
Fitness, Optima, and Simplicity

Kamaludin Dingle1, 2, 3, ∗

1Department of Computing and Mathematical Sciences, California Institute of Technology, USA
2Department of Chemical Engineering and Biotechnology, Cambridge University, UK

3CAMB, Department of Mathematics and Natural Sciences,
Gulf University for Science and Technology, Kuwait 

Evolution by natural selection is often viewed as an optimisation process where an organism’s 
phenotypic traits are adapted gradually to improve its fitness. Because of the many different traits 
with potentially conflicting requirements, among other factors, this optimisation process may appear 
onerous. Building on recent mathematical work connecting optima and simplicity, we here show 
that for certain generic phenotype fitness requirements — those based on physics and engineering 
principles — optimal phenotypic shapes will tend to ‘simple’, in the sense of low algorithmic or 
descriptional complexity. As a result, we argue that adapting to these types of generic fitness 
requirements will be a much ‘easier’ task for natural selection, compared to a null expectation based 
on arbitrary optimisation requirements. Further, selection’s task may be easier still due to the fact 
that optimal phenotypes for one set of generic fitness constraints may also be close to optimal for 
other generic constraints, such that adapting to one constraint yields the other ‘for free’.
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I. INTRODUCTION

Evolutionary adaptation is often viewed as an optimisa-
tion problem [1, 2], where the various traits of an organ-
ism are adjusted or ‘tinkered’ via natural selection, gradually
improving fitness levels. Because organisms consist of very
many traits, at many levels, evolutionary optimisation via
searches in high-dimensional genome space may be regarded
as a difficult task [3]. This is especially true if there are
trade-offs between optimising different traits, or historical
contingencies and developmental biases which limit accessi-
ble phenotypes [4].

Many aspects of an organism’s fitness are environment-
specific, for example an organism may evolve the ability to
digest some newly encountered food source, but this ability is
of little fitness value in the absence of that particular source.
As another example, traits that increase the fitness of bac-
teria at high antibiotic concentration levels often decrease
the fitness in the absence of the antibiotic [5], illustrating
environment-specific trait adaptations.

However, there are also many aspects of fitness that are
only weakly dependent on the specific environment in which
an organism inhabits, in particular when trait fitness derives
mainly from generic physics and engineering principles. For
example, for a molecule to have a high level of robustness
to genetic mutations, which is a generic fitness requirement
for most organisms [6], is a property dependent on chemistry
and physics laws. Also, mechanical stability is a generic fit-
ness requirement for plants (among other organisms), and
the constraints imposed by this requirement derive mostly
from physics and engineering considerations. These kinds of
generic fitness requirements are only weakly dependent on
the organisms specific environment.

In this letter we will focus on adaptation in terms of opti-
misation with respect to these generic fitness requirements.
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Further, we will confine ourselves to studying phenotype
morphologies, or shapes, and their levels of optimality with
respect to these requirements. That is, we will assume that
there is a large number of possible phenotypic shapes each
affording different fitness benefits to an organism. From
these shapes, we assume that natural selection will act to
find highly optimal shapes that afford a high level of fitness
benefit, and that the benefit derives from generic fitness re-
quirements. In this setting, building on recent algorithmic
information theory work in optimisation [7] and evolution [8],
we will here argue for a ‘fit is simple’ claim, and also that
these types of simple and ‘fit’ phenotypes are easy to adapt
to. Hence evolutionary optimisation may be easier than it
might at first appear, for the types of problems we study
here.

II. THEORY

Optima and simplicity: We will begin by briefly reviewing
some relevant theory and then follow this by demonstrating
how the ideas relate to fitness and optimisation in evolution.

Algorithmic information theory (AIT) [9–12] concerns
the information content of mathematical objects, such as
numbers, patterns, graphs, discrete geometries, shapes, se-
quences, etc. In AIT, information content is defined by Kol-
mogorov complexity, which quantifies the amount of infor-
mation required by a program, algorithm, or set of instruc-
tions to describe an object. Hence Kolmogorov complexity
is also known as descriptional complexity. Simple patterns
like x = ababababababababababababababab can be described
via short programs (eg “print ab 15 times”), while typical
irregular patterns do not admit such brief and succinct de-
scriptions, and are hence deemed to have high descriptional
complexity. Measuring information content with Shannon
entropy is well known in evolutionary biology [13], and al-
though descriptional complexity is related to Shannon en-
tropy, it differs in that the latter is only defined with respect
to some probability distribution.
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A mathematical result [7] connecting optima and simplic-
ity, which this work builds on, is outlined now:

(1) Assume we have a large collection X of different possi-
ble shapes (ie discrete geometries, configurations, patterns,
sequences, etc) and some objective function f(x) which is to
be maximised over the elements x ∈ X . If the function f(x)
is ‘simple’ in the sense of low descriptional complexity, then
the optimal shape x∗ must be ‘simple’ (as well as other close
to optimal shapes).
(2) Assuming the same conditions as in (1), if some shape x∗

is optimal for f(x), then it is more likely to also be highly
optimal for a different simple function g(x), as compared to
what would be expected for typical arbitrary functions.

