During mitosis the genetic circuitry is
shut down for a period which represents the time required for a cell’s chromosomes to
condense and separate on the mitotic spindle;

3 mitosing cell — two cells, or cleavage, which concludes mitosis;
4 cell — (detached) cell, or dispersal, in which a zygote separates from its parent organism.

5 (detached) cell — cell, in which the zygote successfully starts a new organism.

2.2 Genetics

Phylogeny is a summary of the evolutionary history of an organism. Darwinian evolution
consists of selection, discussed in the next section, and heritable variation, discussed here.
A phylogeny can be pictured (Figure 1) as a comprehensive lineage tree, showing the
ancestry of every cell, which has three or four scales of organization: (1) individual cells and
their descendants, (2) some number of unit subtrees, each of which recurs approximately
across generations and constitutes the ontogeny of a phase in the life cycle of an organism,
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Figure 1: A comprehensive lineage tree, showing organization at different scales. Cells (nodes) are
grouped into two recurring subtrees (heavy and light lines). One heavy and zero, one, or two light
subtrees make up one organism. Organisms repeat in a large-scale lineage.

(3) instances of the full life cycle of an organism, and (4) phylogeny: the slow emergence
over evolutionary time of a repeating life cycle and its constituent subtrees. Actually, the
tree should be generalized to a directed acyclic graph (DAG) because some cells receive
information from more than one “parent” during recombination, the fusion of gametes, or
developmental induction. For the present we will ignore these important processes, and the
genetic effects of diploidy, and we will also indirectly but severely limit the possibilities for
multiple-phase life cycles (thereby conflating scales (2) and (3) above) by modeling only
very limited environments. Thus we will model comprehensive lineage trees with cellular,
individual, and phylogenetic levels of organization.

If we examine the genotype of each cell in such a comprehensive lineage tree, we will see
that cells and their progeny often differ owing to genetic events which introduce heritable
variation. These include point mutations, gene duplications, and crossover. (Technically,
crossover and sexual reproduction change the tree into a DAG.) Such processes may be
modeled as additional grammatical rules which modify a cell’s genotype. By contrast, the
developmental grammar rules we have considered previously act on the protein concentration
state vector. Thus one has a combined grammar, which has both developmental and genetic
rules.

We note that selective processes are not represented directly in the comprehensive lineage
tree, but their result (mortality of an organism) is reflected in changes in the shape of the
tree. This occurs since fewer progeny are included in the tree.
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Full implementation of these ideas requires information that we do not presently have.
Specifically, the action of genetic grammar rules (such as those describing point mutation
and crossover) on genetic circuits requires a biologically realistic model of the relationship
between genetic information on a one-dimensional string of DNA and the connection matrix
of a genetic regulatory circuit.

As an interim measure we take advantage of a similarity between simulated annealing
and the comprehensive lineage tree with genetic events to formulate a rough approximation
to the genetic dynamics. Simulated annealing is a method for finding the global minimum
of a “bumpy” function, that is, one with many local minima. The method is derived from
statistical mechanics [9] where it models the slow cooling (annealing) of a physical system
to its lowest energy state; later it was generalized by Kirkpatrick [5]. In the following,
the function to be minimized (the “cost function”) is E = f(z1,...,2;,...2,), and T is
a parameter (the “temperature”) that starts off large and slowly gets smaller. The basic
method is quite simple. Start with a random set of z;, and then perform the following
procedure:

1. Compute E = E,q from the variables z;.
Make a change in one (or more) of the z; (This is referred to as a “move”).
Compute E = Ey from the newly generated set of z;.

Compute exp (E‘M#E)

DA N T

If the above quantity is bigger than a random number between zero and one, keep the
new z;’s (“accept the move”). Otherwise, restore the old z;’s (“reject the move”).

6. Repeat while allowing T to decrease slowly from a large value to zero. Typically this
entails 10° to 107 iterations. :

Our simulated annealing algorithm [6, 7] consists of point mutations on connection matrix
elements and rule strength coefficients, selection using a scoring function described in the
next section, and gradual reduction of both the temperature and move size to make an
optimization algorithm. Point mutation on connection matrix elements is directly analogous
to point mutation on genetic information, and stochastic update using a scoring function is
directly analogous to stochastic selection using a fitness function. However, the regulation
of temperature and the reduction in move size over the course of an annealing run does not
have a direct analogy in the comprehensive lineage tree picture. They represent, in essence, a
stochastic process approximating such a picture. This approximation achieves computational
efficiency in that the effects of macromutations are explored under low selective pressure.
As the selective pressure increases with the decline in temperature, the effects of mutations
with smaller and smaller effects are explored. These points of analogy are exploited in the
algorithm used in the computer experiments reported in section 3.




