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Abstract

Homeostasis is constancy in the face of perturbation. Theegat was originally
developed to describe the fixed internal environment of gamsm and this descriptive
view of homeostasis has been prevalent in the literatureveder, homeostasis can also
be seen as the dynanpoocessof self-regulation and as such it is an organising principle
by which systems adapt their behaviour over time. In thisigwee adopt this causal view
of homeostasis and develop a theory of homeostatic adagytstems.

We study homeostatic adaptive networks by looking at seeamples of homeo-
static systems: the Homeostat, homeostatic plasticitgural networks, and homeostatic
regulation of the environment by the biota. Investigatidnhese case studies forms the
basis for the development of a generalised theory of horagostdaptive systems.

The Homeostat was an electromechanical device designed Rp¥¥ Ashby to demon-
strate the principle of ultrastability, where the stapilitf a system requires homeostasis
of essential variables. Ashby put forward a theory of manmendearning as a process of
homeostatic adaptation that was based on the idea of tlstalbie system. Here we de-
velop a simulated Homeostat and explore its properties asrebstatic adaptive system,
looking at its ultrastable nature and its ability to adapgtternal perturbations.

The second case study, neural homeostasis, has recentlabegic of much interest
in the neurosciences, with new data being presented cangeire existence and func-
tioning of a variety of mechanisms by which neural activéyrégulated. Homeostatic
plastic mechanisms prevent long term quiescence or hym#aéon in biological neu-
rons and this suggests that such mechanisms may be usedéedls®lproblem of node
saturation in artificial neural networks. Here we develomkostatic plastic mechanisms
for use in continuous-time recurrent neural networks, @ kihnetwork often used in evo-
lutionary robotics, and study the effect of these mechasismnetwork behaviour. Node
saturation effects can make these networks difficult tovevak robot controllers and we
also look at the effect of homeostatic plasticity on evoiligb

The third case study is the evolution of homeostatic reguradf the physical environ-
ment by the biota. The Gaia theory states that life reguliiegntire biosphere to condi-
tions suitable for life, but the general concept of biol@jiegulation of the environment
is applicable on a variety of scales. However, there are nlagmretical issues concerning
the compatibility of environmental regulation with evaobnary theory. Here we develop
a modified version of the Daisyworld model and use it to deteenthe compatibility of
global regulation with individual selection. We show thagulation in Daisyworld de-
pends on several key assumptions and fails if these assumsre removed. We develop
the Flask model, in which environmental regulation by mitabcommunities evolves as



a result of multi-level selection, in order to show how regjidn can occur when the core
assumptions of Daisyworld are relaxed.

At the end of the thesis we try to draw some general conclgstomcerning homeo-
static adaptive systems. We consider the adaptive and retateoproperties of each of
the case study systems, and then generalise from thesests@ive principles of home-
ostatic adaptation. Our analysis shows that perturbatmassystem can be classified in
terms of their effect on homeostasis, and that the abilitg system to adapt to a pertur-
bation and maintain homeostasis depends on the varietgpbnses it can produce. We
argue that parameter change caused by a loss of homeostasescorganisation death’
in a homeostatic adaptive system, where the system doesivotesin its current form.
This suggests a view of learning and evolution of organissnsegond order homeostatic
adaptive processes.
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Chapter 1

Homeostasis as an organising principle

1.1 Heating the home

The occupants of a house with no mechanisms for alteringniieenal temperature are
subject to the whim of the elements. When the sun shines in surtiay will be too hot,
and when the wind blows in winter they will be too cold. InBteg central heating and
air conditioning allows the occupantsregulatethe temperature of the house by making
adjustments to the internal temperature when externalitond demand it. By switching
on the heating when it is too cold, or the air conditioning witas too hot, the occupants
can keep the house close to their desired temperature.

To avoid having to repeatedly make manual adjustments ttethperature, it might
be useful to install some form of automatic device that widinitor the temperature and
make adjustments as necessary. Such a device, togethetheitieating and air con-
ditioning systems, would make the housemeostatic Temperature within the house
would be controlled by a process of dynamic self-regulatibhe occupants of one par-
ticular house narrow down their options to a choice of twoidew for the automatic
temperature monitoring and adjustment role. One devicetieanostat, and the other
a Trial-o-maticM. Both devices connect to the heating and air conditionirajesys to
make the house homeostatic, but each has different steagthweaknesses.

The thermostat continuously monitors room temperature gatdcts any deviation
from the desired level. If temperature drops, the therntastatches on the heating; if
temperature rises, the thermostat activates the air dgondig. The major selling point
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of the thermostat is its efficiency; when correctly wired livays picks the appropriate
mechanism to counter-act any deviation from the optimalpemature. However, the
thermostat has some limitations that arise from its fixed enofioperation. Suppose
that the thermostat is wired up incorrectly to the heating ain conditioning systems, so
that their connections are switched. Now when the housedisadtd, the thermostat will
activate the air conditioning, thus making the house coliben the house is too hot, the
thermostat will switch on the heating and make it hottet.sfihe regulatory system is
broken, and there is no way for the thermostat to remedy thatsn.

The Trial-o-matic is a different form of controller to theetmostat. It monitors the
temperature of the house and responds to any deviation fierddsired level by activat-
ing either the heating or the air conditioning system, laitfioice of which system to use
depends on its history. When newly installed, the Trial-dimeesponds to every tem-
perature deviation by activating at random either the hgatr the air conditioning, and
then waiting for a period to see if this action has had therddffect. If the temperature
has returned to the desired level, the Trial-o-matic svetcthe system off and records
which system it used to correct that sort of deviation. Altdively, if the temperature is
still not at the desired level, the Trial-o-matic repeats tandom selection process until
eventually the deviation is corrected. Over time the lisgtrmdwn deviation-response pairs
grows, so that the Trial-o-matic is often faced with tempa@n@changes it has experienced
before; when this occurs it consults its memory to find theetirresponse. In this way,
the Trial-o-matic slowly ‘learns’ the responses needecetiutate the temperature of the
house and improves its efficiency.

While the thermostat is efficient but vulnerable to mistake#s wiring, the Trial-
o-matic is initially inefficient but able to adapt to differewiring schemes. Both the
thermostat and the Trial-o-matic act to maintain homedastagsoom temperature, but do
so in different ways. Each method has its strengths and vesales, which result from
the different mechanisms they use to adapt to perturbations

In reality, central heating in the home is a well understoozbfem and it is unlikely
that there would ever be a need for a reconfigurable contrslleh as the Trial-o-matic.
Thermostats are reliable and effective, and there is no faedn alternative method
of temperature regulation. However, homeostatic regutais not always a simple pro-
cess, easily implemented with a thermostat. For examplenvadesigning systems that
are more complex and less well understood than centralriggatimay not be possible
to specify in advance the necessary responses needed tateegwariable. This kind
of situation may require a more sophisticated regulatorghmaism that can adapt its re-
sponse. Also, when seeking to understand homeostatiasy#tebiology we can observe
that evolved biological systems are likely to be messy amdiegent on their evolution-
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ary history, making regulation in these systems inefficard dependent on mechanisms
that did not originally evolve for that purpose. These olzaBons mean that homeostatic
adaptive systems are not necessarily easy to understargirapkd to design. There is a
need for a better understanding of how homeostasis can lievadhin complex systems.

1.2 Overview

This thesis looks at homeostasis as a cybernetic orgarpsingiple. It considers home-
ostasis not as a purely descriptive property, but as a psagiedynamic self-regulation
that shapes the behaviour of a system. We will study therdiffeforms of adaptive
mechanism that can lead to homeostasis, their similaatieistheir differences, by look-
ing at three example homeostatic adaptive systems: the btate neural homeostasis,
and environmental regulation by the biota. We will then #hwh these case studies to
try and form a general theoretical understanding of the @rtigs of homeostatic adaptive
networks.

This chapter first of all gives some historical backgrountheconcept of homeosta-
sis and offers a few examples of homeostatic systems. Newxe soncepts related to
homeostasis are defined, with reference to a toy model of amalrhomeostatic system.
This is followed by a statement of the research aims of theishéogether with a brief
introduction to the case study systems that provide the blitke thesis material. The
chapter concludes with a few comments on methodology antelayout of the thesis.

1.3 Homeostasis

1.3.1 A brief history of homeostasis

The termhomeostasisvas originally coined in 1932 by Walter Cannon [26], but the-co
cept owes much to the earlier work of Claude Bernard (1813184 French scientist
who was perhaps the first to recognise that organisms maiataear-constant internal
environment despite changing external influences. Betriaandusly wrote that “La fixig

du milieu in€rieur est la condition de la vie libre”, which translates &ise fixity of the

internal environment is the condition for free life” [20]. @aon, an American physiolo-
gist, derived the terrhomeostasifrom the Greekhomo(same, like) andtasis(to stand,

posture). Cannon used the term to describe the propertigalufity and constancy that
he observed in living organisms. Cannon studied the abifiying organisms to regulate
their internal environment, detailing many of the mecharsidy which various elements
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in the human body are regulated in his book ‘The Wisdom of tbdyB[26]. These in-
cluded regulation of body temperature through the skinulisggon of blood glucose by
the liver and pancreas, regulation of water content by tdadys, and the role of stimuli
such as hunger and thirst in ensuring the supply of necegsaigrials.

Homeostasis remained a physiological term until WillianmsRé&shby, a British cy-
bernetician, proposed an alternative view of homeostasisimplicated the regulation
of ‘essential variables’ in the generation of behaviour. [Ashby developed the linked
concepts ofultrastability and homeostatic adaptatioas an explanation of learning in
organisms and machines (these concepts will be explaited.laAshby’s ideas were
theoretically advanced, but their development was hirdlbyethe resources available to
him; only recently with the advent of easily available corgtional power are his ideas
beginning to be explored [46].

It is Ashby’s concept of homeostasis as a dynamic adaptivegss that we are most
concerned with here, but it is interesting to note that hosteesas is a widely recognised
phenomenon in a variety of fields. It is still seen primarisyaaphysiological quality, but
homeostasis has been applied and studied in areas as digeeselogy, control theory,
psychology, neuroscience, and transport.

1.3.2 Examples of homeostasis
1.3.2.1 Physiological homeostasis

Homeostasis as a concept was originally developed to destire internal constancy of
the human body, and it is in this area that most examples céouipel. Many aspects of

the body are regulated homeostatically, including bloadtgse level, body temperature,
blood water content, pH, etc. Physiological (and other) éostatic systems typically
function in the manner shown in Figure 1.1. Receptors detetiange in the level of the
target variable and trigger a compensatory action in effsctThere may be a variety of
different receptors and effectors involved in the regolaif a single variable. For exam-
ple, body temperature homeostasis involves detectorginythothalamus and in the skin,
and several different effector mechanisms (Figure 1.2)s tommon for a homeostatic
system to use different mechanisms to move the target Varinlopposing directions.

Blood glucose level is controlled in the pancreas by two hmres, insulin and glucagon.
Insulin decreases the level of glucose in the blood, whileagdon raises the level of glu-
cose in the blood. Changes in blood glucose concentratiodedeeted in the pancreas.
If glucose level falls too low, then the pancreas secretesagon, while if glucose level

rises too high, the pancreas secretes insulin (Figure PRysiological homeostasis can
involve both behaviour and internal mechanisms. For exaptple amount of water in
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Figure 1.1: Physiological homeostasis. Deviation of adiadétom the normal level
is detected by receptors that trigger effectors to compgensad return the factor
to its normal level. Diagram reproduced with permissionnirattp://www.biology-
online.org/4/1physiologicalhomeostasis.htn24th January 2006.
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Figure 1.2: Thermoregulation involves a variety of differeeceptors and effectors.
Changes in temperature are detected by receptors in the s#tihypothalamus, which
trigger compensatory changes via effectors in skin and feusBiagram taken from
http://www.biologymad.com/Homeostasis/Homeostasis 24th January 2006.

the blood is regulated via the hypothalamus both by triggesensations of thirst and by
controlling the reabsorbtion of water from urine.

1.3.2.2 Ecological homeostasis

The most famous example of ecological homeostasis is tha tBaory [116], which
postulates global regulation of the environment by theaidsaia theory states that the
collective effect of the interactions between the biotatwedohysical environment will be
such that the biosphere is homeostatically regulated imgerauitable for life. This con-
troversial theory has slowly become more accepted by tlemgtic community, although
uncertainties still exist, particularly concerning thexguatibility of the Gaia hypothesis
with evolutionary biology. Gaia theory will be covered in realetail in Part IV of this
thesis.



Chapter 1 7 Homeostasis

1404

120

100

insulin

glucagon _ - glucagon

insulin sat

“point

80—

B0

gluerse absorherd
glurnse absorber

404

meal

meal

glucose—ghyeageny
glurnse—sghyeogen

hyogen—glicass

204

blnod glucose eoncertration (mg 100cm™

a T T T T T T 1
Tam Bam 9am 1am 11am 12am 1pm 2pr

Figure 1.3: Blood glucose homeostasis uses different nmsims to move the target
variable in different directions: insulin and glucagonreted in the pancreas counteract
changes in blood glucose level by adjusting it downwardsupwiards respectively. Di-
agram taken fronmttp://www.biologymad.com/Homeostasis/Homeostasis 24ith Jan-
uary 2006.

Another way in which homeostasis is thought to be expressad acosystem level is
in regulation of the population size of a species by densfyethdent factors [19]. These
might include limited food supply, predation, disease, #étthe population density of a
species affects either its birth rate or death rate, there tvél be some equilibrium value
for the population size when birth rate is equal to death aae the population size is
stable. Below this equilibrium, the population will incesa while above it the population
size will decrease. Thus density dependent population thrasva form of ecological
homeostasis.

A more sophisticated notion of ecosystem homeostasis i®puard by Trojan [166],
who considers ecological equilibrium as a form of homeastakrojan notes that when
an ecosystem reaches an equilibrium state, there will di'emechanisms by which
this state is maintained in the face of disturbance. In Trejaiew, the key regulatory
processes in an ecosystem are those protecting mattengyastid energy flow, primary
production level, and system structure. The structure efdbosystem is thus both the
mechanism and part of the target for homeostatic regulation

1.3.2.3 Genetic homeostasis

Lerner [112] developed a theory of genetic homeostasisghvhe described as the ten-
dency of Mendelian populations to maintain a constant geleimposition in the face

of external pressure. Lerner noted that although seledjmrates on the level of in-

dividuals, a by-product of segregation is that gene poaid te become integrated and
maintain an optimal balance of gene frequencies at difféoen When subjected to pres-
sure, such as that from artificial selection experiments éiea where most of Lerner’s
data came from), genetic homeostatic mechanisms actesttweeany frequencies which
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have shifted from mean optimal values.

1.3.3 Homeostasis as an organising principle

Homeostasis is a widespread phenomenon, with many morepdesithan the few given
above. There is considerable variety in both the targetgtachechanisms of regulation,
and in the physical and temporal scales of different honagicstystems. In this thesis we
are interested in homeostasis as an organising princlpdéjg, as a force that can shape
the dynamics and behaviour of a system. This view moves amaythe more traditional
view of homeostasis as simply a property displayed by aettgoes of system; we want
to move away from this descriptive viewpoint towards a caod homeostasis that gives
it a causal role in the development of systems over time. fecethis switches from an
‘adjective’ definition of homeostasis to a definition thatats it as a verb.

Consider the alternative devices for regulating room terajpee that were discussed
in the anecdote given at the start of this chapter. Both thentbstat and the Trial-o-matic
maintain homeostasis in temperature by triggering thevaiobin of either the heating or
the air conditioning systems when a deviation in tempeeatgcurs. However, apart
from this high level similarity, the two regulatory mechamis are qualitatively different
in nature. The thermostat has a fixed response, in that iiwiays respond in the same
way to a given ambient temperature. Since this response éas tesigned to move
temperature towards the desired target level, the theahsvery efficient. However, it
is also brittle, so that any error in its wiring will lead to ailire of regulation. The Trial-
o-matic, by contrast, has a response that varies over time‘laarns’ to regulate the
house, so that it might give a different response to the semeérature on two different
occasions. Its design is such that its response should wrepreer time, as it records
more effective temperature-response pairings. The amal-error method by which the
Trial-o-matic acquires better responses means that ik&ylito be inefficient early in
its operational lifetime, but offers the advantage of rabass. Because it has no pre-
ordained responses, it will adapt to being wrongly conreetteits heating and cooling
effector systems.

The thermostat can be seen as an elastic system, where sharfgghaviour have no
persistent effect. Its behaviour may change temporarilgdmommodate a perturbation,
but when the temperature is restored to the desired levelhtiienostat will return to
a resting condition identical to its original state. ThealHo-matic, however, is a plastic
system, where changes can be persistent. The Trial-o-maticent behaviour can affect
its future behaviour, so that its behaviour at any point metiis a function both of its
current environmental stimulus and of its operationaldnst
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Elastic homeostatic systems are well studied and includst wiothe physiological
examples of homeostasis given above. This form of homeosiatem is the domain of
control theory, where explanations often involve negateedback loops. Plastic home-
ostatic systems are much less well studied. Plastic homostlystems change their
behaviour semi-permanently or permanently depending ein pinecise formulation, and
this means that their continual drive towards homeostasi$arce that shapes their organ-
isation over time. The persistent changes to the systenottair as the system attempts
to regulate its target variables have an effect on its subs@gbehaviour that will last
until over-written by some future changes.

It is plastic homeostatic systems that are the topic of tiesis. We will look at three
examples of plastic homeostatic systems as case studiéshem look for any system
features or properties that are general to all. The three saglies are the Homeostat,
homeostatic plasticity in neural networks, and environtaleregulation by the biota.

1.3.4 Definitions

Before we proceed, we must first of all attempt some more oigedefinitions of home-

ostasis and related concepts. While definitions make noreifte to the behaviour of
a system, precise terminology will be of use when trying tonpare and contrast the
different case study systems in the final stages of this stddye we present some defi-
nitions of various forms of homeostasis, followed by somanegles based on a minimal
homeostatic system.

It is not straightforward to give a rigorous definition of heostasis that clearly dis-
tinguishes it from related concepts such as negative feddbasystem stability; the
definitions given below represent our best attempt. Theoweslap between these con-
cepts, and there is a danger of lapsing into arbitrary seicganthen trying to separate
them. Homeostatic systems can display negative feedbatkeed not do so. Homeo-
static systems show stability, but the term homeostasiiesimore about the nature of a
system than just stability. In the interests of avoidingragtéy linguistic discussion and
retaining an effective terminology, we will here give a setlefinitions that is pragmati-
cally focussed on ease of use and clarity. At all points dytimis thesis, systems that are
described as homeostatic will also be described matheatigitend mechanistically, so
that no confusion over function should arise.

1.3.4.1 Homeostasis

Homeostasiss the maintenance by some mechanism(s) of a variable vattarget range,
in opposition to forces which would otherwise cause thealde to leave that range. A
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Figure 1.4: A homeostatic system consists of a reacting (Bt which is continually
interacting with its environment5NV). This interaction determines the values of a set
of essential variables/). The regulating part consists of a detector mechani3&T)
which detects deviations of the essential variables frosir tArget range, and an effector
mechanismEFF) which acts on the parameters of the reacting part. If theleggr is
effective the essential variables are brought back intsmbdewafter any deviation. There
are two feedback loops, one the continual interaction betwtbe reacting part and its
environment, and the other an intermittent feedback aetieen the essential variables
are out of bounds.

homeostatic system consists of a reacting part by whichytbies interacts with its envi-
ronment, a set of essential variables which are the targeégalation, a target range for
each essential variable that defines the boundaries of hsiase®, and a set of regulatory
mechanisms which maintain the essential variables witbinds. Every homeostatic
system is co-defined with a source of perturbations that evoalse a loss of homeosta-
sis of essential variables if not counter-acted by the sguwy mechanisms. This scheme
is shown in Figure 1.4, and is related to Ashby’s concept efutirastable system (see
Chapter 2).

Homeostasis is achieved when all essential variables aigeithe target range, and
homeostasis is lost when an essential variable moves eut§ithe target range. A def-
inition of homeostasis as the static condition of havingeaential variables inside the
target range would be forced to label a system where esbkeatiables went temporarily
out of bounds as non-homeostatic. By emphasising the dynaature of homeostasis
and viewing it as a process, we avoid such problems. Our tefinof a homeostatic
system is tolerant of the situation where an essential birigoes temporarily outside
of the target range but is then returned to the target rangbdogction of the regulatory
mechanism, so that a system where this occurs is still deisedhomeostatic system.

Homeostasis involves two feedback loops. One is the feddioap engendered by
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the continuous interaction between the reacting part oftrstem and its environment,
which is always active because the system is situated in trielwThe other feedback
loop is only operational when the essential variables goobbbunds, and involves the
regulator detecting this deviation and triggering a resgdn the reacting part which may
bring the essential variables back into bounds.

Each regulatory mechanism can be sub-divided into detaatbeffector sub-mechanisms.
Detectors discriminate between homeostatic and non-hstaigo states of the system,
while effectors change the behaviour of the reacting pathabhomeostasis is restored.

The environment is the source of perturbations to the sysiaalis also a ‘black box’
which translates the actions of the reacting part into tHeesof the essential variables.
It should be noted that the environment of a homeostatiesyss not necessarily the
same as the environment of any larger system of which the bstac system is a part.
For example, the environment of the thermoregulatory sgstemammals includes the
external environment as well as most of the body, i.e., @tesy components that are not
directly active in temperature regulation. The interacti@tween the active components
which form the reacting part of the homeostatic system (sscsweat glands, fat-burning
intracellular reactions, etc.) and the environment is wdetermines the temperature of
the animal. The regulator mechanism acts through the repprt, which in turn acts
through the environment to determine the essential vasabl

Homeorhesiss a special case of homeostasis where the target rangesdentel
variables may change over time. Regulation in a homeorkgsitem occurs around a tra-
jectory rather than a set point. For example, the automdlti¢ ip an aeroplane corrects
any deviation from the plotted course between two airpdrss course will involve sec-
tions with different compass headings and angles of assetiat the target of regulation
is constantly shifting.

1.3.4.2 Homeostatic adaptation

Homeostatic adaptatiois the process by which a system changes its behaviour so that
homeostasis is recovered after perturbation. Such adaptaay involve temporary re-
sponses in a system with no persistent effect, or may inwhamges with a lasting effect

on system parameters. In order to differentiate the twoselsof adaptation, we here
define elastic homeostatic adaptaticems adaptation that does not cause any persistent
changes in the system, apthstic homeostatic adaptaticas adaptation where there is a
persistent change in at least one part of the system. Elastieostatic adaptation means
that a system will return to its original state after a pdvation is removed, whereas plas-

tic homeostatic adaptation implies that the system willagnin an altered state after the
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Figure 1.5: A homeostatic system can have multiple homdostabsystems operating
concurrently. These may operate on the same essentiablemias other homeostatic
mechanisms, but need not have the same target ranges. [biws &r different mech-
anisms to be called into operation for deviations of différextremity. All homeostatic
feedback loops act on the same reacting part and environfikeatdiagram shows multi-
ple different regulator mechanisnmiB{E;, D2E>, ..., DNEn) creating multiple homeostatic
feedback loops through the essential variabiés (he reacting partRP), and the envi-
ronment ENV).

perturbation is removed.

We make a distinction between these two types of homeostdtagptation to avoid
any confusion that might otherwise arise from discussionadiptation’, ‘adapting’,
‘adapted’ and ‘adaptive’ behaviours. We define homeostadaptation as any process
by which a system changes its behaviour so that it moves froimnahomeostatic state
to a homeostatic state, with plastic and elastic forms ofdmstatic adaptation defined as
above.

1.3.4.3 Multiple homeostatic feedbacks

Multiple homeostatic feedback loops can regulate the sahefsssential variables in
a homeostatic system. These may have (but do not requife)atit target ranges for
the variables, and are differentiated by their regulatogchanisms (i.e., their detector-
effector mechanisms). All these homeostatic mechanistn@athe reacting part, except
in the special case of higher order regulation (see nextgctThis scheme is shown in
Figure 1.5.

1.3.4.4 Second order homeostasis

A homeostatic regulatory mechanism may itself be the stilojfea higher order homeo-
static feedback loop. In this situation a regulatory medraracts on the parameters of
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Figure 1.6: Higher order homeostatic feedbacks are passibivhich the target of the
higher order homeostatic mechanism is itself a homeostahanism at a lower level. In
this situation, all homeostatic mechanisms still monit@ same set of essential variables,
but the effector output of the higher order regulator me@ranacts on a lower level
regulator. This kind of arrangement can trigger changeswitegulation is accomplished
when a major failure of homeostatic regulation is detecté€de diagram here shows a
second order regulator mechanism acting on a first ordedatgucreating two tiers of
homeostatic feedback loops.

another regulatory mechanism. First order homeostaticham@sms act on the reacting
part, while second order mechanisms act on first order mésiman This definition can
be extended to thAl!" order. Both first and second order mechanisms are triggeyed b
changes in the same essential variables. A higher orderanesh is called into play
when there is a failure of regulation by a lower order mecsiamiwhich may be signified
by a continuing loss of homeostasis or a deviation of an uallyslarge magnitude. This
scheme is shown in Figure 1.6.

1.3.5 Examples from a minimal homeostatic system

Consider a simple system where the reacting part has a sitagéevariable< and the en-
vironment is experienced as another variaplehich changes periodically. The essential
variable results from the interaction between reacting @ad environment and is defined
as the producky. The regulator is composed of a number of conditional ruleshe
value of the essential variable. The ‘IF’ part of the ruleresponds to the detector in
Figure 1.4, while the “THEN’ clause corresponds to the a@fiec These rules alter the
value ofx dependent on the value gy. This system is shown in Figure 1.7.
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Figure 1.7: A minimal homeostatic system. The reacting pasta single state variabte
which interacts with the environment, represented by asemdariabley, to form a value
xyfor the essential variable. A conditional rule changegpendent ory. Depending on
the form of this rule, the system can display various formBarheostatic or homeorhetic
adaptation.

1.3.5.1 An elastic homeostatic adaptive system

Let x =5 at initialisation and ley be a randomly drawn integer value from the range
[0,10], wherey is periodically randomly reassigned. Then if we define tHe:ru

R: If xy < 40 thenx =x+1
Else ifxy > 60 thenx =x—1
Elsex=5

we have an elastic homeostatic adaptive system where thpet tange for the essential
variablexy is [40,60]. Outside this range directed changes are madestach thatxy is
adjusted in the correct direction to return to the targegearSincexis reset to 5 whenever
the system is returned to its homeostatic bounds, thereodesting changes to the system
resulting from a perturbation and the system displays ielasimeostatic adaptation.

1.3.5.2 A plastic homeostatic adaptive system

Let x = 5 at initialisation and ley be a randomly drawn integer value from the range
[0,10], wherey is periodically randomly reassigned. Then if we define aatan on the
previous rule:

R: If xy< 40 thenx=x+1
Else ifxy > 60 thenx=x—1
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we have a plastic homeostatic adaptive system with the sangettrange as the previous
system. In this case the value fois not reset to 5 when the essential variable returns
to bounds, so any changesxrare persistent and the system shows plastic homeostatic
adaptation.

1.3.5.3 A plastic homeorhetic adaptive system

Let x =5 at initialisation and ley be a randomly drawn integer value from the range
[0,10], wherey is periodically randomly reassigned. Further,2éte a variable governed
by the rulez; =t wheret is the time from system initialisation. Then if we define arul

R: If xy< (z—10) thenx=x+1
Else ifxy > (z+10) thenx=x—1

we have a plastic homeorhetic adaptive system. Changes maude ddaptive mechanism
are persistent, so the system shows plastic adaptationtafdpet range for the essential
variablexyis [z— 10,z+ 10] for a constantly increasing Since the target for regulation
changes over time, the system is homeorhetic, rather thanebstatic.

1.3.5.4 A homeostatic adaptive system with multiple hometetic feedback loops

Let x =5 at initialisation and ley be a randomly drawn integer value from the extended
range[0, 100, wherey is periodically randomly reassigned. Then the rule set:

R1: If xy < 200 therx =x+1
Else ifxy > 250 therx =x—1

R2: If xy < 50 thenx =x+5
Else ifxy > 400 therx =x—5

creates a plastic homeostatic adaptive system with meltipmeostatic feedback loops.
R1 defines one homeostatic loop with a target rangeyaf [200 250, while R2 defines

a second loop with a more relaxed target rangexfpof [50,400. This system would
regulatexy homeostatically to the inner range [#00,250, sinceR1 will continue to
be active until this range is reached. TR2 loop will only be active when the essential
variablexyis at very high or very low levels, but has a more powerful dav@gnechanism
which will bring xy inside its target range more quickly. Both tR& andR2 homeostatic
loops show plastic homeostatic adaptation since changgsihake tox are persistent.
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1.3.5.5 A second order homeostatic adaptive system

Let x = 5 at initialisation and ley be a randomly drawn integer value from the range
[0,100, wherey is periodically randomly reassigned. Then the rule set:

R1: If xy < 200 thenx =x+ &
Else ifxy > 250 therx =x— 9

R2: If xy < 50 orxy > 400 thend =5
Elsed =1

creates a second order homeostatic adaptive syRerspecifies a first order homeostatic
mechanism that will adjust to movexy towards the target range ¢200,250. If R1

is ineffective andky goes outside of the rangg0,400, R2 will amplify the adjustment
to x by a factor of 5 in order to returry to the target range more quicklyr1 is a first
order mechanism since the rule operates directly on thebiek. R2 is second order
since it operates on the parameter®Rio Also, R1 is a plastic homeostatic adaptation
process since the changes it makeg &re persistent, whil&2 is an elastic homeostatic
adaptation process since it makes a temporary change tatampters oR1.