See ref. [7] for details, a formal statement, and a proof.
For the function f(x) to have low descriptional complexity,
we must be able to describe it precisely, succinctly, and un-
ambiguously. Common laws of physics fall into this category
[7]. In reference to (2), “expected for typical arbitrary func-
tions” refers to the fact that if f(x) and g(x) were arbitrary
functions, then for one shape to be highly optimal for both
functions would be extremely unlikely, due to the large num-
ber of possible shapes in X . The situation is very different
when the functions f(x) and g(x) are not arbitrary, but in-
stead are known to be ‘simple’ functions, in which case the
probability may be much higher. The intuition behind these
results is that “the optimal shape for function f(x)” is a very
short description of the optimum x∗, and hence it must have
low descriptional complexity, as long as the function f(x) is
also simple.

Simple optima in biological evolution: To connect now
to evolution and adaptation, let us represent some set of pos-
sible phenotypic shapes with the collection X . Assume that
the fitness of an organism would be increased if the value
of f(x) increases, and hence that natural selection would
search the elements in X for gradually more optimal pheno-
types, with higher values of f(x). In general, f(x) may be a
very complicated function taking into account all manner of
environmental factors. In this case, it is hard to make uni-
versal statements about the properties and types of x that
would result from selection. However, we propose that in bi-
ology, many — but certainly not all — fitness requirements
derive from generic physics and engineering requirements.
Examples of these generic fitness requirements include the
need for thermal and mutational robustness in biomolecules,
mechanical stability in plants, large surface areas for plants
to capture sunlight, efficient information flow in biological
networks, etc. These generic fitness requirements can often
be described by a few equations, and are thus ‘simple’ in the
AIT sense.

If we restrict ourselves to studying those aspects of fitness
that rely only on generic physics and engineering constraints,
then f(x) will typically be a low complexity function. In
this scenario then, we can invoke the optima-simplicity re-
sult outlined above in (1), and therefore infer that highly
optimal phenotypic shapes will have low descriptional com-
plexity, ie be ‘simple’. Further, applying (2) now in our bio-
logical context, we infer a null model expectation that some
phenotypic shapes that are highly optimal for one set of ‘sim-
ple’ constraints will be highly optimal for a different set of
‘simple’ constraints more often than would be expected for
arbitrary constraint functions.

As a side comment, (1) can be seen to be related to the
fact that because natural selection can be viewed as taking
information from the environment and coding it into genome
[14], it is intuitive that if the environmental constraints rep-
resented by f(x) have low complexity, then the optimal phe-
notype x∗ for the simple environment will also have low de-
scriptional complexity. Result (1) can perhaps also be seen
as a generalisation of the proposal that symmetry in organ-
isms is a response to symmetric mechanical forces [15].

Note that low descriptional complexity does not always
correspond to simple, regular, or symmetric forms [12].
Nonetheless, it was argued [7] that for the types of prob-
lems relevant in natural sciences, this correspondence can be
expected to be commonly observed.
Optimal, simple, phenotypes may be easy to ‘find’:
We have argued that fitter phenotype shapes for generic
engineering-based requirements are expected to have low in-
formation content, and be ‘simple’. Recently in ref. [8] we
showed mathematically based on AIT arguments (Cf. ref.
[16]) that during evolutionary searches in genome space,
‘finding’ short and simple programs is much easier than find-
ing longer ones. Hence there is a simplicity bias [16] which
biases evolution towards simpler, more symmetric, or regu-
lar morphologies (see also ref. [17]), and simple phenotypes
are generally easier to adapt to. Earlier, Wolfram speculated
that some of the simple and regular shapes in biology may
be due to the fact that these require only short and easy to
generate biological algorithms [18]. In brief, then, we claim
here for a restricted class of adaptation problems, that op-
timal shapes are likely to be simple, and simple shapes are
likely to be easy to adapt to.

Note that our claim ‘fit is simple’ is not the same as ‘simple
is fit’. There may be many simple phenotype shapes which
are very suboptimal [7]. Hence the simplicity bias does not
always bias the search towards more optimal shapes, but we
argue that it will do so more often than expected for arbitrary
constraint functions. This matter is related to that of low
complexity, low probability shapes [19, 20].
Complex optima in biological evolution: There are
very many cases in biology where simple phenotypes will not
be more advantageous. If the environment is complex, and
fitness does not depend primarily on generic physics based
criteria, then phenotypic complexity will often tend to in-
crease via selection [21]. As an example, Carothers et al
[22] suggested that there might be a general positive rela-
tionship between the complexity of RNA aptamer structures
and their functional activity, ie fitness. However, because an
aptamer’s functional activity is largely determined by how
well its shape binds to some other specific molecular shape,
this shape requirement is evidently not a generic require-
ment (to which our arguments apply), but instead a highly
environment-specific one. Hence this apparent counterexam-
ple to our claim that ‘fit is simple’ in fact only illustrates a
case where the environment is complex, leading to a complex
optimal shape.

III. SUPPORTING EXAMPLES IN THE
LITERATURE

We now survey several examples from the literature that
lend support to our hypothesis that ‘fit is simple’. Addi-
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tionally, some of these examples also illustrate cases where
shapes simultaneously are optimal, or close to optimal, for
more than one fitness-related constraint function.