2.3 Selective Environment

As in development, a dynamical model of a selective environment must include diverse
processes, many of which change the number of organisms that are present. We have already
mentioned mating and various forms of mortality as examples of such processes. For this
reason, the use of a grammar in which a rule corresponds to a process again appears to be a
useful modeling tool. The grammars used in modeling the selective environment will differ
from the developmental grammars in that they are stochastic grammars, reflecting the fact
that most environmental processes have an important stochastic component, and that such
processes are often too intricate to model deterministically. As in developmental grammars,
however, we expect that there will be a quantitative dynamics associated with each process.

The grammar rules to be implemented in a specific problem must reflect a careful analysis
of the features in the environment which are of central importance. Given a scientifically
correct identification of the rules to be modeled, there is still the question of whether the
full probabilistic description can be simplified.

The exact probabilistic formulation amounts to a master equation for the probability
distribution of numbers of organisms of each species and phenotype. We consider coarse-
grained phenotypes, so that the average occupancy for each phenotype can be high in a
large population. Then we can apply the van Kampen-Kramers-Moyal [3] “large system”
approximation to the master equation to obtain simplified stochastic dynamics in the form
of Fokker-Planck equations. These equations have as their solutions Gaussian probability
distributions, with time dependent mean and covariance which approach well defined asymp-
totic limits. We suggest that the limiting Gaussian may provide the defining distribution
in which to evaluate the expected number of offspring, or closely related quantities such as
reproductive value, and hence in which to calculate the fitness function for a given species.
Indeed, fitness so calculated may have the same maximum as the limiting Gaussian. It is
in this sense that we think of a fitness function as approximating the stochastic grammar
which models a selective environment.

This point of view raises several interesting questions. First, how well is the science of
this problem captured by the Fokker-Planck approximation? If this approximation is not
good enough, what are the prospects either for better analytic approximations (eg. higher
moments) or for direct numerical solution of the master equation? Second, in a compound
grammar modeling several interacting species, how are the separate fitness functions related
to the asymptotic Gaussian solution of the entire system? An answer to this question could
shed interesting light on the game theory approach to evolutionarily stable strategies [13],
because it leads naturally to an analysis of the asymptotic stable states of a system with
competing species. As a third question, we ask how to treat fine-grained phenotypes with
average occupancy numbers < 1.

We believe that fitness functions may provide useful approximations to the dynamics of
the selective environment in some circumstances. We shall assume that this is the case for
the model studied in Section 3 of this paper, and go on to describe a further approximation
of the fitness function by a scoring function.

The main idea of this further approximation is to represent several selective effects as
additive terms in a scoring function. This scoring function is ad hoc in that its separate
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terms are guesses as to approximate analytical forms for various contributions to the true
fitness function; they have in no sense been derived or computed.

The environmental scoring function rewards multicellular organisms which develop an
optimal number of cells, correctly distributed into three cell types, achieved through a sup-
portable rate of proliferation. This much results in ontogenies. Life cycles result if the scoring
function is actually a sum of such functions, taken over a set of available environmental slots
each of which may be occupied by at most one individual. The occupation of such slots is
governed by further environmental parameters, and requires that some cells of established
organisms disperse to another slot. These processes can be represented analytically with a
scoring function of the form

n Na
S o Z E {(1/2)(n _1)2+(1/2) Z (_'—fozta.rget;)2
slots time target cell typesa T ( 5)
Anmit‘,osis
L

(¥ =2/3 or 1). In this formula, n is the number of cells present in a given environmental
slot at a given time, n, is the number of cells which have differentiated to cell type «, and
Anmitosis 18 the number of cells produced by mitosis at a given time step. The constants
appearing in this formula are nyarget, the desired number of cells in an individual organism,
fa target, the desired fraction of cells differentiated to type c, and the exponent v which relates
the energetic cost (or cost in some other limited resource) of each mitosis to the energy or
resource available within the organism. The constants nyarget and {fo target| Yo fa target = 1}
can be specified arbitrarily, subject to practical constraints on the cost of the simulations.