1.4 Thesis outline

1.4.1 Research aims

The aim of this thesis is to study three example homeostdaptave systems: Ashby’s

Homeostat, neural homeostatic plasticity, and the bi@gulation of the environment.

These studies will be at two levels. Primarily the focus Ww#l on exploring each of the

systems in its own right, seeking to gain an understandingsadperation and further

scientific knowledge of its behaviour. A secondary focud kaél on comparative analysis
of all of the systems, seeking to identify their similaritiand differences, and to gain a
more general understanding of homeostatic adaptation Asearetic phenomenon.

The parts of the thesis will therefore have a dual existerda.the one hand, the
sections looking at each of the three example systems aignaelsto be self-contained
units, with their own research questions, experiments andlosions. On the other hand,
each section will also be of relevance to the encompassimgewfhe work presented in
each section will be guided by the material. Rather thareftine research in a section to
fit the straightjacket of the greater aim, it is the intentiere to follow the loose threads
of each topic to their logical conclusion. However, it isatbe intention at the end of
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the thesis to try and relate each topic to the broader questitd to elucidate conclusions
that are more generally relevant.

1.4.2 Case studies
1.4.2.1 Ashby’s Homeostat

The Homeostat was an electrical device designed by Ashbgrnmdstrate the principle
of ultrastability [7]. It consisted of four magnetic unitsrmected by circuits with variable
properties. Each unit was attached to a gauge, and each gadgetarget region for its
level of activation. When the activation of a unit was outfiéhis range the parameters
of the connecting circuit to that unit were altered at randtimis changing the way in
which it was influenced by output from the other three unitsft ko itself the Homeostat
would eventually settle to a stable equilibrium where thigpatiof all units was in bounds,
i.e., where homeostasis was maintained. The outputs ofrtite were the essential vari-
ables, and the system as a whole was ultrastable. The Hoamheolsbe explored in more
detail in Part Il.

We develop a simulated Homeostat that demonstrates how adstatic adaptive
system may be ultrastable, and how stability is affectedheysize of the system and
the tightness of the constraints. The ability of an ultlalgtasystem to accommodate
perturbations by homeostatic adaptation is also explored.

1.4.2.2 Neural homeostasis

It is increasingly recognised by neuroscientists thattasechanisms act in the brain to
homeostatically regulate levels of neural activity [37/]L6These mechanisms alter the
properties of neurons and neuronal networks, such as sgrmaptnection weights and
the intrinsic excitability of neurons, so that while therayrbe short term fluctuations
in neural activity, the long term mean firing rate of each wauends towards some set
point.

Homeostatic plasticity is a relatively new area of studyhe nheurosciences. It is
thought to play an important role in counter-acting the detising positive feedback
effects associated with other forms of neural plasticitgisas Hebbian learning, but its
precise functioning and mechanisms are yet to be fully dateid. The network-level
effects in particular remain to be explored.

Here we approach homeostatic plasticity from the viewpoimeural robotics, which
allows the study of its effects at a variety of different lsyérom individual nodes through
to a complete behaving agent interacting with the world ngsi highly abstracted neural
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model, we demonstrate that homeostatic plasticity makdssiand networks more sen-
sitive to input, improves signal propagation, and makedlatary dynamics more likely.
From an engineering standpoint, we show that it may have lbetieficial and detrimen-
tal effects on the evolvability of networks for robot contrdVhile the simplicity of the
neural model employed here is well removed from its biolagaounterpart, we draw on
our results to speculate on the functioning and role of hatatiz plasticity in biological
neuronal networks, suggesting that the current neurosititceview may be incomplete.

1.4.2.3 Environmental regulation by the biota

The Gaia hypothesis [116], which suggests that the bioteatolely regulate the envi-
ronment to conditions suitable for life, has been the cafiseuzh controversy. Much of
the debate concerns the compatibility of Gaia theory witbl@ionary biology. The idea
that the biota can evolve to collectively regulate the emvinent seems to run counter to
selfish Darwinian adaptation, implying teleology or growgbestion. Some of the criti-
cisms of Gaia have been rebutted, while others remain. Timeadgjuestion is how global
regulation might be explained by selection acting on irdinals, and it is a question that
has yet to be answered.

With the aim of studying environmental regulation by thethim general, we here
approach this topic by looking primarily at Gaia theory. &fieally, we review exist-
ing models and then develop a simplified version of the Daisidv{183] model. We
use this model to replicate known Daisyworld results anddnegate some new results
concerning the importance of evolutionary constraintségulation. The effects of relax-
ing the core assumptions of the Daisyworld model are exglabowing that successful
environmental regulation relies on several key assumgtishich may or may not be
present in nature. A new model, the Flask model, is then deeel with the intention
of demonstrating the compatibility of environmental reggidn with Darwinian evolution
in a model which relaxes several of the key Daisyworld asgiong. Preliminary results
from the Flask model are given, allowing a strong argumenrtdaconstructed for the
evolution of regulatory feedbacks.

1.4.3 Methodology

The experimental work presented in this thesis relies ousition modelling and some
justification of this approach is given here.

Computer simulations are no longer a new technique and hareusefully employed
In many situations. We can categorise simulation modelalsd into two main classes,
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which we can call ‘engineering simulations’ and ‘compuatl thought experiments’. It
is the latter class which concerns us here.

Engineering simulations are the least controversial oftthe types of simulation
model. They are typically used to optimise some feature adah world systemn sil-
ico before its physical construction. For example, the aeradyins of a car can be tested
in simulation prior to more costly wind tunnel experimerEngineering simulations use
accepted knowledge about the world to determine the imjubica of a particular configu-
ration of a system. They derive new data, without necegsgeiherating new knowledge.

Computational thought experiments are a more recent usemgater models and are
often regarded with more suspicion than engineering sitiaula. The basic idea is to test
the logical validity of a particular set of assumptions afdwaw a real world phenomenon
occurs. For example, a researcher might think they undedstaw flocking behaviour
occurs in birds and decide to test their model by instamiggaii as a simulation. If the
simulation is based on sound assumptions and flocking betvaid observed, then the
researcher’s theory of flocking is logically consistent &mtomes a live hypothesis for
testing by a field biologist. If flocking behaviour is not obgsd in the simulation, the
assumptions of the model are not sufficient and the model beusgvised.

The use of thought experiments using pen and paper is antadcgart of scientific
progress. Thought experiments using computer simuladoaso more and no less valid
than their armchair equivalents. The utility of simulatiorodels lies in their ability to
capture more complex phenomena than is possible with perpapéer. The computa-
tional power of a simulation allows more entities to be mézteland easier testing of
different sets of parameters. Simulation models have besaoribed as ‘opaque thought
experiments’ [51], recognising that the phenomena they#fien used to model are too
complicated to be tractable by conventional thought expenis.

It should be remembered that simulation models can neveepmay theories about
the real world, but also that this is not their aim. Theirityils in forcing the explicit
statement of the assumptions of a theory and in allowing #sy @bservation of the
implications of these assumptions. The logical consistef@ theory can be tested and
refined by simulation modelling, in order to create valid bgpeses for empirical testing.

The complexity of the systems studied in this thesis netassithe use of simulation
models. The Homeostat, neural networks, and the Earthrayste all complex systems
that are opaque to armchair thought experiments.

In the case of the Homeostat, the model Homeostat we desha a true simulation,
since it does not pretend to model some real world systemshanm iactual instantiation
of a simple ultrastable system. The same partially appbethé¢ neural networks used
in Part Ill. While inspired by biology, they are in themselvesl instances of a class
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of computer program often used for robot control, at the same as being simulacra of
biological neuronal networks. The Gaia models used in Raaré more traditional simu-
lations in that their interest comes from their interpretaias simulacra of real biological
systems.

1.4.4 Thesis plan

This thesis is divided into five parts which reflect the logjistucture of the material
presented. Parts I, Ill and IV cover the three case studiesasie intended to be self-
contained. Part Il covers the Homeostat, Part Il covergaleuomeostatic plasticity,
and Part IV covers environmental regulation by the biotachEease study begins with
a review of the relevant literature and background matedore outlining the research
guestions to be answered. This is followed by experimeiapters presenting the meth-
ods used and results obtained, and then some discussioa r@fsihits presented.

Part | and Part VV are more concerned with the over-archingiéhef the thesis: home-
ostatic adaptive networks. Part | consists of the currambductory chapter, which sets
the scene and gives a general overview of the thesis. Parntaios discussion of the
material presented in Parts Il, Ill and IV, and analysesdtlresults in the context of a
general theory of homeostatic adaptive networks.
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Chapter 2

The Homeostat

2.1 Overview

The Homeostat was developed by Ashby in the 1950s as a denatomsiof his concept
of ultrastability [7], which is the earliest exposition of a theory of hometistadaptation.
We begin by introducing the concept of ultrastability anchBg's view of homeostatic
adaptation, including the Homeostat. Next we present aleisipulated Homeostat that
is used to explore ultrastability and homeostatic adaptatVe show that the time taken
for the simulated Homeostat to reach stability is affectgdhHe number of nodes and
the tightness of the homeostatic constraints on the nodke. Hbhmeostat can adapt to
perturbations and is in some circumstances capable of heiad as a self-organising
control system.

2.2 Background

William Ross Ashby (1903-1972) was a British cybernetiaaiginally trained in neurol-
ogy. Ashby’s most famous work Besign for a Brain[7], in which he attempts to answer
the question of how the brain can produce adaptive behaviour

“When a kitten first approaches a fire its reactions are unptablie and
usually inappropriate. It may walk almost into the fire, omidy spit at it, or
may dab at it with a paw, or try to sniff at it, or crouch and Iktat. Later

22
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however, when adult, its reactions are different. It apphes the fire and
seats itself at a place where the heat is moderate. If the dinesdow, it
moves nearer. If a hot coal falls out, it jumps away. Its béhavowards the
fire is now ‘adaptive’.” (p.12, [7])

Ashby looked at organisms as ‘machines’, that is, he reghtdem as determinate
and subject to the same physical laws as mechanical deviteslefined theessential
variablesof an animal as those variables which must be kept withintéiriar the animal
to remain alive. Armed with this definition, Ashby could retthe problem:

“A determinate machine changes from a form that producestahain-
adapted behaviour to a form in which the parts are so co-atddhthat the
whole is stable, acting to maintain its essential variabliglsin certain limits
- how can this happen?” (p.70, [7])

This question has obvious implications for learning infenital agents as well as ani-
mals, and in recent years there has been a resurgence efsinteAshby’s work [46,48].

2.2.1 Ultrastability

Ashby developed the idea that organismsidiestable He made a functional separation

between different parts of the organism that specified afgstsential variables, a reacting

part, and a set of parameters to the reacting part (see R2glireThe essential variabl¥'s

must be kept within bounds to ensure the continued viakilig survival of the organism.

The reacting parR was the behaviour-producing part by which the organisnraatied

with the world. The parameter s8determined hoviR should react to the environment.
Ultrastability was then defined as the situation where:

“Two systems of continuous variables (that we call ‘envirant’ and ‘re-
acting part’) interact, so that a primary feedback (throegmplex sensory
and motor channels) exists between them. Another feedbawking inter-
mittently and at a much slower order of speed, goes from thiza@miment to
certain continuous variables which in their turn affect sstep-mechanisms,
the effect being that the step-mechanisms change value arfteanly when
these variables pass outside given limits. The step-mésinaraffect the re-
acting part; by acting as parameters to it they determineihshall react to
the environment.” (p.98, [7])
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Figure 2.1: Ultrastability. There are two feedback loogse primary loop involves the
interaction of the reacting paR with its environmenENYV, while a secondary loop in-
volves also the essential variabMsand the parameteiSto R. WhenV goes out of

bounds step-changes are triggerediso that the behaviour d® changes. This affects
the interaction betweeR andENV, which may or may not briny back in bounds.

The ‘step-mechanisms’ Ashby refers to are mechanisms ghetecsudden discontin-
uous changes in the value of a variable. Thus, in other warts|trastable system is one
where an excursion of the essential variables from theiralele ranges causes a sudden
change in the parameters of the behaviour-producing stdraysAn ultrastable system
can only be stable when normal operation maintains the gabegriables within bounds,
since if this does not happen the system is made unstablepychnges in parameters.
Stability requires homeostasis of essential variabled the lack of homeostasis triggers
changes in behaviour.

2.2.2 The Homeostat

The Homeostat was an electromechanical device that Ashiltytdalemonstrate ultra-
stability. It consisted of four units mounted on a base platf (Figure 2.2(a)). Each
unit carried a pivoted magnet (Figure 2.2(b)), and the aargigviations of these magnets
from the central position were specified as the essenti@bias of the system. Each unit
emitted a DC current proportional to the deviation of its meiy which was passed to the
other three units.

The currents received by each unit acted upon its magnethvée tcoils, and the
output of a unit also affected its magnet via a self-conoectBefore reaching the coils,
input currents were modified by passing them through a pioi@eter and a commutator,
the settings for which acted as parameters to the unit. Oh eait, the potentiometer
and commutator settings were assigned by a uniselectohvdhiose from 25 different



Chapter 2 25 The Homeostat

(a) Homeostat (b) Single unit

Figure 2.2: Ashby’s Homeostat consisted of four units medrdn a base platform. The
output from each unit was fed into all other units by circpitnat was reconfigured when
unit output moved outside the target range, such that thdendystem was ultrastable.
lllustrations adapted from [7].

random settings. This gave 25 390625 different combinations of parameters for the
four unit system. If the angular deviation of a magnet passeside the range-45°, 45°]
the uniselector on that unit would choose a new setting alaiam

The Homeostat was shown to be ultrastable. It was initidivgéh the uniselectors set
to random positions and its subsequent behaviour was adxkeBy changing the unise-
lector setting when magnet deviations went out of bound=mtenally a stable equilibrium
was reached where all magnets were located in the targes fangngular deviation. The
Homeostat was also shown to be able to adapt to perturbaticmmagnet was manually
displaced, the ultrastable nature of the system ensurédhbaystem eventually settled
down to an attractor where all free-moving magnets were imbs.

2.3 Method

In this section we will develop a simple simulated Homeo#tat displays the property
of ultrastability. The Homeostat described here is conséd differently to the original
Homeostat. Ashby’s Homeostat was an electromechanicétalewhereas the current
implementation is a computer program, and the connectaity mechanisms are neces-
sarily different in nature. However, both Ashby’s Homedstad the current version are
designed with similar logical structure and display simbahaviours, so for that reason
the ‘Homeostat’ nomenclature is retained.

Our Homeostat is a system Nfunits arranged in a fully connected network topology.
Each unit receivebl inputs, from itself and from all other units, weighted by gteength
of the connection between them (see Figure 2.3). The waigsuen! (Equation 2.1)
of the inputs to a unit determines its out@)tas specified by a piecewise linear transfer
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- — = 5

Figure 2.3: Schematic of a single Homeostat unit. The umiéikes input from other
units vs) and from itself (v;s1). Outputs; is a piecewise linear function of weighted
summed input.

x1=0 x2 x3 x4=N

Figure 2.4: Example Homeostat unit transfer function. Fancs piecewise linear with
points at(x1,Y1), ..., (Xp, ..., Yp) Wherex; = 0 andxp = N for all units in anN-unit network.
P = 4 in example shown. Dashed lines indicate target homeostatge.

functionF (Equation 2.2 and Figure 2.4). A unit may be specified as afqgrameters
U ={wi,...,Wn,Xs,...,Xp, Y1, ..., Yp } Wherew; is the afferent connection strength from the
it unit and(x;,y;) is the coordinate of th¢'" point on its transfer function. Ranges are
set so thatv € [0.00,1.00] ands € [0.00,1.00], sol € [0.00,N].

N
I=2 wis (2.1)
|
y1+(Yz—y1)(X'2_,’§(11) X<l <x
s=F(l)= YZ+(Y3—Y2)(X'3,)§(22) L X<l<xs (2.2)
y3+(y4—y3)(x'4‘_’§(33) . X3 <1 < xg

At initialisation, connection strengths are randomly gssid from a uniform distribu-
tion on the appropriate range, as are values for all trarfafestion parameters. A target
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rangeR = [0.5— §,0.5+ &] for output is specified, where the size dfdetermines the
tightness of the homeostatic constraint.sk R the unit is homeostatic. ¥ ¢ R then
homeostasis is lost and adaptive change is triggered.

There are two adaptive mechanisms which are applied to trenyers of non-
homeostatic units. The first mechanism assigns new randams/éor the strengths of
all afferent connections to the unit (Equation 2.3). Theosecmechanism assigns new
random values for the coordinate parameters of the unétrssfier function (Equation 2.4).
Ranges for reassigned parameters are the same as thoseusddfisation.

IF (s¢ R) THEN [w=rand(0.00,1.00) Vw e {ws,...,wWn}] (2.3)

IF (s¢R) THEN [x=rand(0.00,N)  Vxe€ {x2,....xp_1}]

2.4
AND [y=rand(0.00,1.00) VYye {y1,...,yp}] 24)

whererand(a, b) is a function that returns a real number randomly drawn fraimiéorm
distribution on the rangé, b.

2.4 Results

Here we describe the behaviour of the simulated Homeostat.l0dk first of all at its
ultrastable behaviour when each of the two different agdaptiechanisms is used, before
looking at how the time taken for the system to reach stghgitaffected by the number
of nodes in the network and by the tightness of the homeostatistraint. Next we look
at the response of the system to perturbation, before ficaltgidering the possibility of
using the simulated Homeostat as a self-organising cosysiem.

Two different adaptive mechanisms were used: a mechanisichvadmanges trans-
fer function parameters, and a mechanism which changesctan strengths. The two
mechanisms are used to show that homeostatic adaptatiatcanvia the action of dif-
ferent kinds of mechanism, and that some mechanisms areeffentive at maintaining
homeostasis in the system than others. The two mechanismisato different kinds
of homeostatic ‘solution’.

2.4.1 Reaching stability

The first result to show is that the Homeostat described irpteeious section is ultra-
stable. Figure 2.5 shows the Homeostat converging to aestabhdy steady state from a
random initialisation. Here the target range was set t@OBE0.6] and a 4 unit network
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Figure 2.5: Convergence over time to a stable steady statedinrat Homeostat with
transfer function adaptation. Comparison of the two plomashthat parameter change
is correlated with excursions of unit output from the tangeige. The upper plot shows
the target range for unit activation ([0.4,0.6], regionhintdashed lines) together with the
activation of all of the units (solid lines). Initially agtty is out of bounds and changes
erratically, but over time the activity of all nodes staf@s at a steady level within the
target range. The lower plots show the change in the (X, y)dipate parameters of the
transfer function for each unit. These change continuallyosig as the activity of the
associated unit is out of bounds, but stop changing whenitgcis within bounds. The
lower plots therefore show a large amount of parameter ahaagy on when activation
of several units is out of bounds. Eventually the random gkarto transfer function pa-
rameters generate a parameter set that keeps activity mispat which point parameter
change ceases and activation stabilises.
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Figure 2.6: Convergence/non-convergence to homeostaitsligt of units in a 4-unit
Homeostat with adaptation by reassignment of afferent ection strengths. The upper
plot shows activation of all units, while the lower plots shoonnection weights to each
unit (left plot) and the fixed transfer function for each umight plot). Transfer functions
are fixed for the duration of the trial. Comparing the plots,caa see that two of the units
immediately find a good set of connection strengths thatskéegr activity in bounds, so
that these units show a fixed level of activity and no conwoecsitrength change (lower
two weight change plots, bottom left and bottom right tran$éinction plots). Another
unit initially has activity out of bounds but eventually fsmé good set of connection
strengths, at which point parameter change ceases (uppewamht change plot, top left
transfer function plot). The remaining unit never finds adparameter set. Its transfer
function (top right transfer function plot) has no part o input range giving output
in the target homeostatic range, so change in its afferamexion strengths continues
indefinitely (second-from-top weight change plot). Thisc@related with continually
changing activity that is always outside the target rang@é¢u line in activity plot).
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was used. Output from several units starts off outside dffettgget range but quickly moves
to the target range as new transfer function parameter eetgeaerated that keep activity
in bounds. Parameter change can be seen in Figure 2.5(lmh whows the changes in
transfer function parameters for each unit. Parametergdacorrelated with excursions
of unit output from the homeostatic target range.

Figure 2.6 shows the behaviour of a Homeostat where the imdapechanism is ran-
dom reassignment of the strengths of the afferent conmectio any non-homeostatic
unit. In this scenario, most units find a set of connectiongivts that satisfy the home-
ostatic constraint, but some units are not able to do so Isectheir transfer functions
allow no possibility of giving output in the correct range, matter what level of input is
received. Figure 2.6(c) shows the transfer functions fohed the units in the Homeostat.
The convergent units all have transfer functions where jiassible for the homeostatic
constraint to be satisfied, while the non-convergent uajt (tght transfer function plot)
has a transfer function which precludes convergence todessteady state. Its output is
always out of bounds.

Homeostats that adapt by reconfiguring their transfer fonare always able to even-
tually find a set of transfer function parameters that leadst¢éady output in the home-
ostatic range. Homeostats that adapt by assigning neweaffeonnection strengths are
not always able to satisfy the constraint, since their fixadgfer function may not allow
this possibility.

2.4.2 Time to convergence

The time taken for a Homeostat to converge to a stable howmgostttractor with the
activation of all units inside the target range may be a#fédty the number of units in
the Homeostat network and the tightness of the homeostatisti@int on each unit. In
this section we examine these relationships by varyingetipesameters and measuring
the time taken for the Homeostat to reach stability.

As a proxy for the time taken to reach a stable attractor, wasuee the probability
of individual Homeostat units having their activation inunals after a given amount of
time has elapsed from initialisation. This method is usezhhee some Homeostats never
converge to a homeostatic stable state (e.g., if they useection strength adaptation and
have an unsuitable transfer function for one of the unitgl)also because random changes
to parameters can be an inefficient search method that ocedlyi takes a very long time
to find a solution. Both of these occurrences make accurassunement of the time taken
to reach a homeostatic attractor difficult, but the measeararof probability that a unit
will be homeostatic after a given time allows us to gatheitiiermation we need to look
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Figure 2.7: Probability of homeostasis in Homeostats waldyding connection strengths,
plotted against elapsed time from initialisatiofop row: Individual nodes Bottom row:
Whole networks. Plots show the effect of increasing netwimk 8N € {4,10,20}) when
homeostatic target range is kept fixed[@#, 0.6] (left column) and the effect of keep-
ing network size fixed ail = 4 and varying the tightness of the homeostatic target range
([0.5—64,0.5+ 9] for 6 € {0.1,0.2,0.3}) (right column). Increasing N reduces the likeli-
hood of nodes and networks displaying homeostasis. Regjalkénhomeostatic constraint
by increasingd has a more dramatic effect, making homeostasis much maety.likll
the Homeostats are unlikely to display perfect homeostasiause of the possibility of
fixed transfer functions which do not allow the constrainb&satisfied, as occurred in
the non-convergent Homeostat shown in Figure 2.6.
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Figure 2.8: Probability of homeostasis in Homeostats withpting transfer functions,
plotted against elapsed time from initialisatiofop row: Individual nodes Bottom row:
Whole networks. Plots show the effect of increasing netwirk €N € {4,10,50}) when
homeostatic target range is kept fixed[@#, 0.6 (left column) and the effect of keep-
ing network size fixed ail = 4 and varying the tightness of the homeostatic target range
([0.5—6,0.5+ 9] for d € {0.1,0.2,0.3}) (right column). In this scenario, increasing N
counter-intuitively causes a small increase in the likadith of individual nodes display-
ing homeostasis, though it also decreases the likelihooghaile networks displaying
homeostasis. This is because higher connectivity redbea®lative impact of individual
afferent signals to a unit by extending the size of the rarigeputs for which its activity
falls in the target range. A3 is increased and the homeostatic constraint is relaxed, the
probability of individual nodes and whole networks displtegyhomeostasis goes up, as
would be expected. Perfect homeostasis is observed aftend30 timesteps, because it
is always possible to find a transfer function that can satie# homeostatic constraint by
varying the (x,y) coordinates.
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at the effect of different Homeostat parameters on speedrofargence. Because we are
only interested in the qualitative changes resulting fraffedent parameterisations, the

method used here is sufficient for our purpose, despite ibs pandling of cases where

convergence does not occur.

We look at the performance of both the adaptive transfertfanenechanism and the
adaptive connection strength mechanism that were useiprévious section. Home-
ostats are initialised with random parameters and thenteddar a fixed period in which
the proportion of units displaying homeostasis is measatezhch timestep. These data
are used to calculate the probabilities of individual umitel of entire Homeostat net-
works showing homeostasis after a given time. This inforomais gathered from 1000
Homeostats of each type examined.

Figure 2.7 shows the effect of changing the number of unithertightness of the
target range in Homeostats that adapt by random reassidroheannection strengths.
Figure 2.8 shows the effect of the same changes on Hometstatsdapt by random re-
assignment of transfer function parameters. Comparisoigof€s 2.7 and 2.8 shows that
Homeostats using the adaptive transfer function mechaarsrmuch quicker to stabilise
than Homeostats using the adaptive connection weight meahawith both nodes and
networks having a near unity chance of having converged afteind 30 timesteps when
the adaptive transfer function is used. The adaptive cdroreweight mechanism is ham-
pered by the occurrence of transfer functions which do nohgieonstraint satisfaction,
which has an adverse effect on the likelihood of reachingdustasis.

Increasing network size reduces the likelihood of a wholevogk behaving home-
ostatically for both mechanisms, and has a similar effecindividual nodes when the
adaptive connection strength mechanism is used. Howexaeased network size actu-
ally increases the likelihood of homeostasis in individuades when the adaptive transfer
function is used. This effect is seen because the size ohthreeéostatic’ input range in-
creases in proportion to the number of units in the netwotkictv reduces the effect of
changes in input on unit output. Such an effect would alsake & the case of the adap-
tive connection strength mechanism, but is masked by thetgrempact of the problem
of fixed transfer functions that are incompatible with hoistasis.

The tightness of the homeostatic constraint has a morefisigni, but more straight-
forward effect on the probability of homeostasis. As thgedirange for unit output gets
smaller, increasing the tightness of the constraint on thmébstat, both nodes and net-
works take longer to reach homeostasis. Again the adapawnsfer function mechanism
is more effective than the adaptive connection weight meisha

The effects of network size and the tightness of the homgosianstraint on the time
and probability of convergence to a homeostatic stable st of interest primarily for
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pedagogical purposes, serving to illustrate some of thfaevhich may influence the
ability of a system to maintain homeostasis. However, tkalte may have implications
for systems other than the Homeostat. While caution shoulebecised in seeking to
transfer insight from the Homeostat to other systems, tleefations that bigger net-
works and tighter constraints make homeostasis hardetieaein the Homeostat seem
intuitively likely to hold in many kinds of system.

2.4.3 Perturbations

The Homeostat can only really be said to be maintaining hetase in its constituent
units if there is some form of external perturbation thae#itens to push the target vari-
ables out of bounds. In this section we describe the behawibthe Homeostat when
it is subjected to a variety of different perturbations. tBdyations take the form of an
external input to each Homeostat unit, implemented as auatamded to the weighted
sum of the inputs it receives from other units. For these expnts, only the adaptive
transfer function mechanism is used, since it has been stwbathe most effective form
of adaptation.

Figure 2.9 shows the effect of perturbations applied to glsianit in the Homeostat.
A random amount drawn from a uniform distribution in the ren@, 2| is added to the
input of a designated unit in a 4-unit Homeostat. Initialhg perturbed unit often loses
homeostasis and undergoes parameter change, but over tmeeastable parameter set
is found that allows the unit to maintain homeostasis in #eefof continuing perturba-
tions. Sometimes the change in output from the perturbetddismupts other units in the
network, and causes a cascade of parameter change, butlaigaffect is reduced over
time. The perturbed unit adapts so that it nullifies the eftdadhe perturbation on the
Homeostat.

Figure 2.10 shows the effect of simultaneous perturbatagpmied to all units in the
Homeostat. Two forms of perturbation, one which adds a ramigwel of external input
to all units, and one which adds a continuously varying ssrdad input signal to all units.
The Homeostat adapts to both forms of perturbation, withilis eventually finding sets
of transfer function parameters that allow them to mainteameostasis in the face of
continuing perturbation.