Lattice proteins: Lattice proteins are a well-studied and
idealised model of protein folding. A protein is represented
as a chain of balls and links, which is restricted to sit on a
rigid lattice. It is known that the most designable proteins
(ie those absorbing the largest number of possible genotype
sequences) have simple and regular shapes [23, 24], and at
the same time are fast folders [25], fast unfolders [26], ther-
mally stable [23], highly evolvable [6], and highly mutation-
ally robust [27]. Relatedly, in a simple continuum model of
protein folding, kinetic optimisation was linked to symmetry
of ground state fold [28]. So we see that simplicity is re-
lated to several generic physics-based fitness-related optimal
properties.

Natural proteins: In natural protein tertiary structures,
designability and thermal stability are also linked [29]. Due
to the connection with thermal stability, England et al [30]
point to designability as an important component of protein
fitness. Further, significant associations among structural
designability, folding rate and intrinsic disorder also exist
[31]. Additionally, in ref. [32] it was reported that muta-
tionally robust proteins tend to be more symmetric and also
more compact.

Branching morphologies: Branching and fractal patterns
are common in many organisms. Examples include fly tra-
chea, mammalian salivary glands, and lung and kidney pat-
terns [33]. These types of patterns are regular, repeating,
and hence ‘simple’ in terms of descriptional complexity [34].
At the same time, such branching and fractal patterns are
highly optimal for minimising energy loss and maximising
space filling and surface area, which are biologically impor-
tant [35] and hence related to fitness. Again we see examples
of optimal shapes, which are also simple.

Cell lineages: Azevedo et al [36] suggest that simpler and
regular metazoan cell lineages might develop faster, afford-
ing a fitness advantage. This suggests a beneficial fitness
correlate of simplicity.

Plant morphology: Niklas [37] points out that the rela-
tive fitness of different plant morphologies (ie shapes) can
be evaluated using basic physics or engineering principles.
Important fitness constraints such as light interception, me-
chanical stability, ability to disperse spores, and conserving
water are all related to general physics principles. Niklas
noted that optimal plant morphologies in computer simula-
tions are “comparatively simple in general appearance”.

Strategy: In Axelrod’s well-known Prisoner’s Dilemma
game theory tournament examining the evolution of coop-
eration, the winning (ie ‘fittest’) strategy was Tit-for-Tat,
which was described as being extremely simple [38, 39]. This
is a noteworthy example, because a strategy is not a pheno-
typic ‘shape’ exactly, but nonetheless can be rationalised via
our information arguments. Later, Novak and Sigmund [40]
developed another strategy, Pavlov, which outperformed Tit-
for-Tat, but this new strategy was also noted to be extremely
simple. The authors observed that very simple strategies

may be expected to perform well in a wide variety of situa-
tions.
Scale free biological networks: Many important net-
works in biology have scale-free structures. Because of their
ordered architectures, these networks have relatively low de-
scriptional complexity. At the same time, they have many
features that are positively linked to fitness-related proper-
ties of the networks, including responding quickly to exter-
nal changes [41], being highly efficient [42–44], homeosta-
sis against random failure [45], enhanced signal processing
speed, computational power, and synchronizability [46], high
error tolerance [47], good performance in uncertain environ-
ments [48], stability when new nodes are added [49], and
evolvability [50].

The preceding showed varied examples where ‘fit is sim-
ple’. We suggest that our mathematical theory given above
rationalises these cases of optimal phenotypic shapes and
forms, and their connection to simplicity.

IV. DISCUSSION

We have proposed a theory that for certain phenotypic
traits, especially shapes or forms, optimal traits with respect
to generic physics and engineering based constraints will tend
to be ‘simple’ in the sense of having low descriptional com-
plexity. Because low complexity shapes are expected to be
easier for evolutionary searches to generate, here we argued
that evolutionary adaptation to such constraints presents a
relatively ‘easy’ task for natural selection. Supporting our
mathematical arguments, we surveyed published examples
according with our ‘fit is simple’ hypothesis. Some of these
examples also appeared to illustrate the finding of ref. [7]
suggesting that, some simple shapes can be highly optimal
for multiple constraint functions. This multi-benefit prop-
erty may also aid in evolutionary adaptation, by yielding
other fitness related benefits ‘for free’.

Although our work here posits a relationship between some
specific types of phenotypes and fitness constraints, outlin-
ing a general relationship between simplicity, complexity, and
fitness in evolution is not straightforward. In ref. [8] it was
suggested that simplicity bias at the molecular level may fa-
cilitate the evolution of complexity at higher levels, which
might aid fitness increases. On the other hand, simplicity
bias may presumably hinder the evolution of the aspects of
fitness for which higher complexity molecular shapes are ad-
vantageous. See refs. [51–54] for more discussions on when
morphological (a)symmetry affords selective advantages.

Algorithmic information theory arguments applied in this
work have yielded somewhat surprising conclusions of inter-
est to evolution theory. Future work should utilise this rela-
tively unexplored information perspective on evolution and
biology.
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