The first two terms in the scoring function are simply quadratic penalty functions which
favor organisms which have parameter values close to those desired.

The last term represents a sharing of energy or some other limited resource among all the
cells in an organism, to support mitosis by a few. The form of this term is the fraction of
the organism’s limited resource expended in mitosis. The denominator is the total resource
available, and is a function of the size of the organism, n. This function could express a
proportionality to the volume (y = 1) or to the surface area (y = 2/3), for example. The
mitosis term thus incorporates the essential assumption that the cells in a slot are actually
cooperating and functioning as a multicellular organism. The first two terms also reflect
cooperation, but in the weaker sense that separate cells produce the correct number and
types of offspring whether or not they interact during development.

The summations in (5) express the fact that a genotype is shared by all the cells in an
organism, over several generations. A genotype is therefore scored not only by its ability to
fill one slot well, but also by its ability to occupy new slots. Finding and occupying a slot is
governed by important environmental parameters such as the total number of slots present
at a given time and the the probability of finding and occupying an unoccupied slot (as a
function of time). In our simulations we choose a schedule of slot creation, destruction, and
probability of occupancy which is periodic, as shown in Figure 2. This choice of schedule
can be interpreted as favoring the evolution of “iteroparous” as compared to “semelparous”
organisms. These two classes of organisms differ in their reproductive strategies. Iteroparous
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Figure 2: Assumed probability with which a zygote may find and occupy an unoccupied slot as
a function of time. Different slots are temporally overlapped as shown. Each slot’s probability
of being suitable for a new zygote (if the slot is empty) starts at zero, rises to a maximal value
Pmaz < 1, then returns to zero. Experiments used pp,q, = .5. When the probability returns to zero
the slot is eliminated and its occupant dies.

organisms produce offspring in a slow, steady manner (eg. horses), whereas semelparous
organisms produce many offspring in a rapid burst of reproductive activity (fruit flies). These
reproductive strategies are associated with low variance and high variance environments
respectively.

3 Results of Numerical Computation

In this section we complete the specification of the model which we have simulated (Section
3.1), describe how the simulations were performed (Section 3.2), and (Section 3.3) report
and discuss the results.

3.1 Specification of the Model

Here we recapitulate briefly the components of our model, as described in the previous
section.

The growth and reproduction of a multicellular organism is modeled by a dynamical gram-
mar (Section 2.1). This grammar makes possible the growth and reproduction of multicellular
organisms by incorporating rules governing cell division, gene regulation, and dispersal of
zygotes. However, the grammar does not specify how these events are coordinated.

The selective environment is modeled by a scoring function (Equation 5) which rewards
reproductive multicellular organisms of a certain size and degree of cellular differentiation.
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Finally, we have a genetic sector whose function is to make changes in the genome which
by trial and error optimize the environmental scoring function. The parameters which are
varied to achieve the optimization include connection strengths in the genetic regulatory
circuits, parameters governing cell type differentiation, and the parameters governing the
application of discrete time grammar rules. The trial and error procedure is implemented
using the method of simulated annealing.

3.2 How the Computations Were Performed

We mentioned that in broad outline the computations were performed by applying the
method of simulated annealing to optimize Equation (5). In this section we explain further
details of this procedure.

The simulated annealing algorithm used was a variation of the one proposed by Lam [6, 7],
in which both the temperature and average step size are controlled according to an adaptive
cooling schedule. Annealing moves for each parameter were selected from an exponential
distribution and given random signs. The mean of this distribution was separately altered
for each parameter so as to ensure an effective sampling of the search space. This search
space was restricted by limiting the saturation of the threshold function g(u), Equation (2),
to 99%.

The parameters to be optimized characterize genetic circuits and their connection to
grammar rules. There is a genetic circuit associated with each grammatical rule in section
2.1. Rule 1 (the interphase rule) has a fully connected matrix defined by Equation 1. The
remaining rules 2 through 5 operate in discrete time, and of these rules, only the matrix
elements in rule 3 (cleavage) and rule 5 (formation of a new organism) are optimized. Rules
2,3 and 5 have discrete-time diagonal circuits, specializing Equation 3 (or its one-child analog
in which the k index is suppressed) to the case in which T' is diagonal. Rule 2 (mitosis) has
a constant T' = 0. Rule 4 (dispersal) does not affect the internal state vector at all (U® =1
in the one-child analog of Equation 4).