2.4.4 A control problem

We have seen that the Homeostat can maintain homeostasadaptto perturbations,
and in this section we will now look at whether ultrastapilian be used to create useful
controllers. We use a simple input-output mapping task inctwvithe Homeostat must



Chapter 2 35 The Homeostat

Output
o
>

i
|
|
i
Iyl
i
1
|
i
|
|
i
|
| w
Output

25 50 75 100 125 150 175 200 225 250 25 50 75 100 125 150 175 200 225 250

Time Time
(a) Output (b) Output

4 T T T T T T T T T 4
e :
© ©
I I
o o
== R 0

25 50 75 100 125 150 175 200 225 250 25 50 75 100 125 150 175 200 225 250
4 T T T T T T T T T 4 T T T T T T T T T
£ £
© ©
T I
a a
e e 0 —

25 50 75 100 125 150 175 200 225 250 25 50 75 100 125 150 175 200 225 250
4 T T T T T T T T T 4 T T T T T T T T
£ £
Il ©
I I
o o
0 =———-—

25 50 75 100 125 150 175 200 225 250 25 50 75 100 125 150 175 200 225 250
4 T T T T T T T T T 4 T T T T T T T T T
£ £
© ©
3 m 5
o o
o o ————

25 50 75 100 125 150 175 200 225 250 25 50 75 100 125 150 175 200 225 250

Time Time

(c) Transfer function parameter change (d) Transfer function parameter change

Figure 2.9: 4-unit Homeostat with adaptive transfer fumetwhere random input from
the rangd0, 2] is applied only to a single designated input unit. Input lev®nges every
25 timesteps. Changes in input can cause activity of the iapuitto go out of bounds,
causing adaptive change. Sometimes this can lead to a eastattanges around the
network, where a perturbation causes loss of homeosta#ig imput unit, which in turn
causes a loss of homeostasis and adaptive change in otteiLafi column:Case where
perturbations only cause loss of homeostasis in the inptitRight column:Case where
perturbation causes a cascade of homeostasis-loss aretwaork.
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Figure 2.10: 4-unit Homeostat with adaptive transfer fiorctvith perturbation applied
to all units. Examples are shown where the Homeostat adagot different forms of
perturbation. Left column: Random input from the rang@®, 2] is applied to all units,
changing every 50 timesteps. All units eventually find tfanfunction parameters to ac-
commodate this perturbation and maintain homeost&sght column:Sinusoidal input
is applied to all units with amplitude-1, 1] and period 50 timesteps. All units eventually
adapt to this perturbation.
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give the correct response to different input signals. Twelke of external input are ap-
plied to the units of the Homeostat, which must respond withdorrect level of output

from a designated output unit. If the output response isrmect, change is triggered
in the parameters of the output unit. All other units mustmtein homeostasis as be-
fore, with parameter change applied if their activationgjoat of bounds. The task for
the Homeostat is thus to give the correct output associaideach input signal, while

maintaining homeostasis. Again, only the adaptive trarfsfection mechanism is used
for these experiments.

Figure 2.11 shows results when the input signal is applieglltonits, including the
output unit. There were two levels of input signal: high @xal input to all nodes is
equal to 2), and low (external input to all nodes equal to ®)e €orrect output response
to the high input signal was output in the ranl@&, 0.8], while the correct response to the
low input signal was output in the ran¢@2, 0.3]. Effectively this means that the output
node had a split target range for homeostasis; when a lownsgpvas required the target
range wag0.2,0.3] and when a high response was required the target rang®was.8|.
Should the output unit give the wrong response, i.e., a respoutside whichever target
range was currently being applied, adaptive change wagatregl. Non-output nodes had
a target homeostatic range [0f4,0.6]. The input signal was changed every 50 timesteps.

Figure 2.11 shows that the Homeostat successfully achignethsk. After a period
of adaptation a parameter set is found that gives corregubuesponses to changes in
input and maintains homeostasis in all other nodes.

However, in a variation of the experiment where the inpuhalgvas applied to all
units exceptthe output unit (meaning that a signal must be passed adresgtwork) it
proved extremely difficult to satisfy the control problemhigis because the homeostatic
nature of the Homeostat units means that they tend not to tyere@sponsive to input,
since the units self-organise so that output always lieBiwi narrow target range. The
activation of the input units does not change significantiguegh in response to changing
external input to cause a change in the activation of theubwipit. Units in the Homeostat
are better at stopping information spreading than propagaignals.

2.5 Discussion

In this chapter we have presented a simple Homeostat indpyr&shby’s original device,
that demonstrates the concept of ultrastability. Ultraletaystems are those in which a
threat to homeostasis of essential variables is countgrediaptation of the interacting
part such that homeostasis is maintained during normamMi@ina The simulated Home-
ostat we developed here maintains homeostasis in the lelvatgivation of a number of
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Figure 2.11: 4-unit Homeostat with adaptive transfer fiorctand a designated output
unit. When external input to all nodes is low, the output sigteuld be in the range
[0.2,0.3]. When the input signal is high, the output signal should baérang€0.7,0.8].

External input changes from every 50 timesteps. Event@afigrameter set is found that
satisfies the control problentdpper. output signal from designated unit (solid line) and
homeostatic target ranges (dashed linesPdf, 0.3] and[0.7,0.8]. Middle: output from
other units (solid lines) and homeostatic target rangeh@adine) of [0.4,0.6].Lower.
transfer function (x,y) parameter change.
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units arranged in a fully connected network topology. Adéph occurs by random as-
signment of connection weights or by changes in transfectfan parameters, whenever
unit activation goes out of bounds.

The simulated Homeostat was shown to be ultrastable in tlwstseof homeostasis in
any of its nodes triggered parameter change that in moss tedéo a restoration of home-
ostasis. Stability of the simulated Homeostat required@dles to maintain homeostasis.
The Homeostat was shown to be able to adapt to a variety afrpations, and was also
briefly tested as a control system with a simple input-outpapping task, where it was
found able to perform the task when the input signal was egpeed directly by the out-
put unit, but unable to perform the task when input was agmisewhere in the network
so that signal transmission was required. This is explabethe homeostatic nature of
the units in the Homeostat, which become barriers to sigaaktnission after adaptation
to maintain a steady level of activation. This agrees withl#yss own observation that
homeostatic units are regulators that reduce the effeastintbance [7].

An interesting observation is that we have observed insmn€the simulated Home-
ostat where homeostasis was inevitable, impossible, agragnt on circumstances. For
instance, in Figure 2.6 we can see that one of the nodes can display homeostasis,
since its transfer function always gives output outsidetdinget range and is not alterable
by the plastic mechanism. Although an example is not shotus, easy to think of a
case where the transfer function of a node gives output thalwaysinside the target
range, i.e., the node is always homeostatic. More commandtfiber of these extremes
will be cases where a node can display homeostasis depeowlithge behaviour of other
nodes. This distinction, between a machine that is alwaysdostatic, a machine that is
never homeostatic, and a machine that is sometimes hortiepstan important one for
homeostatic systems in general.

A related (and better developed) attempt to incorporatedustatic adaptation and
ultrastability into a control system is the body of work prated by Di Paolo [46, 48]
in which homeostatic adaptive mechanisms are introduceddontrollers for artificial
autonomous agents. Some of this work will be covered in teeudision of neural home-
ostasis presented in Chapter 3, but one aspect of Di Paolmigestthat is of particular
relevance here is his exploration of robot controllers Hratbased on an architecture very
similar to the simulated Homeostat used here.

Di Paolo motivates his research by drawing attention to dminuing failure to create
artificial agents that can truly be described as intelliggrautonomous. He locates the
central problem in the lack of true intentionality in ageatsated by current methodolo-
gies such as evolutionary or behaviour-based roboticsckamehs that while these agents
may be biologically inspired in some aspects of their strtestthey ignore the basic qual-
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ities of what it is to be alive. Put simply, because theset®hre not alive, they are denied
the sense of purpose and the value system that stems fronedideta survive. They can
have no goals or subjectivity, and any impression of thespgaties lies in the eye of the
observer.

Di Paolo constructs an approach to the design of artificiahégthat is grounded in the
ideas of Ashby, with a generous nod to the philosophy of Hanag [94] and the concept
of autopoiesis [128,129]. Claiming survival as the ‘motkialue’, Di Paolo illustrates the
new approach with a robot controller in which sensory ingutansduced to motor output
via piecewise linear transfer functions similar to thosedis the simulated Homeostat
described above. Di Paolo’s robotic agent has a batteryhwisicharged by successful
performance of phototaxis. The level of charge of the bafi@mms the essential variable
in which homeostasis must be maintained, with plastic cedmgng triggered in the
transfer functions of the robot when charge falls below aaceidevel.

Di Paolo reports successful adaptation of the robot cdetto$o that phototaxis is
reliably performed and battery charge maintained abovettteshold level. The robot
is also able to adapt to inversion of its sensor array, and &wv@ccommodate periodic
inversion and re-inversion. However, Di Paolo notes thatdhis no guarantee of the
time taken to adapt (which can be very long) or that adaptatwill be conserved. The
simplicity of the task and of the controller also raise qiees of scalability. Similar
concerns also apply to Di Paolo’s related work on homeasgataptation in neural robot
controllers (see Chapter 3).

Di Paolo’s work shows that homeostatic adaptation can beesstully applied to
controllers for artificial autonomous agents and it is to logdd that his findings will
stimulate further research in this interesting area. Theneain significant questions to
be answered concerning the ways in which homeostatic at@p&nd ultrastability can
be implemented in robotic systems, not least in regard tethdéability of such systems.
Random parameter search provides powerful validation @téichnique, in that it is the
worst case scenario for biological adaptation and requie&ssumptions concerning
mechanism, but it seems likely that more efficient directearsh mechanisms will be
needed if homeostatic adaptation is to be successfullyexppi situations of non-trivial
complexity. There is a need for further examples of succeé$simeostatic adaptation,
both to bolster the theory against potential criticismsaayning the simplicity of the
tasks currently attempted and to make clear that the suesagsdar achieved result from
the power of a homeostatically adaptive organisation erafian any unforeseen artefact
of implementation.

Ashby’s theory of homeostatic adaptation was developediateawhen the resources
needed to push it to its logical conclusions were not avkalatbut in the age of easily
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available computational power and increased understgrafibiological adaptation, the
time may have come for Ashby’s ideas to be developed furtHemeostatic adaptation
provides an intuitively appealing and widely applicabledaldor learning, and the idea of
ultrastability may be applied in areas other than agergtladaptation. By exploring the
properties of a simulated Homeostat, we hope in this chapteave contributed towards
the foundations of such a study.



Part |l

Homeostatic Plasticity in Neural
Networks

42



Chapter 3

Background to Part Il

3.1 Overview

Homeostatic mechanisms in the brain have been observedurgswgentists to act on
neuronal and synaptic properties so that neural activitegsilated [37,167]. Empirical
work to further elucidate these mechanisms in biologicalogs systems is ongoing.
Here we consider the function of homeostasis in artificialrabsystems. We look at
the effect of homeostatic plastic mechanisms analogousasetobserved in biological
systems on the dynamics and function of a class of artifi@alvark commonly used in
robotics, the continuous-time recurrent neural networkRGIN) [15].

CTRNNSs offer a number of attractive properties but are diffituparameterise. Cur-
rently the best parameterisation methods are based orciattévolution using genetic
algorithms, but this can be problematic and is not yet rédiablere we examine whether
the inclusion of homeostatic plasticity can aid in the cstasit evolution of good robot
controllers, either by preventing node saturation or bedty improving evolvability in
some other way.

Part Ill of the thesis describes the development and apgicaf homeostatic plastic
mechanisms for use in CTRNNSs. This chapter gives some bagkdrto the research,
describing relevant work from the literature and motivgtihe original research subse-
quently presented. The remainder of Part Il describesraxgats intended to explore the
effect and utility of homeostatic plastic mechanisms. Chiagtooks at how homeostatic
plasticity may be incorporated into CTRNNS, before Chapteoecs some analysis of
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the nature of the homeostatic constraint thus imposed. €hépdescribes a set of ex-
periments looking at the generic effects of homeostatistjdy in large ensembles of
randomly generated CTRNNSs. Chapter 7 describes some expesic@ncerning the im-

pact of homeostatic plasticity on evolvability of thesewmtks. Part Il concludes with

Chapter 8, which offers some discussion of the results aetliand their implications for

both robotics and neuroscience.

3.2 Neural and evolutionary robotics

When symbolic artificial intelligence began to founder on twé rocks of the frame

problem [43] and the symbol grounding problem [77, 154],0aoimous robotics was
forced to look for new approaches. Leading the way were thHesldoy Rodney Brooks,

who thought robotics could best make progress by buildirad rebots that operated
in a real environment. In a body of work performed during taee11980s and 1990s,
Brooks presented a framework for ‘new Al’ that emphasisetbodimenandembeddness
(see [22, 23] for an overview of this approach). Brooks’ ¢atlrobotics to walk before

it ran and seek to develop insect-level intelligence ledrtonareased focus on biologi-
cally inspired control. With this began the second comingedral networks in artificial

intelligence.

Neural networks had been around from as early as the 19403 HRl had been
the subject of much research in the 1950s. However, the gatldn in 1969 of Marvin
Minsky’s damning critique [133] condemned them to almosb tiecades of unfunded
obscurity, notwithstanding that the problems Minsky citeere later solved [144, 145].
John Hopfield’s work on memory storage by attractors in nemurneural networks [86]
and Rumelhart & McClelland’s two-volume book on paralletdizited processing [146]
heralded a new approach to neural networks. The new styletefarks were different
to the feed-forward architectures and perceptrons famidiavlinsky. Now neural net-
works were fully connected and recurrent, allowing cydldygnamics and state-holding.
Later on, more biologically plausible networks with contbus neural activations began
to appear.

The new networks were harder to parameterise than feedafdrmetworks. Normal
training methods (such as back-propagation of errors) wassiitable for the recurrent
architecture and new technigues were needed. The incréases on biologically in-
spired structures for control led to biologically inspiragproaches to parameterisation,
I.e., evolution. Genetic algorithms had first appeared entt70s [85]. In the 1990s they
began to be applied to the optimisation of neural networksdbot control [31, 32, 82]
and the field of evolutionary robotics was born.
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Evolutionary robotics encompasses a variety of differgaraaches to robotics that
typically use a methodology involving the artificial evobrt of neural networks for robot
control. Within evolutionary robotics there are many diffeces in approach, concerning,
for example, simulation versus real robots, neural archute, type of genetic algorithm,
etc. Although biological inspiration is widely proclaimbg the community, the degree to
which this is actually taken up depends on the particulasaind restrictions of individual
projects.

Some researchers want to practice computational neudogthfl 3, 34], that is, learn
about biological nervous systems by looking at the wholteay behaviours of artifi-
cial networks. Others simply want to build useful robotsd @ame not much concerned
with biology except as a source of solutions to particulayieeering problems. Brooks’
watch-words of embodiment and embeddedness are still tegp@a mantra by much of
the evolutionary robotics community, despite the fact Bratoks’ work is neither evolu-
tionary nor based on neural architectures (except in the geseral sense of distributed
control).

Perhaps the biggest lures of evolutionary robotics areatengial for shedding light
on real biological systems and the potential it is thoughtfter for automated design.
Biological evolution has come up with a rich abundance ofgas of robust intelligent
control. Perhaps artificial evolution and biological desgginciples can lead us to robust
and intelligent robots.

3.3 Evolving robot controllers

Whatever type of controller is used, the methodology for etfohary robotics takes a
similar form. This involves using a genetic algorithm [68, 34] to optimise the pa-
rameters of the controller for an artificial agent so thatiifprms a particular task. This
section will briefly describe the methodology, startinglwé general overview of ge-
netic algorithms and then looking at some special consiers when evolving robot
controllers.

3.3.1 Genetic algorithms

Genetic algorithms (GAs) are most easily explained by Wity the steps of a typical
example. Pseudocode for a typical GA is given below.

1. Randomly generate an initial population of solutions

2. Encode solutions as a population of genotypes



Chapter 3 46 Background to Part Il

3. Loop until termination criterion reached:

(a) For each genotype in population:

i. Instantiate genotype as phenotype solution
ii. Test solution on target problem

iii. Assign genotype fithness based on phenotype performance
(b) Until a new population has been filled:

i. Choose two parents using fithess-proportionate selection
ii. Combine parent genotypes to form child genotype
iii. Mutate child genotype
iv. Add child to new population

(c) Replace old population with new population.

4. Final solution is best solution from final population

Evolutionary change in GAs occurs by a process of selecteawéen different phe-
notypes (solutions), coupled with mutation and recomlmmedf genotypes. The form of
the candidate solutions depends on the particular probdeedf and is not restricted ex-
cept that solutions must be suitable for encoding as geestyphe termination criterion
for the main loop (Step 3) is often a fixed number of iteratjdng may also be the attain-
ment of a fixed level of performance. Step 3a is the fitnessitgstage. Step 3b creates a
new population of genotypes from the fittest members of tdgpopulation. Step 3(b)i is
the selection of fit parents from the old population, whick e@ambined using crossover
in Step 3(b)ii. Crossover allows recombination of existimgusons, while the mutation
of the child genotype in Step 3(b)iii adds new variation t plopulation. The final output
of the GA is the best solution found, i.e., the phenotypiaeggpion of the fittest genotype
in the final population.

It should be remembered that the intricacies of GAs are noidetely understood and
their use is still seen to be something of a ‘black art’ by ptemers. There is no universal
best practice and it is likely that the best type of GA to uskighly contingent on the
particular nature of the optimisation problem. Full dissios of all the issues involved
with evolutionary computation is beyond the scope of thesth. However, some of the
main stages of the GA are discussed briefly below, while taéufes of the particular
GAs used in this thesis will be given in the text where appeaipr
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3.3.1.1 Encoding

Genetic algorithms work by analogy with the genetic codeiatdgical organisms. Can-
didate solutions to a problem are encoded as an ordered stfisymbols (e.g., binary
digits) called the genotype. The genotype is a convenient for conducting the opera-
tions of crossover and mutation, which allow new candidataet®ns to be created. The
new genotypes are then interpreted (via some set of develofairules) as phenotypes
that are candidate solutions to the problem in order to nreabeir performance.

Genotypes may be encoded as strings of digits that are birealsvalued or sym-
bolic. Which is used will have an effect on evolutionary dymesnsince it determines the
number and effect of possible single-locus mutations. Alse rules for the genotype-to-
phenotype mapping may vary in their complexity and may imedeveral steps (see for
example the grammar re-write rules used by [100]). Genotggghenotype mappings
may be one-to-one or many-to-one, since they are genetadlyen so that each genotype
corresponds to a single phenotype.

3.3.1.2 Crossover

Recombination (crossover) involves the creation of a sicgild genotype from two par-
ent genotypes during sexual reproduction. Crossover isllystaried out by picking at
random a small number of crossover points along the genptigpa switching the parent
supplying genetic material at these points. For exampli, tmio parents A and B, single-
point crossover in a genotype with 10 loci might be performgdandomly picking locus
7 as the crossover point. The child genotype would then beeddppm parent A up until
locus 7, at which point the remainder of the genotype woulthken from parent B.

Crossover is not always used. The utility of sexual recontmnan GAs is under
discussion in the literature and many people use asexual GAan asexual GA child
genotypes are created from a single parent and mutatioreigrity source of genetic
variation.

3.3.1.3 Mutation

Mutation involves a random change in value at one or moredbai genotype. There is
a variety of different mutation operators, the most commbwlaich fall into two main
categories: point mutation operators and vector mutatp@rators.

Point mutation can be used with any type of encoding and isechobut by ran-
domly selecting a small number of loci and assigning to theaw wmalues (either by
adding/subtracting a small amount to/from the existingigadr by choosing a new value
from a permitted range).



Chapter 3 48 Background to Part Il

Vector mutation is generally only used with real-valued @fgpe encodings. It in-
volves adding a vector of values along the length of the cetepyenotype. Thus it
would be too destructive with binary encodings, while aiddits generally not defined
on arbitrary symbolic encodings. With real-valued encgdimector mutation is typically
performed by picking a random point on the M-dimensionaldrgphere (where M is the
number of genotype loci) to give a unit direction vector,rtlrandomly picking a small
vector magnitude from some (typically Gaussian) distidout before finally adding this
vector to the genotype to be mutated.

Point mutation is simple to implement and can be applied afitkinds of genotype
encoding, but it mostly creates orthogonal movement thngagameter space where only
one parameter changes during a mutation event. Vector imnitan the other hand, while
less widely applicable, allows movement in any directiorotigh parameter space in a
single mutation event by potentially altering all loci atcen The relative merits of each
kind of mutation operator have yet to be fully understood.

3.3.1.4 Selection

Many different means of selection have been used in thatiiez and there is no utility
in a review of these here. The reader is referred to [68, 8% &8 good coverage of a
variety of selection operators. Here we will concentratdlenpurpose and general form
of selection in GAs.

Selection operators use the fithess scores assigned teediffghenotype solutions to
decide which genotypes should supply genetic materialfemext generation, with the
idea being that the fittest phenotypes should be most siraagtesented. This may be
achieved in a variety of ways, but typically some stochasdiimpling method is used to
favour the selection of fitter parents. One example methad rank the phenotypes of
the previous generation in order of fithess and then usetteuddeel selection. Roulette
wheel selection takes the analogy of a roulette wheel in amcaand operates by the
random selection of a single slot from all of the possil@hti In a population of size N,
roulette wheel selection might give N slots to the fittestajgpe, N-1 slots to the second
fittest, and so on, so that the chance of selection is dirpetigortional to ranked fitness.

Selection operators are usually associated with genedti@As, i.e., those where
the evolutionary search is organised into discrete se@pl@@nerations of solutions. The
alternative to this is a steady-state GA, which involves isigtent population where in-
dividuals are removed or introduced. In this kind of GA s&tat may be implicit in
the ecology of the population, with survival and reprodaoictiaking the place of explicit
selection operators choosing parents for the next geperati
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3.3.1.5 Fitness function

One important feature of a GA is the fitness function, whickedaines how credit is
assigned to different solutions based on their performaite fithess of a genotype is
a function of some metric(s) measured on the performancheoissociated phenotype
during a fitness trial. Successful evolution of good sohsdioelies on a well-designed
fitness function. It is not always easy to quantify good p@nfance in terms that can be
easily converted into a single fithess score, and often ratiate fitness scores are used
to reward different aspects of performance. Also, scoreg beaaveraged over several
trials to reduce noise. However, the end result of any fitheakis always a score that
can be used to compare the worth of different solutions.

The fitness function defines the shape offttreess landscapand hence has a massive
impact on the solutions generated by a GA. The fithess lapddsa metaphor that likens
the fitness score achieved by a solution based on a partigoiialrin parameter space to
the height above sea level in some imaginary mountain ragsdytionary search is then
a form of hill-climbing. It can easily be visualised in a twidmensional parameter space
by thinking of fitness as the third dimension.

Two-dimensional parameter spaces are the exception thandhmost GAs have a
large number of parameters. This makes visualisation ditiiess landscape difficult and
challenges the utility of the fitness landscape as a goodghetdor evolutionary search.
There is some uncertainty over how far it is sensible to @aolutionary optimisation
as hill-climbing, but this is a topic in itself and will not lferther explored here; we will
tentatively accept some similarity between asexual eiaaty search and hill-climbing
on a landscape.

A feature of fitness landscapes that affects the evolutjosearch is the ruggedness
of the landscape, or its landscape correlation. A highlyedated landscape means that
points that are close together in parameter space will haw#as fitness. This makes
hill-climbing easier, since there is a simple gradient tboiw towards well-defined fithess
peaks. In a completely non-correlated landscape thererislation between the distance
between two points in parameter space and the similarithei fithess values. This
makes hill-climbing difficult since fithess peaks are mokelly to be isolated spikes than
smooth gradients, and evolutionary search may become nkardé@arandom sampling
than gradient-following.

Another feature of a fithess landscape with relevance toudieolary search is the
amount of neutrality present. Neutrality is the propertyadfacent points in the param-
eter space (in terms of being reachable by a single mutaltianing equivalent fitness.
Neutrality allows for an amount of genetic drift in an evadutary search, where new
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genotypes may arise without any improvement in fitness. g be useful for reaching
parts of the search space that would not otherwise have leaehable if strict gradient-
following was enforced. Neutrality is an open topic in exaoary theory; see [9] for a
good introduction to the topic in artificial evolutionargakithms.

3.3.2 Using GAs for evolutionary robotics

There are also a number of considerations over GA methogldlta are unique to evo-
lutionary robotics. For instance, there is a significantisiea to be taken over whether
the fitness of a controller is tested by implementing the watd solution in a real robot
or in a simulated robot and environment. Simulation offelgrge pay-off in terms of the
time taken to perform fitness trials, since working with neddots is time-consuming and
fraught with engineering difficulties, but there can be gigant problems in transferring
evolved solutions from the simulated environment to the meglaot. The simplifications
necessary in any simulation (such as restricted physicpasféct’ sensors and motors)
and the possibility of artefacts in the coded implementati@an that controllers evolved
in the simulated environment may not perform well when impated in the real envi-
ronment; they have difficulty crossing the ‘reality gap’ [92

One solution to this problem is to include sufficient noiserétcal parts of the sim-
ulation to prevent the GA from developing solutions thayrelo heavily on any pre-
cise feature of the simulation and are thus more likely to ltde o cope with changed
circumstances in the real world. This approach is known as'itinimal simulation’
approach and has been shown to improve the transfer of @etufrom simulation to
reality [89—91]. Evolutionary robotics also offers sommitied scope for evolving the
physical structure of agents in addition to, or conjunctiath, the evolution of the con-
troller. This is currently easier achieved in simulatioanthardware (see [33] for a good
introductory study of co-evolving morphology with contriol simulation), but various
studies suggest that such a process is plausible in hard@2ges, 139].

3.4 Continuous-time recurrent neural networks

Continuous-time recurrent neural networks (CTRNNS) [15] aneariety of neural net-
work popular in the evolutionary robotics community for itheobustness and general
applicability to dynamic control tasks. They offer nonamedynamics and have been
shown capable of approximating the output of any dynamigstiesn if correctly param-
eterised [65], meaning that they are suitable for produtirgkinds of autonomous and
oscillatory dynamics thought to be important for robotiotiol. They have been used
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Figure 3.1: Schematic of a single node in a CTRNN network. Toderreceives input
from other nodesw;z), from itself w1z1), and also external inpuk), These quantities are
summed and contribute to node activatigh (vhich changes according to Equation 3.1.
Node firing rate £;) is a sigmoidal function of activatiory and biasf), as specified by
Equation 3.2.

for robotic tasks including legged locomotion [18, 66], swiing [88] and visual shape
discrimination [81], as well as more abstract tasks suclegsence learning [192] and
the production of “minimally cognitive behaviour” [10, 1p5

This section describes the mathematical formulation of CINRNhow they can be
evolved using genetic algorithms, and some variants of tdedard formulation devel-
oped to try and improve performance. The section concludésdiscussion of a prob-
lematic feature of CTRNNS, that of node saturation, that nagddved by the inclusion
of homeostatic plasticity.

3.4.1 Mathematical formulation of CTRNNSs

CTRNNSs are specified as a set of differential equations thetrgchow the state of each
neuron changes over time and how neuron potential detestineg rate. These are
given in Equations 3.1&3.2 below. Figure 3.1 shows a schenwdta single CTRNN
node in a network.

N
W=-y+ > wiz+I (3.1)
AP

1
2T 1re 0D
By analogy with biological neurons, Equations 3.1&3.2 esmgmt the state of a node
connected td\ nodes including itself, wherg represents neuron potential; is the
strength of the synapse from tif8 afferent neuronz is the firing rate of thath affer-

(3.2)
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ent neuron| is any external input the neuron receives, dni$ the bias term for the
neuron. Equation 3.1 defines the rate of change of poteniilalrespect to timey) mod-
erated by a neuron specific time constar).( Equation 3.2 specifies neuron firing rate
as a sigmoid function of neuron potential and bias. Weigatstake positive or negative
values, representing excitatory and inhibitory synapdisases can also be positive or
negative, reflecting the neuron’s inherent tendency tosvgrdescence or excitation.

3.4.2 Evolving CTRNNSs

Currently the best method for training CTRNNS is artificial kexmn using genetic al-
gorithms. The GAs are generally used as previously destrildd] and [10] offer good
descriptions of this methodology applied to CTRNNSs. Here vilejust briefly describe
how CTRNNs may be encoded for use with GAs.

Each node in a fully connected CTRNN hst- 2 parameters: a decay constaypt
a bias ternb, andN afferent connection weights; from itself and from all other nodes
in the network. Thus ailN-node CTRNN ha®\(N + 2) parameters in total. Note that
the space of all fully connected-node architectures contains altnode networks with
lower connectivity, where a connection weight of zero iradigs a lack of connection.

Since all the parameters ina CTRNN are real-valued, itis comto use a real-valued
encoding. This is the method used for the evolutionary e@rpets in this thesis. The
ranges for connection weights, bias terms and decays adifallent, whereas the val-
ues used in a genotype usually all come from a single rangeaie of implementation
of mutation and crossover. For this reason, CTRNNs are haredeal into a genotype
where all values are drawn from the rarjgel.00, 1.00], with a developmental stage map-
ping genotype values linearly to appropriate ranges far tesociated phenotypic traits.
Further details of the GA and encoding used here will be ginghe text as appropriate.

3.4.3 Improving evolvability

Successful evolution of good neural controllers is not seasdly easily achieved and
over the years attempts have been made to improve the meth@chumber of ways,
e.g., improvements to the evolutionary algorithm [33, B8, different encoding schemes
[64,72,100, 132], the addition of Hebbian plasticity [68, 63], the inclusion of mecha-
nisms analogous to the diffusion of gases in biologicaliz 7], the enforcement of the
centre-crossing condition [127], and the use of spikingroesi [50, 59]. These attempts
have met with some success, but have not solved the geneldépr of how to reliably
evolve good neurocontrollers. Even where evolvability basn improved, the difficulty
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inherent in the post-hoc analysis of such complicated systaeans that the reasons for
the improvement may not be fully understood.

The type of controller used defines the evolutionary sutestsa which the genetic al-
gorithm acts. The different levels of success achieved tigréint controller types demon-
strate that some evolutionary substrates are better thansotor certain problems. It is
tempting to wonder whether a type of controller exists thatmiversally better than other
neurocontroller variants. However, this kind of thinkirsgikely to be wrong-headed. An
appeal to the principle of ‘no free lunch’ [188, 189] remingsthat there is no universal
best optimisation algorithm over all classes of problenmifsirly, there is not necessarily
any reason to believe that a universal best neural contrelists for robotics.

However, the lack of a universal best controller does notmtéat some types of
controller might not be better than other types for a paléicalass of problems. Also,
the range of problems where a particular controller typedraadvantage might be broad
enough to encompass a large part of the domain of evoluyawdotics. It is this hope
that has motivated previous attempts to improve the metbggi@f evolutionary robotics
by developing types of controller that are more evolvablehe Tnythical substrate of
perfectly evolvable, perfectly capable, perfectly robrmttrollers does not exist, but that
does not mean that we cannot try to find controllers that ane malvable, more capable
and more robust than others.

In Section 6.2.6.1 we will argue that any good robot congrollill display the basic
properties of being able to react to its environment whilatmtaining some internal (pos-
sibly oscillatory) dynamics. CTRNNSs are capable of provigall these desirable prop-
erties; they hold internal state, can propagate a signal 8ensors to effectors, and have
often been used as central pattern generators (neuraitsitbat generate autonomous
oscillatory dynamics). Their capabilities of universahétion approximation and nonlin-
earity offer further benefits. However, the fact that CTRNfds display these properties
does not necessarily mean that thei}.

3.4.4 The saturation problem

In Chapter 6 we will present experimental evidence to showrdradomly parameterised
CTRNNSs are typically poor at showing the sorts of desirabtgpprty we have outlined
above. The reason for this is node saturation.

Consider the sigmoidal transfer function that is used touwate neuron firing rate
from neuron potential (given by Equation 3.2). This curvehswn in Figure 3.2, which
plots neuron firing rate as a function of potential. Sinceramtfiring rate is bounded
between 0 and 1, in a network of fixed connectivity the effectnput received by any
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Figure 3.2: Sigmoidal transfer function: firing rate as adion of potential, showing
different possible ranges of habitual fluctuation. Ranges@C give a saturated response
where firing rate will not vary significantly in response toleaage in input, while range
B gives a non-saturated response where firing rate will chagnificantly.

neuron is also bounded, with the upper and lower limits deteed by the number of
afferent connections and their weights. This means thgiobential of the neuron (being
a function of itself and the received input) will fluctuatetivn a bounded range. The
location and size of this range of potential determine wilaaiation is possible in firing

rate.

Figure 3.2 shows three examples of different ranges in whmential might vary.
Two of these ranges, A and C, give what might be termsdtaratedresponse. In these
ranges the firing rate of the neuron does not vary despiteghation in potential since the
potential is either too high or too low; the neurorseturated-off(range A) orsaturated-
on(range C). The saturated-off response corresponds to guesadn biological neurons,
where the neuron never fires, while the saturated-on regpomsesponds to biological
hyper-excitation, where the neuron always fires at its makirate. The third range,
range B, gives a non-saturated response. Here the poteaties in the region where the
sigmoid curve has the largest gradient, meaning that a éhanpgotential is translated
into a significant change in firing rate.

Consider the effect of a change in input on neurons with p@tevdarying in ranges A,
B and C. Non-saturated neurons (range B) will change thepuiwhen input changes,
since the change in potential is converted into a changeingfiate. However, saturated
neurons (ranges A and C) will not alter their firing activityeaming that they display no
effective change in state. Saturated neurons thus play manp@etwork dynamics since
they give constant output irrespective of changes in inpiaey cannot play any part in
oscillatory dynamics and act as barriers to the propagatiaignals.

Saturation is a continuous, not a discrete, quantity; aorearay be more or less sat-
urated. It may be thought of in an inverse relation to sensitiFully saturated neurons,
where a change in input causes no detectable change in famag;ompletely insensi-
tive. Minimally saturated neurons, where the range of pidérs centred on the region
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Figure 3.3: Firing rates at equilibrium and firing rate respes to a sinusoidal input signal
for three example nodes. Node | has a fully saturated-ororess its firing rate never
changes but remains maximal. Node IIl has a mostly satwa@ttedsponse,; its firing rate
changes slightly. Node Il has a strong non-saturated respamd its firing rate is changed
significantly by the input signal.

of largest gradient of the sigmoid and a change in input catieelargest possible change
in firing, are maximally sensitive. Figure 3.3 shows the @ffef a sinusoidal input signal
on three nodes with varying levels of saturation. The nothesvdifferent levels of re-
sponse to the same stimulus; one node shows a strong asgilthtnamic as a result of
the external forcing, another a faint oscillation, while#rer shows no change in activity
at all.

Networks will generally be made up of neurons with differéatels of saturation,
giving an aggregate saturation at the network level. Ndtwarill be more or less satu-
rated/sensitive depending on the saturation levels of twistituent neurons. Networks
made up of maximally sensitive neurons are referred to byhllmmchan & Beer (2002)
as centre-crossing networks, where the nuliclines of tlteaantersect at their exact cen-
tres of symmetry (in other words, where there is an equiliorpoint of the system in the
absence of input where the firing rate of all nodes is 0.5). @etrossing networks were
shown by Mathayomchan and Beer to be a fertile substratenevolution of rhyth-
mic behaviour, since all nodes played a part in network dyoamContrast this with
the behaviour of a network made up of fully saturated nodesh & network would not
change its activity in response to stimuli and would not piaalinteresting behaviours.
Depending on the topology and connectivity of the netwoskworks could be severely
affected by saturation of just a few nodes at key locationgiti€ecrossing networks may
be thought of apoisedto behave, while saturated networks may be thought afexs.
We can expect signals and waves of activation to propagdteny@ised networks, but
not at all in networks that are inert.
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3.5 Homeostatic plasticity in biological nervous systems

It is useful to consider biological neural networks and teserve that saturation effects
(i.e., hyper-excitation and quiescence) are probably ncramon problem. One pos-
tulated reason for this is the existence of homeostatidiplasechanisms that serve to
regulate neural activity [37,167]. While the precise featof neural activity that is regu-
lated is not known (it may be mean firing rate, mean calciunceatration or some other
feature) it is clear that neural activity tends towards astant level in the long term. It
Is also clear that there are a variety of mechanisms by winishhibomeostasis is accom-
plished, amongst which are a number of mechanisms affettimgtrength of synaptic
connections [1, 25, 37,167] and several mechanisms aftgttie intrinsic excitability of
individual neurons [2,45,167,194].

Biological neuronal networks are highly complex systems. well as the electrical
firing of neurons and release of neurotransmitters, thecstra of the network and in-
ternal properties of neurons all change continually. Exgrere-dependent plasticity and
developmental change cause alterations to the networknybe face of this continual
perturbation the network somehow maintains a large amofistability. Homeostatic
plasticity acts to promote stability in neuron firing ratdsis thought that homeostatic
plasticity may counteract the positive feedback effecsaated with Hebbian learn-
ing [171] and that it may also serve to maintain stability guronal networks during
development [172].

This section will give a brief description of some of the farof homeostatic plas-
ticity observed by neuroscientists. The literature on gubject is very large and a
complete review is beyond the scope of this thesis. Theested reader is referred
to [37,167,171,172], which together give a reasonablevaaerof current knowledge of
homeostatic plasticity in biological nervous systems. riefbneurons can use their own
activity as a feedback signal that allows them to maintangtterm stability in firing rate
by homeostatic mechanisms. There is a wide variety of masiman of which only a few
will be described here. For our purposes we are mainly istecein the mechanisms that
are most suitable for use with artificial neural networksjaihnclude those affecting the
intrinsic excitability of neurons and those regulating ral activity by multiplicative
scaling of afferent synaptic connections. We will desctitbese below, together with a
brief description of a few other kinds of homeostatic plastiechanism which are in-
cluded to indicate the variety of mechanisms so far observed
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Figure 3.4: When firing rate is low, intracellul@a?* concentration falls, triggering a
compensatory increase in the inward current and decreasdward current. This raises
the excitability of the neuron, increasing firing rate. Thgposite occurs when firing

is too high, increase@a?" concentration leads to a reduction in inward current and an
increase in outward current. Excitability is then lowerezfjucing the firing rate. In this
way, intracellulaiCa?* concentration is homeostatically regulated around a tdegel,
with an associated regulation of firing rate. Diagram adajrem [167] (p.222).

3.5.1 Plasticity of intrinsic excitability of neurons

The levels of synaptic input to a neuron may vary dramatyadliring learning and devel-
opment, yet neurons somehow remain sensitive to input,esiigg that their output re-
sponse is regulated dependent on their recent history iwftgc he integrative properties
of a postsynaptic neuron are determined by the mixture asttilalition of the voltage-
dependent sodium, calcium and potassium conductanceis gxaibits. Thus if activity
can alter these conductances, it can alter the response ofetiron to input, that is, it
will alter the intrinsic excitability of the neuron [171].u8h an effect has been demon-
strated in invertebrate neurons, where ongoing patterogdtg was shown to regulate
conductances [69, 70,168, 170]. A similar effect has beeeed in cultured neocorti-
cal pyramidal neurons, where activity blockade lowers thieghold for spike generation,
raising the firing frequency for any given level of input stilation [45].

It is modifications to the balance of inward and outward ioargtels that performs the
regulation of firing activity. Regulation is triggered bymse signal that is well-correlated
with firing activity, such as intracellulaEa?* [167]. If the neuronal firing rate is low,
the intracellulartCa?t concentration falls, triggering an alteration in conductes that
raises firing rate (and with €a2* levels). If the firing rate is too high, intracellul@a®*
concentration rises and conductances change to decreasty and lowerCa?" levels.
This is shown in Figure 3.5.1.

Homeostatic regulation of conductances is an example otthewntrinsic excitability
of neurons may be altered to maintain long-term stabilitfiing rate, where the target
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Figure 3.5: Synaptic scaling preserves relative diffeesnbetween synaptic strengths.
Initially, the two synapses have equal strength. When onesais strengthened by
long-term potentiation, postsynaptic firing rate increagmusing a scaling down of the
strengths of both the synapses. Thus firing rate is regulatedrelative strengths of

synapses are preserved. Diagram adapted from [167] (p.224)

level of theCa?" signal reflects the set-point around which firing rate is tagg. Such
regulation may be able to fine-tune the output propertiesn&fiaon to match its input, so
that the information encoded by the firing rate output is mased [158].

3.5.2 Synaptic scaling in the central nervous system

Regulation of neuronal activity in the central nervous egst(CNS) is difficult. Each
neuron may have thousands of afferent synaptic connectiamsh may be inhibitory,
excitatory or modulatory. The number and strength of theseections also changes
during the lifetime of the neuron. This input complexity neakhe maintenance of sta-
ble activity by a neuron unlikely, but it now seems likely tizartical and hippocampal
neurons regulate their own firing by scaling their synaptiguts up or down as a func-
tion of activity [167]. This scaling has been demonstratedultured cortical neurons,
where excitatory connections between pyramidal neurome glebally scaled in relation
to firing rate; when firing rate was high, excitatory connecs were scaled down, when
firing rate was low excitatory connections were scaled u®@[1&he scaling is achieved
by changes in the quantal amplitude of the AMPA receptoriated component of exci-
tatory neurotransmission, which is responsible for mucthefexcitatory transmission in
the CNS.

Synaptic scaling in the CNS is a slow process, taking hoursys of altered activ-
ity to modify synaptic strengths [167]. This allows shaet#h fluctuations (necessary for
encoding information in normal operation) while ensuringttiong-term stability is main-
tained. Also, synaptic scaling is a multiplicative proctss acts equally on all excitatory
synapses to a neuron. This preserves relative differemcsgength between synapses,
such as those caused by synapse-specific plasticity likggtlenm potentiation or long-
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term depression (see Figure 3.5.2). Synaptic scaling canehd to competition between
synapses if (as is believed) there is some regulation afsgtaptic strength [167].

3.5.3 Synaptic homeostasis at the neuromuscular junction

One of the earliest demonstrated examples of homeostastgty is the response to loss
of innervation to skeletal muscles. When synaptic drive $$, Imuscles become more ex-
citable and likely to contract spontaneously. Genetic ipalation of synaptic properties
in Drosophilahas highlighted the existence of a number of compensatoghamsms
that act to keep neuromuscular transmission relativelystzon [37]. At theDrosophila
neuromuscular junction there is a very narrow range of imagon where the muscle
will respond appropriately, outside of which the muscléeitbecomes hyper-innervated
(causing tetanus) or hypo-innervated (causing failureciatract). However, when one
synaptic property is altered by genetic manipulation, ospects of synaptic transmis-
sion change to homeostatically regulate the level of instgon [37, 38].

3.5.4 Neurotrophins and regulation of activity in cortical networks

Brain-derived neurotrophic factor (BDNF) has been impgkchin various mechanisms
of activity-dependent plasticity, including the modutettiof synaptic transmission, long-
term potentiation, postsynaptic depolarization, derdatitgrowth, synaptic scaling, and
plasticity of intrinsic neuronal excitability [171]. Sonstudies show that short-term ex-
posure may increase excitatory synaptic transmissiorigvatthers show that longer-term
exposure may act to stabilise network activity.

Long-term, low concentration exposure to BDNF appearsdbikse the activity of
cortical networks, not only by regulating intrinsic exditéty [44], but also by balanc-
ing the strength of inhibitory and excitatory inputs [14Th. the cortex, pyramidal neu-
rons have an excitatory effect on other pyramidal neurorslewnterneurons have an
inhibitory effect. BDNF acts to scale down excitatory inptd pyramidal neurons and
scale up those to interneurons, raising the level of iniabiin the network. Because the
level of BDNF is positively correlated with activity, thiseohanism acts as a negative
feedback on activity that maintains overall levels of firinghe network around some set
point.

3.5.5 Activity-dependent regulation of synapse number

Perhaps the most controversial form of homeostatic piagiicthe brain, with evidence
in the literature both for and against it, concerns the idhad tegulation may be achieved
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through changes in the number of synapses and not just bgekamtheir strength.

Some studies have suggested that numbers of AMPA and NMDépters can be
modulated as a result of prolonged changes in activity,ghauhether they are regulated
independently or in parallel is unknown [171].

Homeostatic plasticity may play a role in synaptogenesigesthe success or failure
of the possible synapses during dendritic/axonal outdramd retraction is determined
by the strengthening of the synapse [167]. Since homeogtédsticity affects synap-
tic strength it must implicitly affect the success of new agses. It also possible that
there is some global regulation of the number of synapsasgsome similar process
Is needed to counteract Hebbian mechanisms and explaactiett of synapses during
development [171]. This is related to the competition betveynapses that is fostered
by synaptic scaling; synapses weakened by scaling dowrsporse to strengthening of
other synapses may reach a point where they are elimina@&d. [1

3.6 Homeostatic plasticity in artificial nervous systems

There are few previously published studies of homeostaéistigity in artificial neural
networks for robot control. The most significant papers hosé by Di Paolo [46,48] on
homeostatic adaptation (followed up by Balaam [8]), andla@gpaper by Di Paolo on the
use of homeostatic oscillators to give functional robussn@7]. Another related article
is [84], which also attempts to apply homeostatic plastitatartificial neural networks.
Also related is the concept of centre-crossing networkssgmted in [127]. These papers
are briefly reviewed below.

3.6.1 DiPaolo (2000) ‘Homeostatic adaptation to inversion of the vi-
sual field and other sensorimotor disruptions’

Di Paolo (2000) [46] presented an investigation into Askhgleas of ultrastability and
homeostatic adaptation [7] applied to evolutionary ratstDi Paolo was interested in the
link between internal stability and adaptive behavioud amether a causal relationship
could be established between them in an artificial ageritidgfdould be done then perhaps
it would give similar robustness and adaptability to thatrse animals.

Di Paolo tested his ideas in a simple evolutionary robotmsnario. He evolved
CTRNN controllers for a simulated robot to perform photosaxi a simple environment.
Fitness was awarded for performance of phototaxis on assefikght sources, and also
for maintenance of internal stability. Internal stabiliglated to a novel feature of the
CTRNNSs that Di Paolo used, which was the inclusion of a formeafral homeostasis.



Chapter 3 61 Background to Part Il

Di Paolo combined the notion of node-level homeostasis iingfirate with Hebbian
learning mechanisms acting on synapses. Each synapse leagicglly specified Heb-
bian learning rule associated with it, which was applied mvpest-synaptic firing was too
high or too low. This selective plasticity was implementebtigh the use of a plastic fa-
cilitation function. Plastic facilitation was a piecewiggear function of neural activation
that returned a signed value when activation was outsidegatthomeostatic range.

Controllers were evolved with fithess awarded for phototaatihaviour and for keep-
ing node activation inside the homeostatic range. Evoleedrollers were then tested for
long-term stability by running them for several hundredtigource presentations, to en-
sure that there were no destabilising slow dynamics oangiriThe stable controllers were
then tested for adaptation to a variety of sensorimotougisons, with results presented
for adaptation to inversion of the visual field.

The simulated robot had two light sensors well separated@rcalar body (i.e., the
same layout as the robot shown later in Figure 6.1). Invarsiathe visual field in this
scenario corresponds to switching the input to the left agltrsensors. This switch
was performed and then robot behaviour was observed to seRatation (recovery of
phototactic behaviour) occurred. Di Paolo’s hypothesis et phototactic behaviour
and internal stability (node homeostasis) somehow becamked during evolution so
that they require each other. When a perturbation occursdisatpts the phototactic
behaviour, the resulting loss of internal stability willige plastic change until a new
stable phototactic attractor is discovered. This shoulklpsince internal stability can
only be recovered when phototaxis is performed; the cdetrd ultrastable, similarly to
the Homeostat [7].

Results showed that adaptation to inversion occurred inratd0% of stable con-
trollers. The time taken to re-adapt was linearly correlatgh the time of inversion, i.e.,
it took longer to adapt when the sensors were swapped lateeiagent lifetime. Similar
adaptation was reported to other perturbations, such asrasyric alterations to the gain
of sensor and motor neurons.

The work presented by Di Paolo in [46] is interesting andaglie best of the author’s
knowledge) the first reported attempt to incorporate angnfof neural homeostasis into
an artificial neural network for robot control. However, thare a few areas of uncertainty
over the results. Firstly, the simplicity of the task makiekard to be sure that genuine
re-adaptation has occurred. Phototaxis can be easilyrmpaefbby a light-sensitive robot
using only one sensor and moving in a cycloidal motion towdh# source. While the
robot motion reported by Di Paolo prior to inversion is a sitowvo-sensor solution, the
motion by re-adapted agents after the inversion is rep@sdtiis kind of cycloidal trajec-
tory. The existence of these single-sensor solutionsgajgestions over the suitability of
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the task for testing adaptation to sensor inversion.

Also, it is not clear how successful the evolved controlkmes at maintaining internal
homeostasis. The nature of the Hebbian rules used meanpdhitive feedback and
runaway weight change can occur, and in these cases noneltatie saturated attractors
will be easily reached, where weights are pushed to thereesef their permitted range
by the plasticity. This kind of feedback effect has been olesby the current author in
unreported investigations of Hebbian learning in CTRNNS.

A final concern that is less to do with Di Paolo’s work and magkated to our pur-
pose in this thesis, is that the homeostatic plastic meshenused by Di Paolo are not
reflective of the view of homeostatic plasticity from newnesice. The idea of plasticity
triggered when firing goes outside a target range is valitthmiuse of Hebbian mecha-
nisms is not. Homeostatic plasticity in biological braisghought to be a counterpart to
Hebbian learning, using node-level scaling and intrins&sticity to give negative feed-
back on activity. Hebbian mechanisms, however, are syrgypseific and tend to give
positive feedback; it is precisely these effects that hastam plasticity is thought to
prevent [171].

Di Paolo’s study was subsequently re-implemented by Balggnwho performed
further experiments and minor modifications to the origisetheme. Balaam found that
successful re-adaptation occurred less frequently tharb@% rate found by Di Paolo.
Balaam speculated that phototaxis might be a behaviouraksdr with a large basin of
attraction, and measured the likelihood of phototaxis a@og with randomly generated
control networks. He found that almost 10% of random netwarkthe same size as
Di Paolo’s networks performed phototaxis, and raised corxéhat adaptation in this
scenario might not be as difficult as previously assumed.

Despite these concerns, Di Paolo’s work remains an infagesind original piece
of research. Its aim was to study homeostatic adaptatiortificel agents, rather than
homeostatic plasticity in neural networks, and it has media valuable first step in this
line of questioning.

3.6.2 DiPaolo (2003) ‘Organismically-inspired robotics: homeostatic
adaptation and teleology beyond the closed sensorimotor loop’

In [48], Di Paolo further develops his theoretical model ajlbgical homeostatic adap-
tation and argues that robotics should move beyond justgabiological inspiration for

the solution of engineering problems, and seek to incotpdtee fundamental properties
of biological organisation into artificial agents in orderdive them true autonomy and
self-generated purpose. As such, the paper is largely aggphical treatment of the na-
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ture of life and cognition, where homeostatic adaptatidieaured in its Ashbyan sense
of maintaining organisation and protecting essentialaldes. Homeostatic plasticity in
neural systems is included in the form of a review of Di Pa@l@00), where he highlights

similar problems to those mentioned above. He presents plesimodel that addresses
some of these problems, in the form of a robot controller geforms a piecewise linear
input-output mapping and behaves as Ashby’s Homeostat [ig.lack of a neural model

in this work means that it does not offer any useful advanceto current purpose; dis-

cussion of this work is included here for completeness amtoonstrate Di Paolo’s own

awareness of the problems with his earlier work that we diesdrabove.

3.6.3 Di Paolo (2002) ‘Evolving robust robots using fast homeostatic
oscillators’

In [47], Di Paolo presents an exploration of the how robussnef evolved neurocon-
trollers can be improved using neurons that are constraioexbcillate at a timescale
faster than that of behavioural dynamics. He showed thatstoless to various sensori-
motor disruptions was increased because the faster tinegfecaed behavioural function
to be distributed across the whole control system, meahiaggach component played a
smaller role and hence had a smaller impact on performarpertfirbed.

The networks Di Paolo used were variants of CTRNNs where theterm becomes a
variable! The node state and transfer functions are the same as thveselyi Equations
3.1 and 3.2 respectively, while the bias was now governedduaion 3.3 below.

Tbbz —(b+y) (3.3)

whereb andy are the bias term and activation of a neuron as beforagisda genetically

set neuron-specific time constant constrained to be a reubijppthe decay constant for
that neuron. The bias thus acts on a slower timescale thactivation, and drives firing

rate to an average of 0.5 in the long term.

Fully connected networks with 4, 6, 8, 10 and 20 nodes wetamtigited as controllers
for a photosensitive robot (again similar to that shown igufe 6.1). Controllers were
evolved to perform phototaxis in a simple environment contg a light source, then the
evolved controllers were tested for their robustness t@muarsensorimotor disruptions.

Results showed that the controllers with the adapting bieiewnore robust, retain-
ing a significantly greater proportion of the unperturbed@enance when sensors were
swapped, lesioned or suffered angular displacement. Arsaghowed that the nodes in

INote that bias adaptation is sometimes referred to as thigakaptation in the neuroscience literature.
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the evolved controllers all performed as oscillators. DolB& conclusion was that this
prevented individual nodes from taking on functionally gfie roles in the performance
of a behaviour, distributing behavioural control across wWhole network so that failure
of individual elements had a lesser effect. He ended therpajble a hypothesis, “In

complex multi-component systems, robustness will beyikelbe obtained if functional
specification at the level of individual components is miisead” (p.8, [47]).

While Di Paolo’s work with homeostatic oscillators makes asa homeostatic plastic
mechanism that is more directly related to one of the meshasbbserved by neuroscien-
tists (plasticity of intrinsic excitability), his main erhpsis was on improving robustness
of evolved controllers by enforcing multiple timescale® ¢Hd not address the questions
of the general effects of homeostatic plasticity on neuealmork controllers, did not look
at how it affected evolvability, and only considered oneetyih mechanism. The work is
valid and relevant to this thesis, but leaves substantias gaunderstanding that we hope
will be addressed by the original work presented here i [&tapters.

3.6.4 Mathayomchan & Beer (2002) ‘Centre-crossing recurrent neu-
ral networks for the evolution of rhythmic behaviour’

In an earlier paper [15], Randall Beer had speculated thateerossing networks might
be more evolvable. Mathayomchan and Beer (2002) [127]det$tis hypothesis and
found that seeding evolutionary searches with centresanrgsnetworks led to quicker
evolution and better solutions.

To quote Mathayomchan and Beer directly, “A center-cragSiTRNN is one in
which the null-(hyper)surfaces of individual neurons srose another at their exact cen-
ters, ensuring that the range of inputs that each neuronivescis centered over the most
sensitive part of its activation function” (p.2044, [127]his means that there is a stable
fixed-point equilibrium state of the network where the firirege of each neuron is 0.5
exactly. Substituting for this value into Equation 3.1 ant/gg gives a relation for the
bias and weights of a neuron at the centre-crossing conditio

N
bt — — 2i2:1WI (3.4)

whereb* is the bias value that will give the centre-crossing condifor the set of afferent
weightsw;.

The argument that centre-crossing networks will be mordvatte is based around
the observation that, “Due to the form of [Equation 3.2],asd a neuron’s bias is prop-
erly tuned to the range of inputs it receives, that neurohsinhply saturate on or off and
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drop out of the dynamics. Thus the richest dynamics shoulidiyed in the neighbour-
hood of the center-crossing networks in parameter spacepae would expect that an
evolutionary algorithm would benefit from focusing its sehathere.” (p.2046, [127]).

Mathayomchan and Beer tested this hypothesis by seedingantienary search
with centre-crossing networks. The task was to evolve CTREINral pattern generators
(CPGs) for walking in a legged robot, a task which had alreaynbwvell-studied by Beer
in previous work [12]. Mathayomchan and Beer compared é¢mplary searches seeded
with randomly generated CTRNNs and with CTRNNs where the visiglere randomly
generated but where the bias terms were calculated to gnteseerossing networks using
Equation 3.4.

Results showed that the seeded searches consistentigévogher fithess solutions
and that higher fitness solutions evolved faster in seedagtises. Mathayomchan and
Beer found that in general, centre-crossing networks wearehmmore likely to display
oscillations than ordinary networks, so that the initiapptation was likely to contain
more fit solutions when the centre-crossing condition wderead. This gave more po-
tential oscillatory circuits to begin with, which could thée refined by the evolutionary
algorithm to fit the control task.

While the results given by Mathayomchan and Beer are basedwvaitking task, they
argued that because centre-crossing networks are moezlguitproducing CPGs, they
will be more evolvable for any oscillatory task. The also gesf that centre-crossing
networks may be more evolvable in general, since they allagieg access to a wider
range of dynamics.

3.6.5 Hoinville & Henaff (2004) ‘Evolving plastic neural controllers
stabilized by homeostatic mechanisms for adaptation to a per-
turbation’

One paper that explicitly tried to incorporate a more bidtadly plausible model of
homeostatic plasticity into neural networks for robot ¢ohtvas that of Hoinville and
Henaff [84]. Hoinville and Henaff were interested in incsgay the robustness of evolved
neurocontrollers to external perturbation. They presgatmodel that included both Heb-
bian and homeostatic plasticity, and tested their networks simulated single-legged
robot. While the intentions of the work presented by Hoirvéind Henaff were good,
there are a number of problems with their work that mean it matyhave achieved its
goals.

Hoinville and Henaff used a variant of the standard CTRNN aiukd Hebbian plas-
ticity rules that they based on the adaptive synapses moestpted in [61]. In the adap-
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tive synapses model, every synapse has an associatechtpaute that changes synapse
strength according to some function of the correlated filfgpre-synaptic and post-
synaptic neurons. This rule is genetically selected froor faossibilities (plain Hebb,
pre-synaptic, post-synaptic, covariance), adding a &uftf symbolic loci to the genetic
encoding. The use of this kind of plasticity has been explane(e.g.) [46, 60, 62—64],
which demonstrate some interesting results without a fdlical understanding of how
such plasticity affects the network.

To this already complicated network architecture, Hoievdnd Henaff then add two
forms of homeostatic plasticity. One is regulation of insic neuronal excitability using
a rule based on the idea of centre-crossing networks dieduss[127]. The other is
normalisation of synaptic weights.

Hoinville and Henaff mistakenly claim that a centre-cragsnetwork can be made by
switching from the asymmetrical logistic transfer functigEquation 3.2) to a symmetric
function such as the hyperbolic tangent. This claim doedaolat.

Normalisation of weights is performed by dividing the magde of every afferent
synaptic weight to a neuron by the magnitude of the resultatihe vector of afferent
weight magnitudes. This is performed after every chang&doneights caused by the
Hebbian plasticity rules and keeps the size of the resuitqnal to 1. This stops runaway
weight change and prevents grossly excitatory or inhigiteeightings from occurring.
However, it ignores the sign of the weights, meaning thab&sinot allow for the case
where large excitatory connections are balanced by lafgbitory connections.

Despite the problems with each of these rules individu#tiigre is a more significant
problem that affects both of the homeostatic rules used byl and Henaff. This
is that neither of the mechanisms that are supposed to ehsareostasis of firing rate
actually take into account the current level of firing. Theelr mapping of afferent firing
rates from the rang¢, 1] to [—1,1] does nothing to change the current firing rate of a
neuron and is based on an incorrect understanding of theeeerdssing condition. The
normalisation of weights will regulate the size of the irgptd a neuron to some extent but
there is no feedback between the firing of a neuron and thehivagymalisation except
indirectly through the Hebbian mechanisms.