Further parameters are required to control the processes of rule selection and cell type
differentiation which we imagine summarize the effects of other regulatory circuits not ex-
plicitly included in the model. If such an omitted subcircuit has one input unit, and perhaps
many output units, then the net input to that circuit from the explicitly modeled regulatory
circuit would be, as in Equation 1, a function of the vector product between a row of a
connection matrix and the state vector of the regulatory circuit plus a threshold. So for each
grammatical rule r € {1...5}, we assume a rule strength of the form

S;=s"-v;+6" (6)
We also assume that the rules compete at each cell, and that the one with the largest strength
is selected.

Many of the strength connections s” and 6" are made identically zero in order to impose
appropriate structure on the system. Rule 1 (interphase) is the only continuous time rule,
with s** = 0, and has a strength 6™ = 1 which is independent of v;. Rules 2 (mitosis) and
4 (dispersal) have " = 0. Typically one of these rules is triggered when its strength rises
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above 6™, s™°*** was held constant, while s#*"*"**! was optimized. Rule 2 (mitosis) always
triggered rule 3 (cleavage) on the next time step, and rule 4 (dispersal) triggered rule 5 (new
organism) in a stochastic manner according to the probability distribution shown in Figure
2. Failure to trigger rule 5 resulted in death.

Similarly, cell type differentiation is determined at each cell type i by a competition
between cell type strengths given by the linear form

Cayi = Cq * Vi. (7)

In this case a “soft” competition was implemented in which for small cell type strengths
Ca,i @ cell can belong partially to different cell types. Then the number of cells of type o
appearing in the scoring function is given by

Ng = Z [e#ca,.'/ ; C#Cp,i]z. (8)

cells ¢

The square encourages decisiveness but does not absolutely require it. The cell type strength
vectors, c,, Were also optimized.

Experiments were performed with and without “slots”, i.e. with selection for multicellular
growth but with and without selection for multicellular reproduction. Experiments with
slots used a sum over twelve slots in the scoring function (5). The procedure for experiments
without slots differed from the foregoing in that the dispersal grammar rule was omitted and
the scoring function was not summed over slots. Furthermore, the 5x5 interphase circuit
was assumed to have the special form of non-communicating 2x2 and 3 x3 sub-circuits. This
type of experiment was done as a pilot experiment to explore multicellular growth.

A typical simulated annealing run required 2 to 4 days of CPU time on a SPARC 2
workstation.

3.3 Results

In this section we report the results of numerical simulations. We emphasize that these
results are preliminary, in that we present the outcomes of individual simulated annealing
runs. We have yet to characterize exhaustively the possible behavior and lineages which can
arise from the chosen scoring function.

In the first set of runs, the optimization was performed without summing the scoring
function over slots. Several runs produced multicellular organisms having the desired size,
distribution of cell types, and growth schedule. A cell lineage tree for one such run is
shown in Figure 3. The desired number of cells, 24, was not a power of 2 and thus an
unbalanced tree was required to achieve the correct size. The strategy adopted to arrive
at this unbalanced tree depended on differential reproductive rates in the left and right
progeny cells, which came about because cells on the right branches of the tree stopped
reproducing sooner. We refer to this loss of mitotic capacity as “aging”. The mechanism
that causes aging can be seen in the phase portrait shown in Figures 4 and 5. Figure 4
shows the convergence of the interphase dynamics alone to a distant fixed point, regardless
of the initial conditions. Figure 5 shows a small region of Figure 4, superimposed on the full
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Figure 3: An evolved lineage tree for a single-slot organism (no reproduction required). Cells are
labelled by their scoring function cell type. The desired numbers of cells of each type are attained:
there are 12 terminal cells of type 2, eight of type 3 and four of type 4.

dynamics of the growing organism. Cells begin mitosis when their interphase dynamics takes
protein 0 above its threshold concentration. For sufficiently large concentrations of protein
1, this can no longer happen: protein 0 can not reach threshold because the interphase
trajectories bend towards the distant interphase fixed point. Therefore, increased levels of
protein 1 result in a termination of a cell’s ability to reproduce. Left and right progeny age
differently, as seen in the figure, because the cleavage grammar rule affects the concentration
of protein 1 differently for the two progeny (see Equation (4)).