Hoinville and Henaff showed that controllers using varioambinations of the above
plastic mechanisms could be evolved to give robust mainmaf a target velocity in
a single-leg robot system. They also showed that when fattions such as changes to
friction coefficients or to the target speed were introduiethe evolutionary process the
genetic algorithm could still find good solutions. This riéss valid and adds another
data point to the set of successful evolved neurocontsolldowever, the bigger claim of
Hoinville and Henaff, that their ‘homeostatic’ controkbesire more robust to external per-
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turbations than more standard controllers, is unfoundedtir§) aside the problems with
the implementation of their homeostatic controller, thet fdat the evolved controllers
are only shown to be robust to the perturbations which weesgmnt in their fitness tri-

als and for which they were evolved means that any claim oéggmobustness must be
watered down to a more modest claim of meeting the fithessriarit

While the aims of the paper presented by Hoinville and Henadfgood, and the
attempted inclusion of different sorts of homeostatic nagatm is to be commended, it
is the opinion of this author that there are too many flawshwibth the design of the
controller and with the experimental set-up, to be able aorlenuch from this work. The
way in which homeostatic plasticity has been included iheodontrol network should be
reconsidered, the evolved controllers should be testerhstgaerturbations that were not
present during evolution, and the post-hoc analysis shioeilchuch more rigorous if this
work is to be useful.

We should no longer be surprised that a controller with soymaariables and un-
doubtedly complex network dynamics can be optimised by a&temalgorithm to give
performance of a simple task. Instead we should be askingamtyhow it does so, and
there is simply too much complexity in the networks presermig Hoinville and Henaff
to be able to isolate cause and effect. Rather than addimg plaestic mechanism we can
think of, all at once, we should be seeking to describe thpgnees of each mechanism
and its effect on network dynamics and evolvability, by aimoelical series of experiments
and analysis.

3.7 Can simple simulations inform neuroscience?

In this chapter so far we have seen a clear flow of ideas fromaseience to robotics,
but it is worthwhile to consider the possibility that thesnalso be a flow of information
in the other direction. Although the neural models used bots are hugely simplified
and abstracted compared to real brains, there are a numlaeeas in which it may be
possible for neural robotics to inform neural science.

Computational modelling is an accepted methodology in rezieoce, where detailed
models of different brain structures are simulated and @meybto real-world observation.
However, computational neuroscience has a tendency eitvards detailed models that
are computationally expensive (and may in any case missrogiat features of the real
system), or towards simple models that are tractable butiweigelation to the real system.
In attempting to capture the complexity of real neural systecomputational constraints
mean that there is always a trade-off between the level @fildata model and the scale
of the system that can be modelled. It is not yet possible tdalwhole brains at a high
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level of neuronal detail, and will not be possible for sonmesti

CTRNNSs are highly abstracted and are probably not very goodefsaof real neu-
ronal networks. However, their abstraction means thativelg large networks can be
modelled, and their suitability for use as robot contralepens up the interesting pos-
sibility of modelling at the level of an agent interactingtiwian environment. This is
something that has never before been possible. The scalecamplexity of biological
neuronal networks, and the computational expense of aecaradels, have meant that
experiments on behaving neural systems have not been [gogsiil the advent of neural
robotics. We can’'t observe undisturbed biological braiekdving in their natural state,
neither can we selectively alter different parts of worklmgins and measure the effect
on animal behaviour. But we can do exactly that in artificialiral systems, where all
parameters and variables are accessible, and where exmesiare repeatable and free of
ethical concerns.

Neural systems used to control agents that act in some @amveot close the sensori-
motor loop; the agent s involved in a continuous recipraai@raction with the world. As
such, sensory information and patterns of neural actiatyehmeaning that is grounded in
behaviour. Rather than arbitrarily assigning inputs anamimggs, we are now able to ob-
serve the actions of an agent in its environment and inten@eral dynamics in terms of
objectively measurable behaviours. This grounding avthdgroblems inherent in sub-
jective speculations over the possible function of différtypes of neural mechanism for
higher-level functions; we do not need to guess at how naatality might affect agent-
level behaviour because we can directly measure it. The slmgrounding problem of
symbolic Al (and non-embedded connectionist models) isckaeb

The utility of this whole-system analysis for learning abbiological brains rests on
how well the artificial networks we use share the propertfes@biological ones we want
to learn about. It is readily apparent that CTRNNSs are not @teunodels of real neu-
ronal networks; they are highly abstracted and ‘neuron€TRRNNSs are probably better
interpreted as representing groups of biological neurblosvever, it is also apparent that
both CTRNNs and biological neuronal networks fall into songhbr category of ‘par-
allel distributed processors’, or more ambitiously, thegal class of ‘neural systems’.
As such, it may be that learning about one can help us to |daontahe other. Real
neuronal networks are made up of interconnected nodesagliagl a sigmoidal firing re-
sponse to stimulation, just like CTRNNs. Maybe a good undadihg of the dynamics of
CTRNNSs and behaviours of agents controlled by them will halpoua better functional
understanding of animal brains and animal behaviour.

A good example of this kind of work is Beer’s analysis of theiraé controller of an
agent that had been evolved to perform a categorical peocefatsk [11]. In this work,
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Beer applied dynamical systems analysis to the coupledanktagent/environment sys-
tem to understand the way in which a decision was reachedihgdo he highlighted a
number of interesting issues. For instance, the ‘decisiade by the agent over which
category an object belonged to appeared to be extended drogpotally during an ac-
tive scanning behaviour and spatially across the wholeesysDescribing the decision-
making process in terms of dynamics and attractors raigegesting questions for cog-
nitive scientists and provides a concrete example for tindsetake a dynamical systems
approach to cognition [14, 16, 164, 173]. Do biological hsafollow a similar decision-
making process? Might other cognitive tasks have a simiplamation? The answers to
these questions are far from clear, but Beer's approachrétysvalid.

In justifying his work, Beer makes reference to the metapbithe ‘frictionless
brain’ [11]. Just as Newtonian mechanics was developed aamiermseful by ignoring
complicating real-world factors such as friction and asistgance and instead working
with idealised representations of the world, it may be thaabstracting the fundamental
principles of neural systems away from the messy compl@fibjological brains we may
arrive at a better functional understanding of brain-ligetems.

Such a methodology is to some extent followed here. We doetepd that the models
of homeostatic plasticity presented below are accuratesfsad how it occurs in biology,
but we do maintain that the mechanisms used share some airtiarhental properties
that their biological counterparts must have. So long asameember that we are working
with simple abstractions it may be that we, like childrem &sarn about the real world
by playing with toy models.

3.8 Aims, objectives, questions

The over-arching aim of evolutionary robotics is to buildogarobots, and this must be
remembered as the primary goal here. However, to do so is siaghtforward matter
of iteration and improvement. There is also room for new sdaad exploratory study.
We have seen that CTRNNSs and their variants are capable ofigrafigood robot con-
trollers, but also that they do not easily or reliably do soe Wave identified a possibly
problematic feature of CTRNNSs that might make them hard tdveva.e., that of node
saturation. We have also observed that node saturation & poblem in biological ner-
vous systems, and that this is likely to be because of theepoesof homeostatic plastic
mechanisms that act on system parameters to keep actibtyunds.

We feel that these observations justify a study of the utiit homeostatic plastic-
ity in artificial neural networks. Specifically, we want to dimnswers to the following
guestions:
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1. Can HP be implemented in CTRNNs?
2. Does HP prevent node saturation?
3. What effect does HP have on node/network/agent behaviour?

4. Does HP make CTRNNs more evolvable?

These questions will be described and justified more fulig, laopefully answered, in the
remaining chapters of Part Ill. While the emphasis of Paitltn the engineering aspects

of these questions, we will always try to discuss the relegasf the work presented for
neuroscience.



Chapter 4

Can homeostatic plasticity be
Implemented in CTRNNSs?

4.1 Overview

Before any study of the effects and utility of homeostatiaspicity in continuous-time
recurrent neural networks (CTRNNS) can be undertaken, wedirall need to deter-
mine how it should be implemented. We need to consider whit¢heovarious kinds of
homeostatic mechanism are suitable for incorporation GI®NNs and then develop a
formulation for how this should be done.

4.2 What types of mechanism should be implemented?

As described in Chapter 3, there are many different sorts ofdustatic plastic mecha-
nism in the brain, and therefore there are a wide variety ntidate mechanisms that we
might adapt for use in CTRNNSs. With enough effort, almost afithe mechanisms might
be used, but given the simplified nature of CTRNNs compareeddbhrains it seems sen-
sible to work at a similar level of abstraction when addingspicity. CTRNNSs are highly
abstracted, highly idealised simulacra of small sectidrisalogical neuronal matter that
ignore the full complexity of neural dynamics in favour of@ceptually clear framework
for study. The homeostatic plastic mechanisms developes steuld follow the same
rationale, for reasons of analytical and computationait#daility, and also because over-

71
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tion. weights has a similar effect.

Figure 4.1: Schematic of the effects of different kinds ofrtemstatic neural plasticity.
All axes are linearly scaled.

complicating the plasticity we add to a CTRNN will move theuliag networks too far
from the standard CTRNN for reasonable comparisons to be made

CTRNNSs (as used in the robotics community) typically have ediarchitecture that
does not change during the functional lifetime of an agest, no new synapses are
added or removed. Adding homeostatic mechanisms involiegreation or deletion of
connections would therefore involve considerable effiidt of all a reasonable model of
how neural architecture might chang&houthomeostatic constraints would be needed,
before a model of how this might occuith homeostatic constraints could be developed.
For this reason we will not develop mechanisms that chantyeank topology.

Broadly speaking, the remaining homeostatic mechanisatsatte well-documented
in the literature can be grouped into those that act on symefficacies and those that
affect the intrinsic excitability of neurons, and theselwe the mechanisms we study in
this thesis. Rather than copy individual mechanisms inikleta will appeal to simplicity
and develop mechanisms that hopefully capture the queditainctional performance
of the myriad individual synaptic and internal mechanismiat is, we will develop
two simple homeostatic plastic mechanisms that perfornagtyn scaling and that alter
intrinsic excitability. In biological networks these mexfisms are directed to regulate
firing activity, and we will adhere to this principle here.

4.3 Functional effects of homeostatic plastic mechanisms

How do the chosen kinds of homeostatic plastic mechanisectadf neuron? Figure 4.1
shows the way in which plasticity of intrinsic excitabilignd synaptic scaling should
affect a hypothetical neuron. We describe the way in whiathdgpe of mechanism
might regulate firing rate below.



Chapter 4 73 Homeostatic plasticity for CTRNNsS

4.3.1 Synaptic scaling

If the overall level of firing of a neuron falls too low, an imase in the strength of all
its excitatory connections should help to raise it; siniyaif the level of firing gets too
high a decrease in the strength of excitatory connectionsldhelp to reduce it. This
synaptic change is thought to act with equal force on allraffesynapses to a neuron,
l.e., it is a multiplicative scaling of all synaptic strehgt[167]. Contrast this with the
synapse-specific changes associated with Hebbian caoreladsed plastic mechanisms
such as long-term potentiation or depression.

The functional effect of synaptic scaling is different whbe scaling is applied to the
self-connection or to the input connections to a neuronedifely, synaptic scaling of
the self-connection alters the gain of a neuron, that ishanges the size of the output
response to a given input signal (see Figure 4.1(a)). Simsqdling of the input weights
affects the influence of the input signal received, and thi®flected by a translation of
the output curve along the input axis (see Figure 4.1(b)).

4.3.2 Plasticity of intrinsic excitability

Another way of regulating activity around a constant legadlteration of the intrinsic ex-

citability of neurons. If firing rate is consistently too higa reduction in the excitability

of the neuron should reduce it; if firing rate is consistemly low, increased excitability

should raise it. Intrinsic plasticity of the excitability neurons affects the neuron’s func-
tion by changing the firing rate response to a given inpugaively this translates the
neuron’s input/output curve along the input axis (see Fagui (b)).

4.4 Mathematical formulation of homeostatic plastic mech-
anisms

Homeostatic plasticity is here incorporated into CTRNNSs bfirdng a target range for
the firing rates of neurons, corresponding to the postulatddevel of activity about
which homeostasis is maintained, and then triggering ipiastvhenever the firing rate
of a neuron is too high or too low. The notion of plasticityieated by high or low firing
rates is captured by the use of a plastic facilitation fuorcthat varies with firing rate [46].
Two mechanisms were developed to implement homeostastigitsg in CTRNNs. These
were synaptic scaling (Figure 4.1(a)) and an adaptive bias (Figure 4.1(b)). It should
be noted that in biological systems plastic change occuis mich slower timescale to
that of neural firing activity, and that the valuesmfand 1, used in Equations (4.2) and
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Figure 4.2: Plasticity occurs when firing rate is outsidetdrget range; the size and direc-
tion of the excursion determine the rate and direction o$tdachangelLeft: Sigmoidal
transfer function showing upper( ) and lower H) bounds of target rang®ight: Plas-
tic facilitation p as a function of firing rate.

(4.3) are chosen to reflect this. Actual values used will bergbelow where appropriate.

4.4.1 Plastic facilitation

The idea of plastic facilitation was first suggested by DilBawo [46]; its use here owes
much to his original work, but the form of the function usedlightly different. Plastic
facilitation p is zero when the firing rate is within the target range andragdalls linearly
to +1 outside this range, as defined by Equation 4.1 and showmgurd-4.2(b).

Hh—:Z : 0<z<H_
p= 0 : Ho.<z<Hy 4.1)
M2 0 Hu<z<1

wherep is the level of plastic facilitation and, andHy are the lower and upper bounds
of the target range. It is not clear what the optimal valuegliese variables would be
for any given situation. For most of the experiments regbttelow, H, = 0.75 and
H. = 0.25, but sensitivity tests on these parameters showed thet walues could have
been used without changing the qualitative nature of thelteachieved.

The plastic facilitation function acts in conjunction withe plastic mechanisms de-
scribed below to give directed plastic change that showgdlege firing rate to the target
homeostatic range.

4.4.2 Synaptic scaling

When the firing rate of a neuron goes outside the prescribegkrath afferent synapses
to that neuron (including the self-connection) are muitgtively scaled. The scaling
is directional; it acts so that weights are changed in theation most likely to bring the
neuron firing rate back into bounds. Scaling is applied tdlndtibitory (negative weight)



Chapter 4 75 Homeostatic plasticity for CTRNNsS

and excitatory (positive weight) synapses. If the firingeret too high, then excitatory
synapse strengths are scaled down and inhibitory synagesetts are scaled up. If the
firing rate is too low, excitatory inputs are scaled up andhitbry inputs are scaled down.
Scaling up or down here refers to the absolute value of thaynweight, so that scaling
down a negative weight makes it less negative. The size afthege is determined by the
plastic facilitationp, by a time constant,,, and by the current magnitude of the weight.
The plasticity rule for synaptic scaling is therefore exgsed by Equation 4.2.

TwW = pW (4.2)

4.4.3 Adaptive bias

Plasticity of the intrinsic excitability of neurons can braplemented in CTRNNSs as an
adaptive bias term. When a neuron’s firing rate goes outsielgtbscribed range, the
bias term of the neuron is shifted to make the neuron moressrlikely to fire depending
on what is required to bring the firing rate back into boundsfiring rate is too low
the bias is increased, effectively translating the signamtivation function so that the
neuron is more excitable and hence more likely to fire. If §jrmate is too high the bias
is decreased, making the neuron less excitable. The sizeafltange depends on the
plastic facilitationp and a time constart,. The plasticity rule for intrinsic plasticity is
therefore given by Equation 4.3.

Th=p (4.3)

The adaptive bias term used here looks similar to that uséd7ijnto give neurons
that are fast homeostatic oscillators. The main functiahiférences between the two
mechanisms are that here there is a greater separationegdaie between the adapting
bias term and the firing rate dynamics (typically at least @®pof magnitude difference
in time constants compared to same-order time constan&/i), [and also that here the
bias adapts only to move firing towards the target homeastatige, rather than strictly
towards a rate of 0.5 as in [47]. If the timescales were theesand the target range
was contracted to a single-point range at rate 0.5 then tbenteéchanisms would be
equivalent.
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4.5 Can homeostatic plasticity be applied to other kinds
of network?

Homeostatic plasticity in biological nervous systems egaushanges in neuronal prop-
erties depending on the level of activity. For this reasammaostatic plasticity is most

naturally applied to artificial neural networks which inporate some conception of con-
tinuous firing rate and activation dynamics. CTRNNs includese by definition, so are a
suitable substrate for the inclusion of homeostatic ptastilt is possible that homeostatic
plastic mechanisms could be adapted for use with other mktypes (e.g., feed-forward

architectures) provided that a target homeostatic rang@dde output can be defined.
For instance, nodes with binary output would not be suitainlkess the mean level of
activation over some time frame was used as the target foebsetasis.

4.6 Neuroscientific relevance

The plastic mechanisms defined above are obviously highiplgied compared to their
biological counterparts, and the use of a plastic facibtatunction is a mathematical con-
venience that cannot be claimed to represent any real baalogntity. This means that
the relevance of work done with these mechanisms for neigose is limited. However,
since we are already working with highly abstracted syst@DT$RNNS), it is reasonable
to hope that ndurther relevance has been lost. In as far as CTRNNs are good models of
biological nervous systems, the mechanisms describeceadrevgood models of biolog-
ical homeostatic plasticity. We may not be able to learn malobut specific biological
mechanisms, but we may be able to understand some of theadjgnalitative effects of
homeostatic plasticity in neural systems. As such, we hbaethe mathematical formu-
lation of the plastic mechanisms that is outlined above khbe sufficient to let us draw
some limited inferences from the work presented in subsgqreapters for neuroscience
and for cognitive science.



Chapter 5

Does homeostatic plasticity prevent
node saturation?

5.1 Overview

This chapter considers the effects of the homeostaticiplasichanisms defined in Chap-
ter 4 on the behaviour of a single CTRNN node. It would appear e homeostatic
mechanisms should always stop node saturation from oogi@nd in most cases this is
true, but the mathematical forms of the CTRNN and of the ptasgchanisms mean that
there are cases where the situation is less clear.

5.2 Nature of homeostatic constraint

First of all we will look at the nature of the constraint pldaa a CTRNN by the inclusion
of homeostatic plasticity, ignoring the plastic mechargsor a moment and looking just
at the significance of the homeostatic target range.

Consider the state equation (Equation 3.1) and activatination (Equation 3.2) for
neurons in arN-node network. To meet the homeostatic constraint on diiivaall z
must fall into the target range. The range is defined to be sytmeraboutz = 0.5, and
cannot exceed the range forecall thatz € [0, 1]). So, for some € [0,0.5] we have:

z€ [0.5— 5,05+ 3]

77
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This gives two boundary conditions for the satisfactionhaf tonstraint:

z>05-90

z<05+90

which by substitution into Equation 3.2 and rearranging lsameduced to:

0.5-|-5) <y< —b+|n(0'5+6

—b-In(G5 =5 05_5

This must be satisfied at any fixed-point equilibrium statehaf homeostatic plastic
CTRNN system. For the single-neuron case, the two extreméseafange where this
is possible are where the neuron output is equal to the liafithe homeostatic range,
l.e.,z=05—-0 andz= 0.5+ 9. At equilibrium,y = 0. Substituting these values into
the state equation (3.1) for a single-neuron network andrasg) that there is no external
input, we get:

0.5+90

bmin:—(0-5—5)W—|n(O5_5) (5.1)
mw:—m5+®w+m@§f; (5.2)

as boundary conditions restricting the relation betweerstif-connection weighw and
biasb of the node at a fixed-point equilibrium satisfying the hostatic constraint for
some givend. Equations 5.1 & 5.2 define two straight lines. These aretqadoin Fig-
ure 5.1 withd = 0.25. The two lines define a region of parameter space in whieh th
homeostatic constraint will be satisfied at equilibrium.

For more than one node, the boundary lines are replaced hydaoy hyper-planes
and the constraint-satisfying region is impossible to @spnt on the page. However, we
hope that the reader will be able to generalise from the auemxample given; the idea
of a constraint-satisfying region of parameter space gdises to networks of any size.

For networks of all sizes, the size of the satisficing ranggiermined by the size of
0 (an example value of.05 is used in Figure 5.1). The case whére 0 is the condition
for a centre-crossing network [127] and is plotted in Figbire for reference.
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Figure 5.1: Boundaries of region of single-node CTRNN partamspace that will satisfy
homeostatic constraint at fixed-point equilibrium. Cerdressing line also shown. Con-
straint can be satisfied by fixed-point equilibria whenb) lies between lower and upper
boundary lines. Note the impossibility of a constraintsfging fixed-point equilibrium
forw > 4.

Figure 5.2: Schematic of a single-node CTRNN. The node resenput from itself W2
and also external input). These quantities are summed and contribute to node aativa
(y), which changes according to Equation 5.3. Node firing 3tes @ sigmoidal function
of activation §) and bias ), as specified by Equation 3.2.

5.3 Satisfaction of homeostatic constraint in a single node

In the single-node case (see Figure 5.2), the state equ@umation 3.1) simplifies to
Equation 5.3 below:

Ty = —y+wz+| (5.3)

while the transfer function (Equation 3.2) is unchangede Jimplicity of the single-node
case makes it a good example for demonstrating the conistriaced on a CTRNN node
by homeostatic plasticity. To do so, here we apply plasticitan ensemble of nodes and
see how the plasticity moves these nodes in parameter sgaoause the homeostatic
plastic mechanisms we have defined are directed, they almays the nodes towards a
constraint-satisfying parameter set if one exists.
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Figure 5.3: Final node positions in parameter space afterdostatic plasticity was ap-
plied (with super-imposed boundary lines for constraatisfying region). After plas-
ticity most nodes are located in the constraint-satisfyiegjon, with some exceptions.
Some nodes are trapped against the vertical ling f0 by the inability of the synaptic
scaling mechanism to change the sign of the synaptic wefght some nodes are scat-
tered in a noisy distribution in the bottom-right of the @ptlue to an inability to satisfy
the constraint.

Parameter sets for 200 single nodes (as specified by Eqe&di@n4.2, 4.3 and 5.3)
were randomly generatedy(< [1.00,4.00], w € [—10.00,10.00], b € [-10.00,10.00],
Tw = 40, 1, = 20) and instantiated as 1-node CTRNNSs. The nodes were thextagpfibr
500 timesteps with zero external inpuit=£ 0) while homeostatic plasticity was applied
in four different regimes: non-plastic control, synaptakng alone, adaptive bias alone,
synaptic scaling and adaptive bias together. Figure 5.@slibe final positions of the
nodes in parameter space after homeostatic plasticitydws dpplied, with the boundary
lines from Figure 5.1 superimposed for comparison. Wherstjli#y has been applied,
nodes are mostly located in the constraint-satisfyingoegf parameter space, with some
exceptions. When the synaptic scaling mechanism is usedsodes are trapped against
thew =0 line. Also, with both of the homeostatic plastic mecharsishere is a region in
the bottom-right hand corner of the plots where nodes arttesed in a noisy distribution.
These exceptions are explained below.

Before plasticity is applied, nodes are randomly scatt@rqhrameter space, which
can be seen by the positions of the nodes where no plastiegyeyplied (Figure 5.3(a)).
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The adaptive bias mechanism moves the nodes through pamaspeice by altering the
bias, i.e., it moves the representative point verticallfFigure 5.3. The synaptic scaling
mechanism alters the synaptic weight, i.e., it moves theesgmtative point horizontally
in Figure 5.3. Synaptic scaling has a significant restnctiothat it cannot alter the sign
of the weight. This means that the synaptic scaling mechargsiot always successful
in getting the node into the constraint-satisfying regibparameter space; the inability
to alter the sign means that the vertical linevof= 0 acts as a barrier trapping the rep-
resentative point. Combining the two mechanisms meansheatade can move in all
directions through parameter space (see Figure 5.3(d)).

The noisy distribution of nodes in the bottom-right regidrte plots in Figure 5.3 is
due to the impossibility of a constraint-satisfying fixeokt equilibrium forw > 4. This
will be examined in the next section.

5.4 Equilibrium points for the single-node system

Methods for finding the equilibrium states of a dynamicakegysas a parameter is varied
can be found in [160]; sometimes this can be done analyyidalit in other cases this is
not possible and numerical methods may be used. A usefulitpeh is to plot the set of

all the equilibria of a system as a particular parameter igda In most cases this forms
a connected pathway through parameter space that is te@vassthe parameter varies,
though in some situations multiple equilibria may existdagiven parameter value.

For the homeostatic constraints to be satisfied in the singtke system, the node
must reach a stable equilibrium with its firing rate withinumals. The possibility of this
is determined by the shape of the plot of all equilibrium fyrirates for the single-node
dynamical system, examples of which are shown in Figure 5.4.

Figure 5.4 shows how the equilibrium value of the node firiatez changes as the
external input changes. Recall that an equilibrium state of a system iste gtat will
persist as long as the system is not perturbed. A stableileqguih is robust to minor
perturbations; the system will return to the equilibriunspion after its state is altered
by a small amount. An unstable equilibrium is not robust tdyrbations; even a small
perturbation will cause the system to diverge from its efum position.

In the single-node system the number of equilibria changeshkéfurcation point at
w = 4. A bifurcation occurs when a change in some parameter s@ugealitative change
in the behaviour of the system. Details of how the bifurqatpmints of a dynamical
system are found are given in [160]. In this case the bifizoadtw = 4 separates the
unistable and bistable regimes. MoK 4 the system is in the unistable regime, Yor- 4
it is bistable. In the unistable regime there is a singlelstaluilibrium, in the bistable
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15

Figure 5.4: Firing rateg at equilibrium for a single node, plotted against externglit|

for 3 different(w, b) parameter pairs, wherg is the self-connection strength ahds the
bias term. The plots show how equilibrium firing rat@aries with external input for

| € [-15,15]. For a single node the value wfdetermines the slope of the plot; the slope
increases aw increases, tilting back on itself fov > 4.

regime there are two stable equilibria separated by an biesgguilibrium.

5.5 Behaviour of the single-node system in the unistable
and bistable regimes

Figure 5.5 plots equilibrium firing rate against externgunfor nodes in the unistable and
bistable regimes. It might appear that the shape of the [gdstermined by the sigmoidal
transfer function (Equation 3.2), but the situation is atifua little more complicated.
The equilibrium firing rate is determined by the dynamics lué system and its initial
conditions, and is not a simple mapping.

While the transfer function obviously limits the equilibrustates taz-values in the
range[0, 1], the shape of the plot of all equilibria is actually deteredrby the strength of
the self-connectiomw. Raisingw increases the slope of the plot at its steepest point. The
slope of the plot is small fow < 4, becomes vertical at = 4, then tilts back on itself to
become multi-valued and enter the bistable regime when4.

The unistable regime (see Figure 5.5(a)) is quite straogivird to understand. Here
zis a single-valued monotonically increasing functionl ptv andb. z varies withl, a
change inw alters the slope of the plot (and hence the size of responséoia change
in 1), while a change irb translates the plot along the horizontal axis while leaximg
shape of the curve unchanged. A changwiso thatw > 4 causes the node to leave the
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Figure 5.5: Equilibrium firing rates for unistable and bid&anodes showing different
input ranges. Plots give equilibrium firing rageagainst external input. Solid line
shows a stable equilibrium firing rate, dotted line showdainle equilibirum firing rate.
Shape of the plots is determined by single-node dynamicier®nt ranges of input are
superimposed on the plots (dashed lines); see text forlslefasystem behaviour when
input varies in these ranges.

unistable regime and become bistable.

The bistable regime is more complicated. First consideruhstable equilibrium
associated with a particuldw, b, 1) triple. This equilibrium will only ever be reached
if that is where the system is initialised. Because it is ablg, if the system is even a
miniscule distance from the equilibrium state it will digerto one of the stable equilibria.

This is illustrated in Figure 5.6, which plots(the differential ofy with respect to
time) againsy for example nodes in the unistable and bistable regimesvBeach plot
is the vector field for the system, which shows what will hapfe any value ofy. The
shape of the curve for the node in the unistable regime (Ei§us(a)) is such that it can
only intersect thg axis at one point. This means that the node has a single sidtaetor,
so there is only one stable firing rate. The shape of the cunvhé node in the bistable
regime is such that it may intersect thi@xis at one, two or three points. This means
that the node has one, two or three attractors depending paiameterisation. The node
shown in Figure 5.6(b) has three attractors, one unstaludvem stable, so it can fire at
two different stable rates.

Changing translates the plots in Figure 5.6 on the vertical axis withehanging the
shape of the curve. In the unistable regime this changesale vf the stable firing rate.
In the bistable regime it may change the values of the staintg fiates, or may move the
system to a point where it has only one stable firing rate.

INote that in a multi-node system synaptic scaling of the inpeights has a translation effect similar
to the adaptive bias mechanism; in this scenario synapitmgchas both a slope-altering effect caused by
scaling of the self-connection and a translation effecsediby scaling of input weights.
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(a) Unistable nodéw,b,1) = (—6,0,—7) (b) Bistable nod€w,b,1) = (14,0,—7)

Figure 5.6: Plots ofly/dt againsty (top) and vector fields (bottom) for example nodes
in the unistable and bistable regimes. In the vector fieldsplthe black circles on the
line represent the attractors (i.e., whegre- 0). The direction of the arrows on the line
signifies the sign of; the system will move to the next attractor in the directidrire
arrow. The arrows illustrate the stability of the attra¢tibrthe arrows on either side of
the attractor point towards it, it is a stable equilibriurhthle arrows point away from it, it

is an unstable equilibrium. There is one stable attractdhénunistable regime, and two
stable attractors separated by an unstable attractor iniskesble regime.

Figure 5.5 shows example plots of equilibrium firing ratesuaistable and bistable
nodes with super-imposed input ranges that provide gtsktaxamples of the types of
behaviour that might be expected whiemaries within a range. In Figure 5.5(a), inputs
varying in ranges A and C will give rise to a saturated resporenge A gives a saturated-
low response and range C gives a saturated-high respomses Warying in range B will
cause a significant change in firing rate, since range B igipoed over the steepest part
of the curve.

The situation for the bistable node, shown in Figure 5.XImyore complicated. There
are six distinct types of system behaviour possible for tiséable node. It is of course
possible for the normal input to the node to vary in rangesngivise to saturated-low
and saturated-high responses, similarly to the unistadse,and these input ranges have
been omitted from the plot for clarity. These saturated oesps are the first two types of
behaviour. The next two behaviours exhimtsteresisthat is, the behaviour of the system
depends on how it has behaved in the past.

When input varies in range A, the firing rate will be unable tovenaway from the
low-firing equilibrium once it reaches it. It may start at thigh-firing equilibrium and
then fall to the low-firing equilibrium due to perturbatioy the variation inl, but once
it reaches the low-firing equilibrium it remains there, withing rate varying slightly as
input changes. A similar situation exists in input range Q,ibueverse; the firing rate
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Figure 5.7: Equilibrium firing rates for unistable and bistanodes showing target range
for firing rate homeostasis. Equilibrium firing raras plotted against external input
There is always a stable equilibrium firing rate within thg&t range when the node is in
the unistable regime, but this may not be true in the bistedgiene, where it is possible
that the only attractors in the target range are unstabld@rarslunattainable.

may begin low but once it reaches the high-firing equilibriimemains there. Whenh
varies in the range B the firing rate will remain at whichevguigébrium it starts off at; it
is not possible for the firing to flip from high-to-low or lovethigh. The most interesting
input range is range D, in which it is possible for the firinga&e the low-firing or high-
firing equilibria and to flip in between them depending on inpu

The significance and utility of node bistability for netwodbplehaviour is a topic in
itself and will not be examined further here. Suffice to nb& bistable nodes may allow
an approximation to discrete switching in an otherwise icus system, if the input
to any candidate switching node varies in the region of taedition between the stable
equilibria. Such switching may allow a network to alternb&tween different modes of
behaviour depending on input.

5.6 Effect of homeostatic plasticity on equilibria

Of direct relevance to the current study is the observati@i there is a clear conflict
between homeostatic plasticity driving node activatiomads the centre of its range and
nodes where the parameterisation does not allow this todrapp

Figure 5.7 shows equilibrium firing rates in relation to tleereostatic range for firing
rates. As homeostatic plasticity attempts to drive the dimate to a stable equilibrium
that lies within the target range it alters the relationdgtween firing rate and external
input. The adaptive bias mechanfstranslates the equilibrium curve along thexis,

2And in the case of a multi-node system, synaptic scaling®friput weights.
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while synaptic scaling applied to the self-connectionralits slope. For any given input
Ix, homeostatic plasticity attempts to change node parametethat there is a stable
equilibrium inside the target range. This is always possiblthe unistable regime since
there are always stable equilibria which lie within the rangdowever, as suggested by
Figure 5.7(b), in the bistable regime it is not always pdssiince there may be no stable
equilibria inside the target range. In Figure 5.7(b), they@guilibrium within the target
range is unstable (dotted line).

To find a stable fixed-point equilibrium that satisfies the kostatic constraint, the
task for homeostatic plasticity for a node in the unistabme is to translate and trans-
form the equilibrium curve so that the stable equilibriunsion atly falls within the
homeostatic range. For a node in the bistable regime, hdat@oplasticity must trans-
form node parameters such that it becomes unistable (tleading a stable equilibrium
in the target range) and then translate the equilibria sothiieoccurs aty. If this is not
possible then no fixed-point equilibrium will be found.

Figures 5.8(a) & 5.9(a) show this process for two exampledesdhat start in the
bistable regime. Figure 5.8(a) shows homeostatic plagtjadaptive bias and synaptic
scaling mechanisms combined) successfully reaching apeéat that satisfies the home-
ostatic constraint. Figure 5.8(b) shows the bias, weigttfaimg rate of the same neuron
over time. Figures 5.9(a) & 5.9(b) show the same plots forsee e@here the homeostatic
constraint is not met.

What happens in the case where no fixed-point equilibrium @fobnd is a slow
oscillation between low and high firing rates (i.e., a limitke), caused by the action of
the plastic mechanism. This limit cycle does not satisfyitbmeostatic constraint; it is
the action of the plasticity continually seeking to do sa tteuses the oscillation. While
in theory it should always be possible to find a fixed-pointigoh to satisfy the constraint
by combining translations and gradient changes of the ibguin curve, whether or not
this actually occurs depends on initial conditions.

5.7 Constraint satisfaction in a network

So far we have analysed the satisfaction of the homeostatisti@int in the single node
case. Regarding networks we have only observed that theofdee@onstraint-satisfying
region of parameter space is still valid. We will not perfoamy analysis of constraint-
satisfaction in networks, because the mathematics in td@é¢nsional case gets rather
complicated and does not justify the meagre explanatorygiiayHowever, there are a
few observations we can make concerning constraint-aatish in networks.

The first is to note that each node in the network will indepemly try and maintain
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(a) Equilibria at different times. Plots show equilibriumirg rate
Z against external input at particular times taken from the time
series plots below.
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weightw, plotted against time

Figure 5.8:Homeostatic plasticity moves a bistable neuron to the ablstregime and finds a constraint-
satisfying fixed point solution. Figure 5.8(a) shows edpii changing over a short period of the time series
plots of node parameters and firing rate shown in Figure $.&Wnaptic scaling of the self-connection al-
ters the slope of the equilibrium curve and adaptive biasstedes the curve so that it has a stable equilibrium
firing rate inside the target range.
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(a) Equilibria at different times. Plots show equilibriumirig rate
Z against external input at particular times taken from the time
series plots below.
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(b) Firing ratez, biasb and self-connection
weightw, plotted against time

Figure 5.9:Homeostatic plasticity fails to make a bistable neurontabie and finds a limit cycle equilib-
rium that does not satisfy the homeostatic constraint. feiguo(a) shows equilibria changing over a short
period of the time series plots of node parameters and fidtg shown in Figure 5.9(b). Both synaptic
scaling and adaptive bias are active, but are unable to fmdlg pair where the node has a stable equilib-
rium firing rate inside the target range. The continuingactof the plasticity results in a stable oscillation
where firing rate continually overshoots the target rangth associated oscillatory changesarandb.
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local homeostasis, so that homeostasis in the network is\ahin a decentralised man-
ner. The constraint-satisfaction task is harder in neteanian in a single node, because
the input each node receives from other nodes. Also, in angtioning network, the
continual perturbation of sensory input makes the taskdrastill. Because of these inter-
actions, the case where a constraint-satisfying equilibiis found for the whole network
is likely to occur infrequently.

In networks, satisfaction of the homeostatic constrainy & better interpreted as a
tendency or process, rather than an achievable goal. Tlaengders of each node in the
network are continuously acted on by homeostatic plagtioimove the node towards the
constraint-satisfying condition. However, the condisavithin which each node operates
may change too quickly for this goal ever to be reached.

The same effects that are seen at the level of a single notl@sadloccur in networks.
For instance, the slow oscillations caused by the failuréind a fixed-point solution
to the homeostatic constraint may be present in any of thesxodthe network. The
switching behaviours and slow dynamics this may cause ahéteork level may be
useful or disruptive to a functioning network; this remaatopic for investigation.

5.8 Implications for neuroscience

The analysis above is based entirely on the mathematicalflation of the CTRNNs and

homeostatic plastic mechanisms we defined. As such, thiksebown have no relevance
to biological brains. However, we can observe that the idbas synaptic scaling of

the self-connection alters the slope of the transfer femgtand that the adaptive bias
(or scaling of input weights) translates the transfer fiorgt may be analogous to the
operation of biological neurons; logically something danimust occur. Also, the idea
that homeostatic plasticity in neural networks is an onggrocess that is goal-oriented
but does not necessarily reach its target is likely to bedvalihe biological case.
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What effect does homeostatic plasticity
have on network behaviour?

6.1 Overview

Having examined the effect of homeostatic plasticity onnglst CTRNN node, now we
will consider the effects on a network. In this section we@mecerned with typifying the
way in which homeostatic plastic CTRNNSs are different fronmypdastic CTRNNs. To
do so we will not consider performance on any particular ekfunction or behavioural
task, but rather will attempt to quantify differences inicagtwork properties: sensitivity,
signal propagation and the propensity to display osailtei In order to fully understand
the effects of homeostatic plasticity at a network levak ecessary also to consider the
effects at levels below (node) and above (agent) the netiewek.

This chapter will first of all present a brief discussion ofreamethodological issues,
followed by the actual methods used and results achievddrebeoncluding with some
discussion of the results.

6.2 Methodology

There are a number of methodological issues that need torimdawed to ensure that a
reasonable understanding of the effects of homeostattiqls is obtained. These range
from the problems of fair comparison between different g/péneural network to those
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of defining an appropriate level of analysis. Some discussidhese issues is given in
this section.

6.2.1 Plasticity, learning, and progress

Before proceeding it is worth a brief clarification of termlogy. There is a tendency
in the literature to equate plasticity with learning, buisthdds a subjective impression
of progress to the concept that is not necessarily groundedbserved datalLearning
implies the acquisition of a new skill or goal-directed bébar, while plasticity does
not. Learning may involve plasticity, but plasticity doest imply learning.

In this thesis, we use the term ‘plasticity’ to refer to oelifor ‘lifetime’) changes in
the weights or biases of a neural network. By ‘plastic medmhwe mean the mech-
anism by which such changes are effected. Thus our concegtiplasticity implies no
sense of improvement and is independent of its utility to st agent. We realise that our
definition makes a distinction between ‘plastic’ variab{es., weights and biases) and
other variables (e.g., firing rates) that is largely art#ici- they are all just variables in a
dynamical system — but feel that adopting this terminololigves for a clearer discus-
sion.

6.2.2 Measuring the effects of plasticity

Some examples of previous uses of plasticity in CTRNNSs irehé application of Heb-

bian rules to controllers for a robot navigation task [68f tombination of Hebbian rules
with Ashbyan homeostatic adaptation [46], and the use oha@sms analogous to the
action of diffusing gases [87] (which can be argued to be mfoi plasticity since the gas
alters the way in which firing rates interact and thus createscond order effect).

It is important to remember that adding plasticity to a CTRMNMot a simple mod-
ification or extension of it, but makes a significant changadbvork dynamics. It is
tempting to see plasticity as a quantitative alterationetdfwork parameters akin to a mu-
tation in the network genotype, but this view is misleadiAdding plasticity to a CTRNN
makes a qualitative change to its dynamics and can creat& alass of controller with
very different characteristics.

Plasticity turns parameters into variables. For exampéhidan plasticity rules change
the strength of synapses dependent on node activationméass that in a Hebbian net-
work the synaptic weights are variables, whereas in a nastiglnetwork they are param-
eters. Plasticity may act on a slower timescale when condpaith firing rates, but the
increased number of variables adds extra degrees of fretultiva system irrespective of
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timescale. The corresponding increase in the dimenstgnafithe network’s dynamics
will have implications for evolvability.

How should we assess the usefulness of different kinds sfipity? Given the general
aim of designing useful robots, comparative studies of #gréopmance of different types
of controller in various evolutionary trials are a valid apach (some evolutionary ex-
periments will be reported in Chapter 7). However, the evohary approach is limited.
Evolutionary trials are by their nature task-dependentwadshould not be surprised if
one sort of controller outperforms another in a particulial tbut success in one scenario
does not necessarily imply superiority overall. Differeptts of controller have different
sorts of dynamics, and may be better suited to some taskddhathers; comparison of
evolvability is only possible when the performance crieare well-specified.

In pursuit of a more general comparison, it is useful to viéaspc neural controllers
as dynamical systems composed of a coupling between a fiategsubsystem and a
plasticity subsystem. The way in which these subsysterasaiot and give rise to global
dynamics may allow us to classify the intrinsic dynamics tfedent kinds of neural
controller and find qualitative differences that allow usmatch controllers with tasks
for which they will be well-suited. By this approach we mayrga theoretical base to
complement and guide the evolutionary robotics design atgtlogy, moving away from
intuition and ‘black box’ design.

In this chapter, we look at the effect of homeostatic plagtion some properties
of CTRNNSs that are not task-specific, but instead might beifsigimt for a variety of
network tasks. We hope to gain a general understanding oéfteets of homeostatic
plasticity that will help to explain the results gained frewolutionary trials.

6.2.3 Adiabatic approximation

Plasticity in neural systems typically occurs on a much slotimescale to that of firing
rate dynamics, often by several orders of magnitude. Thagvalus to make a simplifying
assumption and treat the slower-changing plastic varsadsdixed in relation to the faster-
changing firing rate variables, on the basis that the fastealles will typically reach an
equilibrium before the slower variables have changed Banitly. This approach is based
on the technique of adiabatic elimination [73] and giveduigaurchase on the analysis
of network behaviour.

We can approximate the behaviour of the whole plastic systerstudying the be-
haviour of non-plastic snapshots of the system at partiéngdants in time, treating the

1Goats are better at climbing mountains while sheep provideenwool, but it is hard to say that one
species is better than the other.
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slow plastic variables as fixed parameters. Effectively westder the state trajectory
of the homeostatic plastic CTRNN as a journey through CTRN&aEsp The state of the
plastic network at any point in time can be used to specifyraplastic CTRNN. Compar-
ison of the non-plastic networks instantiated at diffeneoints on this trajectory should
give some indication of the behaviour of the plastic netwdmkportantly, adiabatic elim-
ination can allow a more direct comparison of plastic nelkgd@o non-plastic networks in
some cases, because a non-plastic CTRNN can be instantiated fplastic CTRNN by
freezing the plastic variables at any particular point meti

The technique of adiabatic elimination is a useful tool anitilve used extensively in
the work presented in this chapter, but it does not tell thele/istory. We have already
looked at the dynamics of homeostatic plasticity in a singdde in Chapter 5, and it
is important also to conduct analysis of the dynamics anéwehr of fully functioning
homeostatic plastic networks. However, mathematicalyaiabf larger networks is prob-
lematic, and the method of looking at the change in behawbduon-plastic CTRNNs
instantiated from the attributes of plastic networks ay tmeve through CTRNN-space
allows useful comparisons to be made.

6.2.4 Lifetime plasticity versus developmental period

Another issue in assessing the effect of homeostatic pigstioncerns the time at which
the plasticity should be applied. Should the plastic meidmabe used as a developmental
mechanism, and applied for a lengthy continuous periodrbdfe network is assessed?
Or should plasticity be applied in an ongoing manner durregentire functional lifetime
of the network, with assessment right from the start?

This issue is a greater concern when evolutionary trialsuaesl, and will be treated
in more depth in Chapter 7. For the current set of experimahts Eeek to determine
what effect homeostatic plasticity has on generic netwgrkaghics) there is no network
‘function’ or ‘lifetime’ in any meaningful sense. We are neoconcerned with network
behaviour before, after, and during the application of hostatic plasticity. Experiments
in this section are performed with plasticity applied cantusly unless otherwise stated.

6.2.5 Measurement from random ensembles

We want to determine the effects of homeostatic plasticihemvapplied to CTRNNs
in a general sense. Therefore we are not interested in tieetefbf the plasticity on
any particular individual CTRNN or on CTRNNS trained to penfoa particular task.
We wish to understand how homeostatic plasticity affects BMRin general, which we
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hope will then allow us to predict what will happen when hostatic plasticity is applied
to individual networks in particular.

To understand the general effects of homeostatic plastcitCTRNNs and the be-
haviour of homeostatic networks, we need to look across thelevspace of possible
networks. Looking at networks trained for a particular tasktricts the study to a par-
ticular region of parameter space. Here we wish to expandamws to cover the entire
space. The large number of parameters of CTRNNs means thatigtire sampling of
the space is not feasible. Instead we will look at large eldesof networks instantiated
from randomly chosen points in the parameter space. By tapht large ensembles it
should be possible to get a representative picture of thdendpace.

6.2.6 Metrics for measuring networks

Because we are not interested in particular functions oawehrs, but instead want to
look at generic effects, the metrics we use to quantify thexes of plasticity are necessar-
ily very general. We discussed above the aim of improving CINRMNs an evolutionary

substrate, and with this in mind the metrics we will use amaedhat we hope will be

relevant to the evolvability of neural robot controllersgeneral, without being specific
to any particular problem.

6.2.6.1 Useful qualities for behavioural substrates

Without performing any evolutionary experiments, we milgitk for types of controller
that make it easy to generate behaviour in an autonomous pigeed in an environment.
Envisaging basic robotic tasks such as navigating a rediwemvironment, avoiding
obstacles, locating opportunities, and escaping thraatspbserving that such behaviours
will form the basis of any more advanced tasks a mobile autans agent might be
asked to carry out, we feel that a good behavioural substrifitee one rich in the sorts
of behavioural primitive that might support such actions.

First, the agent must be capable of reacting to its enviraimihis may sound over-
simple, but it is not achieved in saturated CTRNNs. Reacbrthe environment requires
that the agent be possessed of sensors and actuators witecive link between them.
Signals must be transduced in some form from input to outpabtnplete the sensorimo-
tor loop [28, 30]. In a neural network controller, the inpatdes must communicate with
the output nodes in some fashion. If they do not, then them® iknk between sensory
information and action and thus the agent cannot react t@agthg environment in any
meaningful way. Any action taken would be based solely oerivdl state with no refer-
ence to the outside world. This type of behaviour is unlikelype adaptive, since it will
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not allow opportunities to be exploited nor threats avoided

Second, and more controversially, for an agent to displégresting or ‘cognitive’
behaviour it must have some form of internal dynamics. Withaternal dynamics the
agent would be restricted to actions that are purely reacthat is, it can only respond to
instantaneous stimuli and cannot integrate stimuli oveetiTo do so requires that some
internal state variable can store or reflect stimuli reagigea previous moment in time.
If an agent controller has an ongoing internal dynamic, #s& of behaviour generation
becomes one of modulating activity and guiding the dynanaicsiit the current situation
rather than that of generating behaviour from scratch alh @@ment in time. Sensory
input is then seen as a perturbation to an existing procesther than as the sole trigger
for action?

Third, building on the previous property, it is widely thdughat autonomous os-
cillations are important in the generation of behaviour. dgé number of biological
systems depend on oscillations in some form, from leggedntmtion to digestion, and
it is believed that many of these phenomena depend on rhgtpatterns generated in
the nervous system. Central pattern generation has thusthedéocus of much research
effort, and it is not unreasonable to suppose that the yabiiproduce autonomous oscil-
lations will be important to artificial agents as well as bigical ones. [67] offers a good
discussion of physiological rhythms, while [88], [29] aridY| describe good examples of
this kind of research from the field of adaptive behaviour.

6.2.6.2 Metrics

The properties described in the previous section form trseshat our metrics for quan-
tifying network behaviour. We will measure the sensitivifynodes in the network, how
easily signals are propagated, and how likely networks@ukgplay oscillatory dynam-
ics. By measuring the performance of ensembles of diffeserts of network on these
metrics we will be able to make qualitative distinctionsvibetn plastic and non-plastic
networks and understand the effect of homeostatic plastci CTRNNS in general.

6.2.7 Levels of analysis

When seeking to understand the effect of plasticity acting naural network, it is useful
to look at behaviour at the levels immediately below and abine network, that is, at

2Cf. dynamical systems approaches to cognition and behajidy16, 164, 173]

3A counter-example to this argument is provided by stigmesgjents such as social insects, whose
behaviour is guided entirely by their environment. Howewemay be argued that stigmergy involves a
form of memory just as much as other kinds of behaviour trah@ere commonly described as ‘cognitive’;
it is just that in the case of stigmergic behaviour the meni®gxternalto the agent.
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the levels of the node and the agent. By understanding witatr®@n individual nodes
we can make predictions about the network level and bettelagxwhat is observed.
By considering the level of the agent that is controlled byeawork, we can interpret
the network level properties we see in terms of the actiorsnoAgent embedded in an
environment. In the experiments reported below we congiueeffects of plasticity at
the levels of node, network and embedded agent.

6.3 Method

In the set of experiments reported below the neural netwatkfEomeostatic plasticity
are implemented as described in Section 3.4.1 and Sectdomadd this method will not
be repeated here. In this section we describe a robot siimlplatform used to look at
agent-level behaviours and the implementation of the ogetrised to measure network
performance.

6.3.1 Photo-sensitive robot simulator

To give an agent-level illustration of the different belawis generated by plastic and
non-plastic control networks, a simple simulation of a tigbnsitive robot was developed.
The simulated robot is not intended to represent any realdwobot, so there can be no
intention of transferring controllers from simulation teality and we are able to sidestep
many of the problems that this can cause.

The robot is modelled as a circular body with two motors medrdt either ends of
an axle along its diameter and two light sensors mountedgieamf+% radians from
the forward direction, as shown in Figure 6.1.

6.3.1.1 Kinematics

The simulated robot kinematics are adapted from [56]. Deffial drive steering is ac-
complished by the two motors, which may give thrust both fmae and backwards,
allowing the robot to spin while stationary or to move fordsuor backwards with any
instantaneous angular velocity. Robots are assumed torfeglgible mass, so that the
motor output can be taken as the tangential velocity of thetrat the motor mount point.
The instantaneous angular velociyof the robot is calculated using Equation 6.1, and
this is used to calculate the motion of the robot using Eguai.2, where/, andVi are
the instantaneous velocities of the left and right motospeetivelyd is the length of the
axle,ICC denotes the instantaneous centre of curvature (the imggoent about which
the robot orbits at any given instanf is the current heading of the robot, afdy) is the
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Figure 6.1: Diagram of photosensitive robot. The robot haswheels that give differ-
ential drive steering in response to sensory input fromwts $ensors.

robot’s position. Details of how this system is derived caridund in [56]. The equations
are updated using Euler’s forward method with a timeste@ktgpuhat used for the neural
controller.

w=(Ve—W)/d (6.1)

X = (x—ICCx)cogwdt) — (y—ICCy)sin(wdt) + ICCx
(x—1CCy)sin(wdt) + (y — ICCy)cog wdt) + ICCy
B' = B+wdt

<
I

(6.2)

6.3.1.2 Light sensors

The light sensors return a signal with strength inversebypprtional to the distancB

of the sensor from the light source. This is modelled as aasigarying as an inverse

exponential function (Equation 6.3). Sensors are assumée imounted on top of the

agent, so that they are never in the shadow of the robot’s,bmaly have a maximum

range at which they can detect light (denoteddpy,x and set to 500 for the experiments
reported in this chapter).

Signal— ebmax (6.3)
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6.3.1.3 Control network

The robot is controlled by a fully connected 6-node CTRNN eftype described above.
Two nodes are designated sensor nodes and each receivegtia¢ fsom one of the
light sensors modified by an agent-symmetrical gain pararmerawn from the range
[0,10.00]) as external input. Two other nodes are designated motcesyahd the out-
put from these nodes is scaled to the rafgé&.00,1.00] and modified by an agent-
symmetrical gain (again drawn from the rari@el0.00]) to give the instantaneous veloc-
ity created by that motor. Both sensory input and motor oulyawe noise added before
the gain is applied, drawn from a uniform distribution in tla@ge[—0.25,0.25].

6.3.1.4 Environment

Robots are placed into an infinite featureless plane cantaione or more point light
sources. The sensory input from these sources is deterroyné&djuation 6.3, as men-
tioned previously.

6.3.2 Metrics

The metrics used to measure network performance are hoveigahls propagate through

the network, and how likely the network is to display ose¢dlg dynamics. These metrics

are supported by measurement of the sensitivity of indaidwdes, and by some obser-
vation of the behaviours of photo-sensitive agents. Theiosewill be used to measure

the effect of homeostatic plasticity in and on CTRNNSs.

6.3.2.1 Node sensitivity

We here define sensitivity as the change in output caused twarge in input. More
specifically, we look at the mean change in output caused lsriassof random step
changes in the external input to the node. Sensitivity iswtated here on nodes with a
self-connection, i.e., on the type of nodes used in fullynmmted CTRNNS.

To test sensitivity, external input(randomly drawn from a uniform distribution in
the range[—1.00,1.00]) is applied to the node and held constant for a period (uguall
20 timesteps) to allow the node to reach a stable equilibuput, at which point a
new external input is randomly selected from the same rahge firing rate of the node
at equilibrium is recorded immediately before each changaput is applied and used
to calculate the absolute difference in firing rate resgltirom each change in input.
Sensitivity is defined as the mean change in firing rate calogd®00 successive random
input changes, as given in Equation 6.4.
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6.3.2.2 Signal propagation

Signal propagation is calculated similarly to node sewisjti but on network architec-
tures. We want to get a picture of how homeostatic plastaitgcts signal propagation
in all types of network architecture, but exhaustive cogeraf the whole space of possi-
ble topologies lies beyond the scope of this paper. Insteadsg a subset of topologies
(shown in Figure 6.2) that we feel is sufficient to gain a gahenderstanding. To measure
the impact of homeostatic plasticity, we will look at sigpabpagation in networks before
and after a period of homeostatic plasticity; this perioglakticity might be loosely com-
pared with a developmental phase in a biological organisataWill always be gathered
on non-plastic networks in order to avoid any interfereroan the plastic mechanisms
and allow a fair comparison.

Signal propagation will be measured as the mean changeng fiates in a network
caused by a change in input. In order to gain a representaasure of signal propaga-
tion in a particular type of CTRNN topology, we will look at & numbers of randomly
parameterised networks of that type, measuring the mearmgehia firing caused by many
different input changes.

This conception of signal propagation is rudimentary andsdoot consider the in-
formation content of a signal or transmission accuracy. tkowe consider the prospect
of an appropriately adapted CTRNN performing computatioarats inputs such that
in some cases the output would not change for a given changensory input (e.g., a
predator that has evolved to do nothing when presented watbgropriate prey). How-
ever, the point we are trying to make concerns the very piisgibf any information
being transmitted, and as such we feel that such a basic mredagustified.

6.3.2.3 Oscillations

The mathematical formulation of CTRNNs means that oscifattynamics are not pos-
sible in a single node, but are only possible in networks of Bhore nodes depending
on parameterisation. In a large network there are many subts that could maintain a
stable oscillation; in an N-node network there 5?52;1) 2-node subcircuits'w

3-node subcircuits, and so on. As N rises, there is thus aoreqgial increase in the

number of possible oscillatory subcircuits and we wouldestghe likelihood of an au-
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Figure 6.2: Different network topologies used to test sigmapagation: (a) Fully con-
nected — each node has a self-connection and an afferenéctoom from every other
node, (b) Random — based on BedRenyi scheme [57], example shown has 50% prob-
ability of connection between each pair of nodes, (c) Femdicd — there are no back-
wards or lateral connections. External input is appliedri@ebitrarily chosen subset of
nodes in the fully connected and randomly connected netvap&logies, or to the first
layer in the feedforward topology.
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tonomous oscillatory dynamic to ride.

Whether or not an oscillatory stable state does in fact odependent on network
parameters (connection weights, biases, decay constmdspn the initial state of the
system. Some network parameterisations will always preducoscillation irrespective
of initialisation, some will never produce an oscillati@md many will show oscillations
if the initial condition is favourable.

We looked at how likely CTRNNSs were to display autonomouslizdmns. Specif-
ically, we considered the statistical likelihood of an dlatory dynamic occurring in a
randomly parameterised network. This was measured byicgehirge ensembles of
random CTRNNSs, starting each network in a variety of diffénaitial conditions, and
observing its subsequent behaviour to see if an oscillaimurred in any subcircuit of
the network.

Oscillations were detected by looking at a combination afarece in neuron firing
rate and repeated change of sign in the rate of change of mgatential, since these
together indicate an oscillatory dynamic; repeated chandeign of the rate of change
of potential mean that there is an oscillation in potentiddile non-zero variance in firing
rate means that this oscillation in potential is translatéol an oscillation in firing rate (it
is possible that a saturated node may display an oscillatipotential without this being
detected in its firing rate). This method is crude and doediff@rentiate between limit
cycle and chaotic oscillations, but is computationallgtadle and thus allows sufficient
data to be collected in a reasonable time.

6.4 Node-level effects of homeostatic plasticity

6.4.1 Slow oscillations

The first node-level effect to observe is that the introduttf homeostatic plasticity cre-
ates the possibility of slow oscillations in firing rate as fllastic mechanism causes firing
rate to repeatedly flip-flop between too-high and too-lovelsvThis effect is contingent
on initialisation and is a result of the lack of a stable firiage equilibrium inside the
target homeostatic range. This effect was discussed eéri&ection 5.6) and will not
be further described here.

4The precise nature of the relationship between networkasizkthe likelihood of oscillatory dynamics
is not straightforward to determine and will be affected byectivity [95].
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Figure 6.3: Node sensitivity rises over time as homeostassticity is applied. NP - no
plasticity, AB - adaptive bias, SS - synaptic scaling.

6.4.2 Increased sensitivity

Parameter sets for 200 single nodes were randomly genefgted[1.00,4.00,, w
[—10.00,10.00], b € [-10.00,10.00], Ty = 40, T, = 20) and instantiated. The nodes were
then updated for 500 timesteps while homeostatic plagtieés applied with different
regimes (synaptic scaling alone, adaptive bias alone, $gthptic scaling and adaptive
bias together). Every 5 timesteps a snapshot of node pagzgneas taken and instanti-
ated in a non-plastic node in order to measure changes in sexustivity over time as
plasticity was applied.