In the same run, cellular differentiation occurred. The desired fractions fy arget of the
three different cell types were 1/2, 1/3 and 1/6. Figure 6 is a phase portrait of two com-
ponents of the 3x3 sub-circuit, showing how eight of the cells are differentiated from the
rest. These cells, which have low concentrations of protein 3, appear to be in the domain
of attraction of a nearby fixed point, whereas 15 of the 16 remaining cells appear to be
converging to a distant fixed point. In no case does a cell reach its interphase fixed point;
the cells have been sufficiently separated to differentiate.

In the second set of experiments, the sum over twelve slots is included in the scoring
function, so that a successful genotype must not only grow, but also reproduce as a multi-
cellular organism. Figure 7 shows the lineage tree of our first exactly reproducing genotype.
Cells are labeled according to whether they disperse or not, and by their cell type. Since
dispersing cells are no longer part of the organism, the organism has the correct size.

The pattern of dispersing cells in the lineage tree can be understood from the phase
portrait in Figure 8. This figure shows that the cells segregate into a sequence of 6 groups.
Mitosis replaces a cell in group n with cells in groups n + 1 and n — 1. Dispersing cells are
all found in group 6, except for two cells in group 4. These facts account for the pattern of
dispersal in the lineage tree. The group number of each cell, along with its scoring function
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Figure 4: Evolved interphase dynamics for the single-slot organism. Observe fixed point at (0,21.5),
and attracting trajectory from (2.4,0) to the fixed point.

cell type and its status as a zygote or a somatic cell, is shown in Figure 8. We see that
group 6 is specialized to produce zygotes, but other groups do not correspond in a one-to-
one fashion with the externally imposed cell types. We may interpret the groups revealed in
this figure as “emergent cell types”, which are not required by the scoring function but are
part of the developmental strategy which evolved to minimize the scoring function.

The growth and reproduction over many slots of organisms bearing the evolved genotype
is shown in Figure 9. The number of cells in each organism is plotted against time, and
the plots are superimposed. Starting with the appearance of the seventh slot, the growth
patterns of the organisms arc indistinguishable. We interpret this as an exact life cycle
occurring in a stable environment.

The growth pattern in Figure 9 settles into an exact periodic life cycle after an initial
transient behavior. This transient is an artifact of the use of simulated annealing as a
substitute for the full genetic grammar discussed in Section 2.2. Under a genetic grammar,
the initial state of a zygote’s protein concentration vector after a change in genotype would
be the same as the final state vector before such a change. But the simulated annealing
procedure must re-set the state vector to some constant value for the zygote of the organism
in the first slot, because the scoring function must be evaluated the same way after each
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Figure 5: Phase portrait for the single-slot organism, showing an emergent “clock” which regulates
the size of the organism. Note that the interphase fixed point is far outside the operating range of
the genetic circuit.

genetic change.

After this transient, the run in Figure 9 has periodic behavior with period 1 in units of
slot appearance time. Other periodicities are observed in other runs. Figure 10 shows the
onset of a period 6 life cycle. On inspection this life cycle is seen to consist of 3 interleaved
period 2 life cycles. As an indication of the range of results possible in this model, we mention

that we have also observed in the simulations an apparently “chaotic” and non-terminating
life cycle.

4 Conclusion

We have presented a model incorporating developmental processes into an evolutionary
framework. In simulations of this model, we have observed a number of interesting phe-
nomena including an emergent clock which regulates organism size; the use of interphase
attractors to define externally imposed cell types; emergent cell types which were not im-
posed by the environment; and multicellular reproduction in periodic and nonperiodic forms.

The next step is to identify an actual biological system for which the information required
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Figure 6: Another phase portrait for the single-slot organism, showing the differentiation of one
third of the cells (those with the lowest values of protein 3). Interphase trajectories can cross
because they have been projected from a three dimensional subcircuit to a two-dimensional plot.

in the formulation of the model is currently available. The challenge is to apply the model to
a real biological system, and thereby validate the correctness of the modeling assumptions
and show that the model has scientific substance, in that it is capable of answering questions
of biological interest. One area of study which may be suitable for these purposes has been
suggested to us by Buss; this concerns the evolution of developmental differences between
semelparous and iteroparous organisms, which must reproduce in relatively unpredictable
and predictable environments respectively.
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Figure 7: Lineage tree of the first exactly reproducing genotype. Cells are labeled above by their
group number as determined from the next figure, and below by their status as zygotes or somatic
cells (label = 1 for zygotes) and, for somatic cells, by their scoring-function cell type (label = 2, 3,
or 4). Ontogeny of slot seven is shown.
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