Sensitivity is plotted against time in figure 6.3, which sisdivat the homeostatic plas-
tic mechanisms cause a rise in node sensitivity over time.abaptive bias mechanism is
significantly more effective in doing so than the synaptialisg mechanism, while both
mechanisms together are the most effective.

The reason for the greater efficacy of the adaptive bias nmésfmaover the synap-
tic scaling mechanism is hinted at in Figure 5.3. Recall bmheostatic plastic change
continues until the representative point of the node in pa&tar space lies within the
constraint-satisfying region. Also recall that the adapbias mechanism always success-
fully achieved a constraint-satisfying parameter set, n@ag the synaptic scaling mech-
anism cannot alter the sign of the weight and thus is not aveagcessful in satisfying
the constraints. Since sensitivity is maximised when nagesn the constraint-satisfying
region, this explains the low efficacy of the synaptic s@alimechanism in raising node
sensitivity compared to the adaptive bias mechanism. Canmpie two mechanisms
means that the node can move in all directions through pdearspace and gives similar
sensitivity to the adaptive bias mechanism.
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6.5 Network-level effects of homeostatic plasticity

6.5.1 Additional behavioural timescales

The slower timescale introduced by the plasticity, which cause slow oscillations at the
node level, also adds an additional slower timescale toyhamics at the network level.
The slow node-level oscillations still occur when nodesamenected in a network, and
can cause bifurcations in network behaviour. For examptede showing the slow flip-

flop behaviour may trigger a switch between a stable osoijfadlynamic in the network

when its firing output is high and a fixed-point network atteaavhen its output is low.

6.5.2 Transient dynamics

As mentioned previously, adding homeostatic plasticitg @TRNN converts weight and
bias parameters into variables, albeit with a slower timksthan firing activity. This
increase in the dimensionality of the system has a big etiacthe complexity of the
dynamics. One way in which this is expressed is in the timernafor the system to
converge to an attractor when started from a random init&ies A rough measure of the
time taken to converge to an attractor is given by the timendkr the system to converge
to a repeating sequence. A repeating sequence in a detstimsyistem indicates either a
fixed point or a limit cycle attractor, and while this measwiauld not detect convergence
to a chaotic attractor (which would not repeat), it servea aseful metric for comparing
the time to convergence of networks with different plasgicegimes. Tables 6.1, 6.2
and 6.3 show results from a series of experiments in which &eted ensembles of
randomly parameterised, randomly initialised networkd setorded how long they took
to converge to a repeating sequence.

We tested non-plastic CTRNNs and HP-CTRNNSs with differergsiaf target range
for the firing rate and different values fag and r,,. Ensembles of 1000 networks of
each type were randomly initialised wiih b € [—-10.00,10.00], 7y € [1.00,5.00] andy
[—8.00,8.00], and were updated using Euler’s forward method. We mordtowetwork
state as it changed over time and measured the lengths aftisent trajectories prior
to a repeating sequence being reached, terminating thefi@m2®000 timesteps if no
repetition of state had been found. The results shown iediael mean and median lengths
of the transients, calculated on those cases when a regeatijuence was reached.

[

The results shown indicate that there is a huge differentlanime to convergence
of the different network types. Non-plastic CTRNNs alwayswarged in the given time
period, typically taking less than 100 timesteps to do sacamtrast, HP-CTRNNs were



Chapter 6 103 Network behaviour

Repeating seq. foundMean trans. length Median trans. length
1000/1000 63 47

Table 6.1:Convergence to repeating sequence: Non-plastic 10-no@RNGIE. Transient lengths shown
to nearest timestep. Non-plastic CTRNNSs converge reliahly quickly.

Repeating seq. foundMean trans. length Median trans. length
w=4T,=2 953/1000 1671 1155
w=8r1,=4 919/1000 3513 2670
Tw=40,1,=20 186/1000 10135 11451

Table 6.2:Convergence to repeating sequence: 10-node HP-CTRNNsawiht range € [0.05,0.95].
Transient lengths shown to nearest timestep. Not all of fhstic networks converged to a repeating
sequence in less than the 20000 timesteps available inigthewtith the rate of plastic change having an
impact on the likelihood of a repeating sequence being exacBlower plasticity (larger time constants)
made networks less likely to converge and increased theHerfghe pre-convergence transient period.

Repeating seq. foundMean trans. length Median trans. length
w=4T=2 637/1000 7444 6327
w=81,=4 492/1000 10114 9547
Tw=40,1,=20 1/1000 — —

Table 6.3:Convergence to repeating sequence: 10-node HP-CTRNNsamgét range € [0.25,0.75).
Transient lengths shown to nearest timestep. These netweeke tested with a tighter homeostatic target
range than the networks described in Table 6.2, which aoeésd the effects of the plasticity on the conver-
gence of these networks. The tighter range made the netwakgicantly less likely to reach a repeating
sequence in the trial duration of 20000 timesteps, and wdegpeating sequence was reached the transient
period was substantially longer. When plasticity was usettha@islowest rate show(r,, = 40, 1, = 20),

only one network reached a repeating sequence in the given) thean and median transient lengths were
not computed for this case due to the paucity of data. It isiptesthat given more time more networks
would have converged, but here the time allowed was resttita allow fair comparison with data from
Tables 6.1 and 6.2.

less likely to reach a repeating state in less than 2000Gteps, and took many thousands
of timesteps if they did so. The tightness of the homeostatget range had an effect on
convergence, as did the rate at which the plasticity actét,faster plasticity and a more
relaxed range giving quicker convergence.

While the plastic networks take a long time to converge to @aéipg sequence, it
should be noted that the character of their dynamics dutiegtitansient phase is not
without structure. After a noisy initial stage, they tydigashow a slowly attenuating
convergence that may be best described as ‘spiralling watds the attractor state.
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6.5.3 Improved signal propagation

The increased sensitivity caused by homeostatic plas@tithe node level is also seen
at the network level, where it is exhibited as an increasenendtrength of the signal
propagated when network input changes. The effect of homgoplasticity on signal
propagation was measured for the different types of netwapklogy mentioned above.

Each type of network topology was tested in a similar way. damnisles of randomly
parameterised networks were generated. Signal propagaas examined in each net-
work in its original state, and then again after a period incthomeostatic plasticity was
applied. All connection weights and biases were drawn frobenrange—10.00, 10.00]
and all neuron potential decay constants were drawn fromeathge[1.00,4.00]. Plastic-
ity was applied withr,, = 40 andr, = 20. Networks were updated using Euler integration
with a step size of 0.2 timesteps.

Network input was chosen randomly from a uniform distribati Input was held
constant for a period during which network firing rates wereasured and then a new
input was chosen. The mean size of the change in output cdiysedch change in
input was calculated over a large number of input presemtatio give a representative
measure of the change in network activity that might typyclaé expected from a change
in input. This measure was used to compare signal propaga¢ibveen different network
topologies before and after plasticity was applied.

The change in output was assessed in different (thoughasimilays depending on
the network topology. The mathematical formulation of CTR\NiINeans that stable os-
cillatory dynamics can occur if two or more nodes are corgeat a loop. In networks
where cyclic paths are possible (that is, fully and randoodgnected networks but not
feed-forward networks), there is a good chance that oswiifadynamics will occur. In
these networks, the mean firing rate was measured for eachowad the full period for
which input was held constant. The period was chosen to lpdoough such that any
transient dynamics (while the network settled to a new statdte following the change
in input) would have an insignificant effect on the recordeshm The use of the mean
allowed a rough comparison between oscillatory and fixedtpsiable states; if the os-
cillation changed then its mean value would most likely gealso. For the feedforward
networks, where oscillations cannot occur, the firing rdteach node was measured at
the end of each period prior to the presentation of a new impator. This allowed the
network to settle to a new fixed-point before measurement.

Results given here are from simulations where both kindsoohdostatic plasticity
(synaptic scaling and adaptive bias) were applied simetiasly. Equivalent runs per-
formed with each mechanism acting alone gave qualitatisehlar results. Data from
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these runs are omitted for clarity.

6.5.3.1 Fully connected networks

Fully connected networks have a connection in both direstibetween each pair of
nodes, and every node also has a self-connection (see (). They are the type
of neural architecture most commonly used in the evolutipnabotics literature. A key
point to note is that there is a path length of one link betwasgnpair of nodes, meaning
that in a fully connected architecture there is a direct emtion between input and out-
put nodes. This direct influence of the input node on the dutpde is modulated by the
activity of the other nodes.

Networks were created with 1, 3, 5 and 10 nodes; 200, 600, 4662000 networks
of each respective size were created to reflect the combiabéxpansion in the number
of parameters.A single node in each network was designated the input nodliesaeived
input randomly drawn from the randge-5.00,5.00], held fixed for 200 timesteps. Signal
propagation was measured over 1000 input presentationsnebistatic plasticity was
applied for 500 timesteps and then signal propagation wasured again.

Results are plotted in Figure 6.4, which shows the mean asimgoutput caused by
a change in network input for each node in the network, bedokafter the homeostatic
plasticity is applied. The input node in each network is redrin the plots; the other
nodes shown are the hidden nodes. The input node shows ficsigtly greater response
than the other nodes. However, before plasticity is appkedn the input node does not
demonstrate a large mean change in state, and the other sloolesnegligible change.
The mean change of state in any node is inversely relatedetsi#e of the network;
this is because as the size of the network grows, the exteatalork input becomes less
significant compared to the influence of other nodes. Aftasfitity, the same pattern
Is repeated, with the input node showing a much greater ehangtate in response to
a change in input. However, the overall level of responseusmyreater than the pre-
plasticity networks.

6.5.3.2 Randomly connected networks

Biological neural networks are not fully connected, but arech more sparsely con-
nected. For this reason we studied the effects of homeogtisticity on signal propa-
gation in 10-node CTRNNSs where connectivity was based onahédam graph scheme

SThere areN(N + 2) parameters in a fully connected N-node CTRNN; in 1-nodep@en 5-node and
10-node networks there are 3, 15, 35 and 120 parametersctvghe We realise that the numbers of
networks used to generate the data do not therefore reflesteamsampling rate but feel that sufficient data
was produced to suffice for the intended demonstration.
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Figure 6.4: Signal propagation in fully connected CTRNN®=ftomeostatic plastic-
ity has been applied. Mean change in node firing rate in resptm a random change
in network input is shown for N-node networks fidre {1,3,5,10}. Mean changes in
node firing rates in response to stimuli are increased by logtaéc plasticity: dark grey
represents pre-plasticity level, light grey is post-plast increase.

devised by Erds-Renyi [57,136]. In these graphs edges between vertieessaigned at
random with a fixed probability (see Figure 6.2(b)). Here weated networks by assign-
ing afferent connections between each pair of nodes withl fprebability, generating a
random weight value for each connection created. Theseonktvare not intended to
mimic the structure of biological neuronal networks (whiohany case varies in differ-
ent species and in different regions of the brain), but synplgive an idea of signal
propagation in more sparsely connected networks.

Ensembles of 1000 networks were generated?{@onnection € {0.0,0.1,...,1.0}.

A single node in each network was designated the input nodeexeived input drawn
from the rangg—5.00,5.00], held fixed for 200 timesteps. Signal propagation was mea-
sured over 1000 input presentations. Homeostatic plastias applied for 500 timesteps
and then signal propagation was measured again.

The effect of changes in input on randomly connected netsvwsr&hown in Figure 6.5.
Input nodes are most affected for all P values, as would beat&d, but as connectivity
increases the effect of input decreases due to the incréafbeehce of input from other
nodes. Hidden nodes are most affected at intermediate ctwviterates of around 20-
30%; below this connectivity rate there are insufficientrections for signals to be able
to propagate, above this rate the large number of inputs eadbs receives reduces the
effective influence of the input node. Homeostatic plastisignificantly increases the
effect of input in all cases.

6.5.3.3 Feed-forward networks

An example of the feedforward architecture used is givenguie 6.2(c). Each node has
a self-connection and receives input from every node in teeedling layer; there are no
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Figure 6.5: Signal propagation in CTRNNs based ond&fBenyi random graphs. Net-
works are created by assigning afferent connections bete&eh pair of nodes with fixed
probability. Mean change in node firing rate in response @anaom change in network
input is shown for 10-node networks f&Connection € [0.0,1.0]. Mean changes in

node firing rates in response to stimuli are increased by lastadc plasticity: circle and

square markers represent pre-plasticity and post-pigskivels respectively.

lateral connections within a layer or return connectionthtopreceding layer. This archi-
tecture is included in order to look at signal propagatiaotigh multiple network layers.
While feedforward architectures are in many cases studi¢dowi self-connections to
the nodes, self-connections were included in the feedf@htepology used here to allow
easy comparison with the fully connected and randomly coteketopologies.

For this architecture input was applied to all nodes in tha fayer of the network,
and signal propagation was measured as the magnitude oh#mge in the firing rate
vector at each layer subsequent to a change in input. Ea@hindlde input layer received
input from the rang¢—1.00, 1.00] which was held constant for 100 timesteps. The mean
size of change was measured over 100 input presentationensembles of 200, 1000
and 2000 networks with 1, 3 and 5 nodes per layer respecfively

Figure 6.6 shows the mean change in state vector at each flaydre ensembles
generated, before and after the application of homeogiksticity. It can clearly be seen
that prior to plasticity, the change in input typically doest affect many downstream
layers of the network for any of the network sizes. For the- 1 networks (effectively
chains of individual neurons) only neurons in the first 3 tayare affected, and by small
amounts. As N rises the signal travels further, but everiNfet 5 the signal does not get
further than the 10th layer. The signal travels further wNes larger because not only is
the change in the input vector more significant (incorpagt change in N component
dimensions), but each neuron receives input from more mesuno the previous layer
(recall that in the feedforward architecture each neureeixes input from all neurons in

5The number of parameters in a feedforward network with L tayaf N nodes isSLN(N + 3); for
networks with 25 layers of 1, 3 and 5 nodes there are 100, 480.@00 parameters respectively. Obviously
the sampling rate is low, but again we feel that sufficienadets been generated to support the argument
here.
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Figure 6.6: Signal propagation in feedforward network$ib layers of 1, 3 and 5 nodes,
shown as mean change in firing rate vector for each layer damgsa random change in
network input. Layer 0 in the plots represents the inputeed?lots shown for networks

before (dashed line) and after (solid line) homeostatistutdy has been applied. Note
thatAZ, ayer refers to vector change in firing rate of all nodes in a layéreathan change

in firing rate of an individual node.

the previous layer as well as its own self-stimulation; ¢hare no lateral or backwards
connections). This has the effect of amplifying the chamg&tate at each layer and thus
allows the signal to travel further. It is worth pointing dbat if any of these feedforward
controllers were used for robot control, before plastititgy would produce a robot that
never did anything. Changes in input never cause a changetpuitpumeaning that an
agent controlled by the network would never change its bieliavn response to input.

After the homeostatic plasticity has been applied, the gbaminput clearly causes a
change in state at layers much further downstream from gt ilayer than beforehand.
This trend is seen in all the network sizes tested, althotughmore prominent in the
networks with larger N since these are inherently more coivéuto signal propagation
because of their greater level of connectivity.

These results suggest that if a feedforward architectursed for any purpose, home-
ostatic plasticity should be considered as a method of ergstinat signals are passed
usefully from input to output.

6.5.4 Greater likelihood of oscillations

Ensembles of fully connected N-node CTRNNs were generated 3,5, 8,10}. 500
networks of each size were generated with connection weigimdomly drawn from the
range[—10.00,10.00], biases drawn from the range 10.00,10.00] and decay constants
drawn from[1.00,5.00]. Each network was initialised from 100 randomly sampled po-
sitions in its state space. After initialisation the netwaras updated for 100 timesteps
to allow it to settle into a stable equilibrium, after whidchwas observed for another
100 timesteps to determine whether this equilibrium was edfpoint or an oscillatory
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dynamic’ with oscillations detected as described in Section 6.3.2.3

An oscillation in the network was said to exist if at least aig¢he nodes showed
an oscillation in firing rat€. The proportion of initial conditions that led to oscillagor
dynamics was measured for each network and used to calaulatean value for the
whole ensemble of networks of that size. Each network thehhmeneostatic plasticity
applied for a period of 400 timesteps with = 40 andr, = 20, after which the proportion
of initial conditions that led to an oscillatory stable statas calculated as before.

Figure 6.7 shows the proportion of initial conditions leaglito stable autonomous
oscillations in fully connected CTRNNSs before and after hostatic plasticity has been
applied. There is a positive correlation between the sizéhefnetwork and the likeli-
hood of an oscillatory dynamic, reflected in the increasegbprtion of initial conditions
leading to oscillation as network size increases.

Before plasticity is applied, it is noticeable that evenhia .0-node networks there is
only a small & 6%) proportion of initial conditions leading to autonomasillations.
This suggests that randomly parameterised CTRNNSs are nptikely to display rhyth-
mic dynamics. However, after plasticity has been applietiyvorks of all sizes are much
more likely to oscillate. This can be intuitively interpegitas homeostatic plasticity mak-
ing networks more sensitive and thus more likely to osa@llathe removal of saturation
effects makes sure that all nodes play a part in network dyesrincreasing the num-
ber of effective possible oscillatory subcircuits and nmagkihe network as a whole more
conducive to maintaining autonomous rhythms.

This finding resonates with Mathayomchan and Beer's demetist that centre-
crossing CTRNNs are more likely than standard-form CTRNN«]12 show oscilla-
tions. Oscillations are thought to be important for a vagriet motor-control tasks and
the results shown here suggest that homeostatic plastiegit be a good method for
increasing the likelihood of their occurrence in CTRNNSs.

6.6 Agent-level effects of homeostatic plasticity: anecdo-
tal evidence

It is hard to quantify agent behaviour without having a ait@r task in mind. However,

here we will present some evidence that homeostatic pigstian make the behaviours
exhibited by an agent more ‘interesting’. Without making afaims as to the usefulness
of the properties described here, we wish to draw attentidhe increased level of inter-

"No distinction was made between limit cycles and chaoticadyics.
8|n fact any oscillatory network dynamics must necessaniypive at least 2 nodes.
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Figure 6.7: Mean proportion of initial conditions that leadoscillatory autonomous dy-
namics for fully connected N-node CTRNNSs after homeostdéistity has been applied
(shown forN € {3,5,8,10}). There is a significant increase after the plasticity hanbe
applied: blue (dark grey) shows the pre-plasticity levetean (light grey) shows the post-
plasticity level.

action between the agent and its environment that occurs Wwhmeostatic plasticity is
used.

The robot used is that described in Section 6.3.1 above. W&ept two sets of tra-
jectory plots describing the motion of the robot was plagedn environment containing
light sources. The first set are from runs where the robot wasralled by a randomly
parameterised homeostatic plastic CTRNN, and the secoratesétom runs where the
robot was controlled by randomly parameterised non-gd3TiIRNNs before and after a
period of plasticity.

6.6.1 Robots controlled by homeostatic plastic CTRNNSs

Parameter sets for 6-node CTRNN networks and associatedréaonsor gain parameters
were randomly generated and instantiated as robot coatsollFigures 6.8(a), 6.8(b),
6.8(c) and 6.8(d) show motion for 4000 time steps (20000 Hategration steps) where
the light source was randomly repositioned every 800 tirepst The symbok marks
the position of light sources and the symbomarks the start position of the robot. Note
the different scales of the plots.

Robots controlled by randomly generated non-plastic CTRAIN®st always rotated
on the spot and ignored the light source. Sometimes they dthoveircles, but their
motion was consistently a steady rotation. This is expliibg the observations of the
behaviours of fixed random CTRNNS; they are not generallyise@go external input
because of saturation and tend to give constant outpupeodise of input. If the motor
neurons fire at a constant rate the differential drive kingrsawill produce a constant
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angular velocity for the robot, which gives the types of tmtaal movement observed.
An example of this is shown in Figure 6.8(a). The rotationrezrbe seen in the plot as
the robot was spinning about its axis almost without any muet relative to the light
source. The net distance travelled by the robot is very sraadl is due to gradual drift as
the robot’s rotation is very slightly influenced by the difet light intensities its sensors
experience as it rotates.

In contrast to the non-plastic CTRNNS, robots controlledisy@ TRNNs with synap-
tic scaling displayed quite complex behaviours. Since {heagtic scaling ensured that
they were sensitive to external input, these agents weoadlyr influenced by the light
source. Their motion, as seen in Figure 6.8(b), is complex;dasiest description is to
liken it to that of a moth near a flame. The robot approachesahece, then veers away,
then approaches, then spends some time moving erraticadly #om the light source.
Periods of phototactic behaviour occur, but then ceasepgeedods of photo-aversion.
The difference in behaviour for different randomly genecahetworks is considerable,
but the plot shown is representative of the general clasgloftiours observed.

Interestingly, many of these agents showed occasionalgeeaf phototaxis, and some
(roughly 10% by visual inspection) of the agents controllgdCTRNNs with synaptic
scaling displayed stable phototaxis. In these cases theatygattern was an early period
of erratic behaviour, while the synaptic scaling configutied network to be sensitive
to external input, followed by consistent phototaxis. Arample of this is shown in
Figure 6.8(c), where the robot approaches and then ciretebght sources.

Robots controlled by CTRNNSs with adaptive bias also displagteresting behaviours,
which were generally some form of cycloidal motion (see Fg6.8(d)). The cycloidal
motion is caused by the interaction of the adaptive bias withrandom set of fixed
weights causing oscillations in individual nodes. The oiddl motion means that the
robot moves relative to the light source, in contrast to tearrstationary rotation of the
non-plastic CTRNN controllers. The cycloidal motion diggd was generally the same
irrespective of how far the agent was from the light souraguyfe 6.8(d)), since the adap-
tive bias can counteract changes in ambient light intensity

6.6.2 Robots controlled by non-plastic CTRNNs (before/after plas-
ticity)

We have seen that when homeostatic plasticity is activeg#tes a greater level of inter-
action between the robot and the light source stimulus. ®wshat this increased level
of interaction is a feature of increased sensitivity andicedl saturation, and is not caused
by the increase in the complexity of the network dynamicsnhew show plots of agent
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Figure 6.8: Motion plots of photo-sensitive robots coriedlby randomly parameterised
homeostatic plastic CTRNNs. Robots were placed into an @mrient containing a sin-
gle light source which was periodically moved to a new rangmsition relative to the
robot. X marks the position of a light source, the line pldts trajectory of the robot’s
motion over time. Note the different scales of the differemb-plots.
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motion before and after a period of plasticity. Here the tabalways controlled by a
6-node non-plastic CTRNN; motion plots are shown for the ageacting to a series of
light sources before and after a period in which homeospdisticity was applied to the
network.

Figure 6.9 shows the behaviour of the robot for three difierandomly parameterised
controllers before and after the application of homeostalkasticity. The motion traces
show that initially the agents do not react to the light seufthis is because their control
networks are largely saturated and they do not change theuitg in response to the
light falling on their sensors; the controllers give comstautput which is translated into
stereotyped agent behaviour of rotating on the spot. Wheihadhgeostatic plasticity is
applied it stops the control networks giving a saturategpaase so that they now react
to the light source. The nature of their interaction with #r®ironment is not of any
especially useful form, but an interaction exists.

6.7 Summary of results

In this chapter we have looked at the effect of homeostaéistity on and in CTRNNS.
We have seen that when homeostatic plasticity is active in RN, it creates the pos-
sibility of slow oscillations in a single isolated node dwethe interaction of the plastic
mechanisms with firing rate. Plasticity also adds a sloweesicale to network dynamics,
which can mean that networks take much longer to convergedpeating sequence rep-
resenting a fixed point or limit cycle attractor. Agents cofied by homeostatic plastic
CTRNNSs interact much more strongly with their environment.

We have also seen that when homeostatic plasticity is apfdi@ CTRNN and then
switched off again, so that the plasticity is used just as\eldpmental mechanism to
condition the network before use, the sensitivity of eactento input increases. This
means that signals can propagate much further through arietmd that oscillations are
much more likely to occur. Agents controlled by CTRNNs thatédhdeen conditioned
with homeostatic plasticity interact more strongly witleithenvironment.

6.8 Implications for robotics

In this chapter we have characterised the effects of horagogtlasticity in and on
CTRNNSs. In Chapter 7 we look at the implications of these e$fdot the evolvabil-
ity of CTRNNSs, but before doing this there are a few observetiwve can make about the
utility of homeostatic plasticity for robotics more genkyra
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Figure 6.9: Behaviour examples. Motion of three photosaesiCTRNN-controlled
agents before and after homeostatic plasticity is appli@tbsses mark the position of
the light sources. Before plasticity is applied the agewtsiot react to the light source,
after plasticity has been applied they are more sensitigtitauli and there is a stronger
level of interaction.
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The introduction of an additional slower timescale intowak dynamics may allow
increased behavioural complexity, and may also have afgignt effect on the stability
of the system [24]. Homeostatic plasticity performs thisdtion since it operates on a
timescale typically an order of magnitude slower than finatg dynamics.

Node sensitivity is an important basic property in any neaswork. If nodes are
not sensitive to input then they cannot do any useful infdimnaprocessing, and for
this reason homeostatic plasticity may be useful in sonwigistances to ensure that an
appropriate level of sensitivity is maintained.

Similarly, signal propagation is vital to network infornat processing. If a change
in input does not cause a change in network output then no etatgn can be per-
formed. In fully connected network architectures the patigth from input to output is
only one step, but in multi-layer networks signal propagathecomes a more significant
consideration. As demonstrated by the results shown alboveddforward architectures,
randomly parameterised non-plastic CTRNNSs typically dopasts any signal more than
a few layers downstream. Homeostatic plasticity increéiseslistance a signal is prop-
agated by making individual nodes more sensitive. Thus,dustatic plasticity may be
useful for improving signal propagation in multi-layer neirks.

Oscillations in network dynamics are thought to be impdrtana variety of motor
control tasks in biology, and by extension in robotics aldomeostatic plasticity not only
makes network-level oscillations more likely by increasgensitivity, but also allows the
possibility of slow oscillations in single nodes, and magrtfore by a useful mechanism
to include in control networks for certain motor tasks. Hasiatic plasticity also has
the potentially useful property of adding a slower timescaf oscillation to network
dynamics.

The work presented here has been done largely from the mrapef evolution-
ary robotics, but the properties described above are fordostatic plastic networks in
general and are valid independent of the method used to péesase the networks.

6.9 Implications for neuroscience

Homeostatic plasticity in biological nervous systems sutlfht to regulate neural firing
around some set point. It has often been ascribed a stabilisie in neural dynamics,
and has been suggested as a counter-mechanism to the lggstapositive feedback
effects associated with Hebbian plasticity.

However, the results presented here suggest that the rnetewel result of neuron-
level regulation of firing rates is actually increased levef activity passing between
nodes. Homeostatic plasticity makes each node more respdosinput, meaning that
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signals propagate further and with greater amplitude. Bselt is an increased chance
of oscillatory dynamics and greater interaction betweemétwork and its sensorimotor
environment.

Thus it seems that far from stabilising patterns of neurévig, homeostatic plas-
ticity may actually cause greater excitability at the netnievel and thereby destabilise
network dynamics. It is unwise to make too bold a claim abaaiblical brains in refer-
ence to results derived from a grossly simplified cyberrabstraction, but the results we
have obtained here suggest that the current neuroscienéficof homeostatic plasticity
as a stabilising force may not be true at the network levele ea that homeostatic
plasticity counteracts Hebbian plasticity may, howevelt, ke valid.

Hebbian rules in CTRNNSs tend to cause positive feedbackssauttd node saturation
as a result of extreme weight values. Homeostatic plagtafifiers a mechanism that
can prevent node saturation in CTRNNs, maintaining netwensgivity and promoting
integrated dynamics. It may play a similar role in biolodiearvous systems.
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Does homeostatic plasticity make
CTRNNSs more evolvable?

7.1 Overview

In this chapter we explore the impact of homeostatic plagtion the evolvability of
CTRNNSs for robot control. The chapter begins with some disimursof evolvability and
the reasons why an investigation into the evolvability ofmeostatic plastic CTRNNSs is
worthwhile. The experimental method is then describedpfdd by a presentation of
the results achieved. The chapter concludes with somestisnuof the results and their
implications for evolutionary robotics and neuroscience.

7.2 Homeostatic plastic CTRNNs as an evolutionary sub-
strate

In Chapter 6 we saw that homeostatic plasticity makes CTRNNg sensitive to input,
allows signals to propagate further, increases the likelthof oscillatory dynamics, and
strengthens the interaction between an agent and its emvént. Homeostatic plastic
CTRNNSs arebehaviour-richandpoised to behaveWe have also noted in Chapter 3 the
findings of Mathayomchan and Beer [127] that centre-crgs§IifRNNSs evolved good
pattern-generation circuits more quickly than standard BNR [127]. We went on to

117
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show in Chapter 5 that homeostatic plasticity moves CTRNNstdsthe centre-crossing
condition. If the inclusion of homeostatic plasticity makeTRNNs behaviour-rich and
at the same time makes them similar to centre-crossing mk$ywthen we might expect
that it will make CTRNNs more evolvable. However, there asmakasons why this may
not be so. As mentioned previously homeostatic plasticitygases the dimensionality
of network dynamics by turning network parameters into afalies. This may increase
the amount of divergence and noise in the dynamics and iserb&ir complexity, which
may make consistent performance more difficult to achievésoAwe have seen that
homeostatic plasticity causes a large increase in the t@kentfor a network to reach
an attractor from initialisation, which might mean thatwetks perform badly in fithess
trials unless the trials are of sufficient duration to nylfibbssible poor performance during
the transient phase.

There are arguments for and against an evolvability payoffifthomeostatic plasticity,
and it is not clear whether it will be useful. The remaindetto$ chapter will attempt to
shed some light on this issue.

7.3 Measuring evolvability

By common usage in evolutionary robotiesjolvability refers to how easy it is to op-
timise a neural controller using a genetic algorithm. We &t a type of controller is
more evolvable if it reaches a higher level of performan@ntbther types, or reaches an
equivalent level in fewer generations. This is a reasonatemon sense definition and
one which we will make use of in this chapter, but there arenademplexities of which
we must be aware.

When the evolvability of a system is discussed, it is usualkgference to a particular
optimisation task and with a particular flavour of genetgasithm in mind. Often a type
of controller is cited as being highly evolvable after it haexformed well in a single
evolutionary task. This makes the often unstated assumphat there is some measure
of generality to evolvability, i.e., that if a class of cooiter is more evolvable using
genetic algorithm A on task X, it will also be more evolvableem optimised with genetic
algorithm B to perform task Y. However, there is little ewmbe for this and it seems likely
that evolvability is highly contingent on the form of the ggie algorithm and the specific
task it is applied to, as well as the nature of the controlt@ood evolvability is likely
to result from a synergy between controller, task and geragiorithm. This may make
testing thegeneralevolvability of a type of controller difficult.

However, using a similar argument to that in Section 3.4.8,can claim that while
there may be no universal best-evolving controller, it kely that there will at least be
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some controllers that are more evolvable than others wittemarieties of genetic algo-
rithm and for more classes of behavioural task. Thus we cstifipbly seek to find more
evolvable controllers that will improve the methodologyeoblutionary robotics and lead
to more rapid and robust design.

How should we find these evolvable controllers? To avoid tlodlem of task speci-
ficity highlighted above and try to gain the most general measf the evolvabilty of a
class of controller, one method is to perform evolvabilégts of the controller with many
different genetic algorithms and many different tasks. He absence of a clear theory
of evolvability, it may be that this appeal to weight of dagan fact the best approach.
However, this method rapidly becomes intractable. Evohdry robotics experiments
are computationally expensive and time consuming, esihetdiperformed on hardware
rather than simulation. There is a clear trade-off betwesregality and tractability.

In an ideal world it would be beneficial to run a large varietgrperiments to clearly
elucidate the evolvability benefits (or not) of homeostatasticity in CTRNNs. How-
ever, constraints of time and space mean that this is notipess this thesis and we will
have to be content with the more limited set of experimerfeyedfl below. We accept that
this is not a complete account, but hope that it will shed asttsome light on the issue
and perhaps point the way for future work.

The results presented in this chapter should be seen asghietirdata points found
in a larger study of the evolvability of neural controllerglwhomeostatic plasticity. It is
hoped that other researchers may be tempted to run diffesgrariments with different
implementations of the basic theory. Doing so will test tesuanptions made in the cur-
rent implementation and thus allow for greater generatitshe construction of a coherent
theory.

Here we will make use of the common sense definition of evaitsadescribed above
and look for comparative fitness performance achieved withrént plasticity schemes
and tasks when CTRNN controllers are evolved for simple abased behavioural tasks.

7.4 Method

We will look at evolvability of CTRNNs with and without homeasic plasticity on two
simple agent-based tasks derived from original work by B&@}. These tasks involve a
simulated agent that uses visual information to respontapes that fall towards it in a
vertical plane. By moving horizontally towards or away fr@nfalling object, the agent
can either catch shapes or avoid them. We define two behaVimsks. The first task is
to use visual information to direct movement so that the agatches all falling shapes.
The second task is to discriminate between different typebape by catching some and
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Figure 7.1: The agent has a circular body and is equipped3widly sensors and 2 motors
that allow it to move horizontally in response to sensonuinp

avoiding others.

Neural controllers are evolved using a standard genetariiign. Homeostatic plas-
ticity is applied in various schemes to look at the evolutignperformance of networks
incorporating adaptive bias, synaptic scaling, or both mecsms together. The effect
of a pre-trial developmental phase of plasticity is alsonexeed. In all experiments,
performance is compared against that of standard nonkpl@¥RNNs, which act as an
experimental control.

7.4.1 Agent

The agent-shape system (see Figure 7.1) is an idealisedeiist of a situation in which
the shapes fall towards a robot that moves horizontallygbostraight line on the ground.
The agent and the falling shapes are constrained to move sette vertical plane so that
the world is two-dimensional. The agent has a circular bddwadius 5 units.

7.4.1.1 Control network

The agent is controlled by a fully connected 5-node CTRNN W@i#ensor neurons and 2
motor neurons. There are no interneurons. The CTRNNs and dstatee plastic mech-
anisms are implemented as described above in Sectionsaéhd.4.4 respectively, with
the homeostatic target range set tazlee[0.2,0.8]. The network is updated using Euler’'s
forward method with step-size of 0.2 timesteps.
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7.4.1.2 Sensors

There are 3 ray sensors mounted on the periphery of the agé@ireanged in an upward-
facing fan (see Figure 7.1), with each sensor giving a sigredented to the network as
the external inputl(in Equation 3.1) to a unique node in the CTRNN controller. Each
sensor returns a signal proportional to the proximity of aayface with which its ray
intersects as specified by Equation 7.1. Sensors may behhofigs similar to laser
range-finders. The sensor array spans an agraidians.

(7.1)

Dmax— D
S= Smax <—n§x )
max

whereS is the signal returned by the sens8kax is the maximum sensor valu®, is
the distance from the ray’s origin to the intersected s@fandDmax is the maximum
distance at which sensors can detect an object. In the expets presented heSsax=
5 andDmax = 100. Sensors only return intensity values related to thtaudce to the
intersection, and encode no other information.

7.4.1.3 Motors

The agent can move left and right horizontally as if mountadadrictionless rail, with

motion determined by the output of the remaining non-sensdes. The output of the
motor nodes is mapped to the output of two motors (acting posjte directions) that
give an immediate horizontal velocity proportional to thiedence in their activity. The

agent is assumed to have zero mass, so that there is no mementmnertia. Agent

movement is calculated using Equation 7.2.

TxX = Zight — Zeft (7.2)

wherex s the position of the agente : andzign: are the firing rates of the motor neurons
for the left (negative) and right (positivex) directions respectively, argl = 0.2 is a time
constant for the velocity. Sinag is for simplicity chosen to be the same as the integration
step for the control network, the change in position at evertyvork update is given by
the right-hand side of Equation 7.2.

7.4.2 Falling shapes

There are two types of shape, circles and diamonds, bothdaigd 0 units (i.e., circles
are of radius 10 units, while diamonds are sized such that\beices would lie on the
circumference of a circle of radius 10 units). Shapes begal@orizontal displacement



Chapter 7 122 Evolvability

from the agent that is randomly chosen from 10 possibilitesnly distributed in the
range[x — 25,x+ 25|, wherex is the position of the agent. They appear at a vertical
distance of 100 units above the agent, then fall until theekivpoint of the shape passes
below the level of the uppermost part of the agent, at whidhtgbey disappear and are
replaced by a new shape randomly placed as before.

Since the agent can only sense objects through its 3 ray Isense agent’s percep-
tion of the falling shapes is a continuously varying tripfesensor values that varies as
the relative position of the shape from the agent changes. values returned are also
determined by the relief of the leading edge of the shapehsadlationship between
the values in the triple provides information that can impiple be used to differentiate
between circles and diamonds.

7.4.3 Genetic algorithm

Each evolutionary run is performed with a population of 50@gpes evolved for 500
generations. The initial population consists of randondperated genotypes. Each sub-
sequent generation is created from the fittest members gbrdmeding generation, se-
lected according to the scheme below.

7.4.3.1 Encoding

For all types of controller, the weights, biases and decangtamts for all nodes in the net-
work are encoded on the genotype. The genotype is realdahib allele values on the
range[—1.00,1.00]. These values are linearly mapped to appropriate rangehdoas-
sociated phenotypic traits when networks are instantifxted genotypes. The genotype
for anN-node network is thus an array of six& + 2N, i.e., 35 values in the 5-node case.
The allele values for weights and biases are interpretddrdiftly for plastic networks
and non-plastic networks; for plastic networks the genetypcodes the initial values for
the weight and biagariables while in non-plastic networks the genotype encodes the
values for the weight and bigmrameters

7.4.3.2 Selection

Elitism is used to preserve the best genotypes from eachrggmeunaltered. Each new
generation is formed by passing the 5 best genotypes unetldrmgm the previous gen-
eration and making up the rest of the new population from tgres chosen by roulette
wheel selection.
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In roulette wheel selection the previous generation is fifsll ranked in fithess or-
der. Then, each member of the population is assigned a nuofilstats in an imaginary
roulette wheel. Fitter genotypes have more slots. In a @tjou size ofN there areN
slots assigned to the fittest genotype;- 1 to the second fittest, and so on down to the
least fit genotype, which gets 1 slot. There are tNgbl + 1)/2 slots in the complete
wheel.

The new generation is created by randomly choosing a slatr(syg the roulette
wheel) and using the associated genotype as a parent foexhg@neration. Since fitter
genotypes have more slots, they are on average more stnampggsented in the next gen-
eration than less fit genotypes. This process is repeatédreplacement, until sufficient
parent genotypes have been chosen to form the new population

7.4.3.3 Mutation / crossover

No crossover was used, so that the population can be thotightreproducing asexually.
The elite genotypes are passed to the next generation withatation, but all other geno-
types are subjected to point mutation with a 3% chance of toatat each allele. Two
forms of point mutation occurred with equal probability. eTfirst type of mutation was
carried out by randomly choosing a new value for the alledenfthe range—1.00,1.00].
The second type added to the existing allele value an amandbmly chosen from the
range[—0.50,0.50].

7.4.3.4 Fitness function 1: Ball-catching task

In the ball-catching task a series of circle shapes is drdgpel the agent has to move so
that it intercepts them. The agent is awarded fitness for ngoso that it ‘catches’ all the
falling objects, a task which involves locating the objeatl anoving to keep the object in
the centre of its field of view until it reaches ground level.

In each trial, 20 circles are dropped from 10 possible stasitmns with randomly
chosen velocity. The horizontal component of shape veslasidrawn from a uniform
distribution on the rang¢—0.3,0.3], while the vertical component is drawn from the
range[—0.5,-0.2].

Fitness is calculated as a combination of scores on twarierit&he first criterion is
percentage reduction in the horizontal distance betwesnehtre points of the agent and
the falling object. The second criterion is minimising tHesalute distance between the
agent and the shape at the end of the trial, with the scorealsed by comparing the
actual distance to the greatest possible distance baséeé ameiximum speed of the agent.

Mean values for both criteria are taken over the 20 objecgur&ations in each trial,
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summed with equal weighting and normalised to the rajig& 1.0]. The trial fithess
score in the ball-catching task is therefore given by Equmaii.3.

. 1 P 1 Sfinal Sfinal
Fitness= Ei;E l(p (1— S ) + (1— Snax)]i (7.3)

HereSis the horizontal displacement of the object from the agett..) is a func-
tion that returns zero if the argument is outside the rgg#, and otherwise leaves the
argument value unchanged, i.e., in this case the functimn® zero ifStjng > Snit but
otherwise returns the argument valuSyax is the maximum achievable horizontal dis-
tance between agent and shape is calculated by workingetitiike taken for each shape
to reach the ground (based on its vertical velocity) and iplylhg by the maximum hor-
izontal speed of the agent relative to the shdpes the number of presentationB £ 20
used here). The indexed square brackefs refer to the data gathered from thRobject
presentation. The fitness for a genotype is taken as the nada@ over 10 trials in order
to promote consistency in performance.

7.4.3.5 Fitness function 2: Discrimination task

The discrimination task is similar to the ball-catchingki@xcept that a variety of circle
and diamond shapes are presented, with the task for the bgmgg to avoid circles and
catch diamonds.

In this task the shapes fall vertically at a speed of 1 unittimeestep and have zero
horizontal velocity. In each trial, 20 shapes (10 circled diamonds) are dropped from
10 possible positions.

A shape is deemed to be caught if it reaches the ground at zomtei distance from
the agent less than the combined radii of agent and shapeif itee agent and shape
overlap at ground level. Objects that are not caught aretsai@ avoided. Catching or
avoidance is viewed as a behavioural expression of the 'agerticessful discrimination
between objects.

Fitness is the proportion of correct classifications perfed. Trial fithess for the
discrimination task is given by Equation 7.4.

P
Fitness= %I; y(i) (7.4)

wherey(i) returns 1 or 0 when the correct or incorrect classificatiapesetively is made
for presentation, andP = 20 is the total number of object presentations in the trial.

Again the fitness for a genotype is calculated as the mease wafer 10 trials in order
to promote consistency in performance.
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7.5 Results

We will present results here from four experiments, in ortietell a comprehensible
story about the effect of homeostatic plasticity on the eability of CTRNN robot con-
trollers. First we will perform a basic comparison of evdduday of CTRNNs with dif-
ferent plasticity schemes. Next we will look at the effectadfling a developmental pe-
riod to the evolutionary trials, then at how homeostatisptanetworks perform next to
centre-crossing networks. Finally we will consider thefpamance of larger non-plastic
CTRNNSs, in order to determine the effect on evolvability oégter numbers of degrees
of freedom in network dynamics.

7.5.1 Experiment 1. Comparative evolvability of CTRNNs with dif-
ferent homeostatic plasticity schemes

For this set of experiments CTRNN controllers with differgasticity schemes were
evolved using the method and tasks described above. Tentevary runs were per-
formed for each scheme to make sure that the results gainedlregresentative; while
10 measurements is not a large sample, it should be suffiertiuce the influence of
occasional anomalous data whilst remaining within the ldgwof tractability.

The plasticity schemes used are given below. All networkk5maodes and were fully
connected, with sensor/motor connections as describdetimethod above.

Non-plastic CTRNN

CTRNN with synaptic scaling

CTRNN with adaptive bias

e CTRNN with both synaptic scaling and adaptive bias

Each type of network was tested on both the ball-catchingdesatimination tasks.
Figure 7.2 shows the average evolutionary performancemfalters with each plasticity
scheme on the ball-catching task, taken over 10 evolutyonars. Figure 7.3 shows the
performance in each run individually for comparison. Feg7.4 and 7.5 show the same
results for the discrimination task.

The results for the ball-catching task show that the besviehdal performances were
by non-plastic networks, but that the population averagee$s was generally slightly
higher for the plastic controllers (Figure 7.2). All of thé&agptic controllers reach a high
level of fitness in fewer generations than the non-plastiatrodiers, with the average
fitness rising more quickly in the early stages of the evohairy runs.
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Figure 7.2:Ball-catching taskPlots show mean performance over 10 evolutionary runs of
CTRNNSs with different homeostatic plasticity schemes. lohgalot, upper line is fitness
score of best individual in population, lower line is meamd#ds score for population.
Both are plotted against generational time. Non-plasttevaks reach the highest levels
of fitness by an individual in the population, but plasticwatks are more consistent,
with a higher population mean fitness.



Chapter 7 127 Evolvability

1

0.8 0.8 0.8 0.8

1 1
0.6 0.6

0.4 0.4

0.6 0.6 0.6 0.6

0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4

0.2 0.2 0.2 0.2 0.2 0.2 0.2

%H
‘Eﬁ“

0 0 0

0 0 0 0 0
0 500 O 500 O 500 O 500 O 500 0 500 O 500 O 500 O 500 O 500
0 500

1 1

1 1 1 1 1 1 1
0.8 0.8 0.8 0.8 0.8 O.SW 0.8 0.8 O.SW O.Sflm
0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
o0 500 00 500 00 500 OO 500 00 500 00 500 OO 500 0 00 500 OO 500
(a) Non-plastic (b) Synaptic scaling
1 1 1 1 1 1 1 1 1 1
0.8 w 0.8 W 0.8 w,‘ j 08 W 0.8 OBW OIBW o_sW O.BW 0.8 rv?r:“w‘-yh'ul
0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
OO 500 OO 500 OO 500 OO 500 OO 500 00 500 00 500 0O 500 00 500 00 500
1 1 1 1 1 1 1 1 1 1
O.BW o.aW 0.8 o.a/r 0.8 0.8 |kt 0.8 0.8 i 0.8{™ 0.8
0.6 0.6 0.6 0.6 0.6 0.6[“ 0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
OO 500 00 500 O0 500 OO 500 0O 500 0O 500 0O 500 0O 500 0O 500 0O 500
(c) Adaptive bias (d) Synaptic scaling and adaptive bias

Figure 7.3: Ball-catching task.Plots show individual run performances (for 10 evolu-
tionary runs) of CTRNNs with different homeostatic pladticicchemes. In each plot,
upper line is fithess score of best individual in populatiomer line is mean fithess score
for population. Both are plotted against generational titden-plastic controllers show
jerky increases in fithess during the early stages of theusieolary runs, while plastic
controllers show a smoother increase.
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Figure 7.4:Discrimination task Plots show mean performance over 10 evolutionary runs
of CTRNNSs with different homeostatic plasticity schemes.eblcth plot, upper line is
fitness score of best individual in population, lower linenean fitness score for popula-
tion. Both are plotted against generational time. All kindsetwork perform poorly, but
non-plastic networks are slightly better than the plastitworks.
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Figure 7.5: Discrimination task. Plots show individual run performances (for 10 evo-
lutionary runs) of CTRNNs with different homeostatic plag§i schemes. In each plot,
upper line is fithess score of best individual in populatiomer line is mean fithess score
for population. Both are plotted against generational tinMost of evolutionary runs
for the non-plastic networks show some degree of progregxrily a few of the plastic

(c) Adaptive bias

(d) Synaptic scaling and adaptive bias

networks show any improvement in evolutionary time.
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The plastic controllers also all show a smooth increase med$s, whereas the non-
plastic networks exhibit a more jerky increase. While thikyencrease would be smoothed
out if the sample size of runs was increased, it is notabletieplastic controllers are
a lot more consistent than the non-plastic networks, shgpwieater similarity in their
performances in different runs than the non-plastic netadsee Figure 7.3). The plas-
tic controllers always quickly evolve a reasonable levefimiess, while the non-plastic
controllers improve slowly to begin with but go on to everlyigeach a higher best per-
formance level. There is little difference between theat#ht plastic networks, with all
giving a similar level of performance.

The results for the discrimination task show that it is a mdifécult evolutionary
challenge than the ball-catching task. Figure 7.4 showsttieanon-plastic networks
achieve only a moderate level of fitness, while the plasttevaeks universally perform
poorly.

It is possible to get a fitness score of 0.5 in the discrimoratask by shooting off in
one direction, hence catching nothing and thus making 50%&ciclassifications. This
strategy is likely to be present in the initial populationatifof the controller types. The
plastic networks appear never to improve on this strategi te best networks in each
generation probably just being lucky enough to make a fewtiadal correct classifica-
tions accidentally. Looking at Figure 7.5 we can see thatdbkalts for the individual runs
show that in only a few cases do the plastic networks showamiytonary progress, and
also that this may take several hundred generations of igehét to appear.

Comparing the results for both tasks, we see that homeosgtastcity offers advan-
tages of consistency and quick early progress in the b&thazg task, but is eventually
out-performed by the best non-plastic networks in most.rdnghe discrimination task
we observe that the plastic networks are clearly out-peréat by the non-plastic net-
works. It is not immediately clear why this should be so, gjlolooking at the strategies
of the best non-plastic networks suggests one possibilibe best evolved non-plastic
networks use an active scanning motion where the agent nmapetly from side to side
as the object approaches. Catching is then performed bywiagahe amplitude of this
oscillation, and avoidance by expanding it at the last mdamd@rinere is only a small
observable difference between the catch and avoid behavamd it may be that the in-
creased dimensionality of the dynamics in the plastic ngisvanakes them too clumsy
and unreliable for this level of sensitive control.

The level of performance of the different homeostatic tasiechanisms seems to be
similar in all regimes. The adaptive bias mechanism hasghtséidvantage in the ball-
catching task, but this is too slight for us to conclude itéstér than synaptic scaling in
general, especially given our earlier remarks about the¢ilmgant nature of evolvability.
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The plastic networks also show similar poor levels of perfance on the discrimination
task.

From this experiment we have seen that in terms of achieneghighest level of
fitness the plastic networks perform worse than the nortiplagtworks. However, on
the ball-catching task the plastic networks offer advaesagf quicker early progress in
the evolutionary run and more consistency in achieving ageable level of performance
in multiple runs.

7.5.2 Experiment 2: The effect of a developmental period

Here we want to look at the effect on evolvability of a devehgmtal phase, where home-
ostatic plasticity is applied for a period in each trial ptio fithess assessment. We looked
at the same types of plastic controller as in Experiment datipg every network for 6000
timesteps before each trial began. In one set of evolutyonars the plastic mechanisms
were left active during the trial (Figures 7.6 and 7.7), whahother identical set of runs
was performed where the plasticity was switched off afterettgpment for the duration
of the fitness trial (Figures 7.8 and 7.9). In the latter cdseplasticity is used purely
as a mechanism for pre-conditioning networks that have tieeaplasticity during their
functional lifetime.

Figures 7.6 and 7.7 show the performance of the plastic m&smwith and without
a developmental period for the ball-catching and discration tasks respectively. The
plots for performance without development have been regeadm Figures 7.2 and 7.4
for ease of comparison.

Performance is broadly very similar on first inspection,hagtmilar levels of fithess
being reached irrespective of the presence/absence ofedogevental period. However,
careful examination of performance in the early stages ®@ftfolutionary runs (genera-
tions 0-150) for the ball-catching task shows that the dgw@lental period has the effect
of reducing the number of generations taken until a highllef/étness is achieved. This
effect seems to be most pronounced in the plots for the syneqaling and adaptive bias
mechanisms acting individually.

For the discrimination task, the developmental period eawssmall increase in the
levels of fithess reached, but overall performance by thstiglanetworks on this task
remains very poor.

The effect of the developmental period when used as a prditoammng phase for
non-plastic networks is quite large in the ball-catchimgktaFigures 7.8 and 7.9 show the
results for runs where homeostatic plasticity was appleedfperiod prior to each fitness
trial, but then switched off while the trial was performed.
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Figure 7.6:Ball-catching taskPlots show mean performance over 10 evolutionary runs of
CTRNNSs with different homeostatic plasticity schemes witd avithout a pre-trial devel-
opmental period. In each plot, upper line is fitness scoreest mdividual in population,
lower line is mean fitness score for population. Both aretptbgainst generational time.
SS - synaptic scaling, AB - adaptive bias. The developmeraabd improves progress

in early stages of the evolutionary runs compared to netsvarithout a developmental
period, as demonstrated by the quicker attainment of higkgg in the runs with devel-
opment.
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Figure 7.7: Discrimination task. Plots show mean performance over 10 evolutionary
runs of CTRNNSs with different homeostatic plasticity schemnagth and without a pre-
trial developmental period. In each plot, upper line is facore of best individual
in population, lower line is mean fitness score for populatiBoth are plotted against
generational time. SS - synaptic scaling, AB - adaptive.bid® use of a developmental
period causes a slight improvement in performance but dvexeels of fitness are poor
both with and without a developmental period.
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Figure 7.8:Ball-catching task.Plots show mean performance over 10 evolutionary runs
of non-plastic CTRNNs where fitness trials were performedraitperiod of homeostatic
plastic development. In each plot, upper line is fithessesobbest individual in popula-
tion, lower line is mean fitness score for population. Both@lptted against generational
time. Development performed with different plasticity eaies: SS - synaptic scaling,
AB - adaptive bias. Using homeostatic plasticity as a dguakental mechanism to pre-
condition non-plastic CTRNNS gives a clear advantage inugmiary performance.
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Figure 7.9:Discrimination taskPlots show mean performance over 10 evolutionary runs
of non-plastic CTRNNs where fitness trials were performedraftperiod of homeostatic
plastic development. In each plot, upper line is fithessesobbest individual in popula-
tion, lower line is mean fitness score for population. Both@alptted against generational
time. Development performed with different plasticity eaies: SS - synaptic scaling,
AB - adaptive bias. In this task, conditioning non-plasetworks with a period of home-
ostatic plastic development made no significant differéngeerformance.
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The plots for the ball-catching task (Figure 7.8) show aimigstimprovement in the
speed of evolution of good controllers, though again thd fewvels of fithess reached are
similar irrespective of development. High levels of fithessthe ball-catching task are
reached several hundred generations earlier when notigagh@tworks are pre-conditioned
with homeostatic plastic development.

Developmental pre-conditioning has very little effect @rfprmance in the discrimi-
nation task (Figure 7.9), with perhaps a small negativecetia levels of best performance
reached.

It is interesting to note that the plastic networks with depenent perform similarly
to those without. From this we can deduce that the reasorh®pobor performance of
the plastic networks is not related to the increased lenfitheotransient phase in their
dynamics that was identified in Chapter 6. It might be thoulgat the continual change
in network behaviour during the long transient phase cbuated to the poor performance
by adding noise to the genotype-to-phenotype mappinghlewgdod performance of non-
plastic networks after development shows that the longstesm phase is not in itself to
blame. It appears from this that it is the presence of actastigity which is the important
factor in causing poor performance on the discriminatiakta

7.5.3 Experiment 3: Comparison of pre-conditioned networks with
centre-crossing networks

The improved evolvability of the non-plastic networks aféedevelopmental period on
the ball-catching task might be because the homeostatstigtyg moves the networks
towards the centre-crossing condition during developmastve showed in Chapters 5
and 6. This would tie in with the improved evolvability of dezrcrossing networks on a
pattern generation task that was demonstrated by Mathdyamand Beer [127].
Evolutionary runs were performed using the same method egptévious experi-
ments, using non-plastic networks in which the centresirmscondition enforced under
two different regimes. The first regime seeded the initialegation of each genetic al-
gorithm with genotypes calculated to give centre-crossieigvorks, but then allowed the
evolutionary process to move network parameters away fremtre-crossing neighbour-
hood by mutation. Thus in this regime the centre-crossinglitmn was only enforced
in the first generation and was then subject to evolutionhgnge. The second regime
enforced the centre-crossing condition all through thdudianary run, by calculating the
necessary bias terms from the genetically specified weagtdgsery agent initialisation.
Figures 7.10 and 7.11 show the results achieved on the &@lhing and discrimina-
tion tasks respectively. The figures show performance irs mith the centre-crossing
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Figure 7.10: Ball-catching task. Plots show mean performance over 10 evolutionary
runs of non-plastic CTRNNs where the initial population isded with centre-crossing
networks and also where the centre-crossing conditionfisreed for every network in
every generation. Also shown is performance of non-pla8ii&NNs with and without
homeostatic plastic development for comparison. In eact) ppper line is fithess score
of best individual in population, lower line is mean fitnessre for population. Both
are plotted against generational time. SS - synaptic spalB - adaptive bias, CC -
centre crossing. Best performance is shown by centredagsgtworks and by networks
conditioned with homeostatic plastic development, whietfgrm to similar levels.
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Figure 7.11:Discrimination task. Plots show mean performance over 10 evolutionary
runs of non-plastic CTRNNs where the initial population isded with centre-crossing
networks and also where the centre-crossing conditionfrsreed for every network in
every generation. Also shown is performance of non-pla@8ii&NNs with and without
homeostatic plastic development for comparison. In eact) ppper line is fithess score
of best individual in population, lower line is mean fitnessre for population. Both
are plotted against generational time. SS - synaptic spalB - adaptive bias, CC -
centre crossing. Centre-crossing networks perform begtisnask, showing better levels
of mean and elite fitness than standard CTRNNs and networkshwineostatic plastic
development.
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condition enforced under the two regimes described abow atso the performance of
standard non-plastic CTRNNs and the non-plastic CTRNNs d#teelopment (repro-
duced from Figures 7.2, 7.4, 7.8 and 7.9) for comparison.

In the ball-catching task, centre-crossing networks arfgyzm the standard networks
when enforced in both the regimes described above. The bdsrmance is by networks
where the centre-crossing condition is always enforced;iwhow a similar level of per-
formance to the non-plastic networks that have been camdit by homeostatic plastic
development. This similarity lends support to the hypothésat the good performance
of the non-plastic networks after development is becausdtimeostatic plastic moves
them towards the centre-crossing condition, where theynaagbehaviour-rich region of
parameter space and poised to behave.

The situation for the discrimination task is a little diéert. Centre-crossing networks
created under both regimes out-perform the other typestefork. The best performance
Is again by the networks where the centre-crossing comdisi@always enforced.

Taken together the results are a little confusing. In onle @@ntre-crossing networks
and networks where homeostatic plastic development mdws towards the centre-
crossing condition show similar levels of success, suggg#tat proximity to the centre-
crossing condition is the source of their success. In theratisk the centre-crossing
networks show a significant improvement over the standadar&s, whereas the devel-
oped networks show a performance decrease.

We know from previous work that homeostatic plasticity movestworks towards
the centre-crossing condition. The results for the batititiag task suggest that this ac-
counts for the success of the pre-conditioned networks. preeconditioned networks
in the discrimination scenario will still be close to the trercrossing condition, which
suggests that their poor performance compared to cendssiolg networks found by pre-
calculation of bias terms must be related to some featuraeotievelopmental process.
This finding would appear to contradict our conjecture in discussion of results from
Experiment 2 that the development process itself did nog lzawegative effect on perfor-
mance.

7.5.4 Experiment 4: Evolvability of larger non-plastic CTRNNs

One possible explanation for the poor evolvability perfanmoe of the homeostatic plastic
CTRNNSs in some of the previous experiments is that the inest@smensionality of
their dynamics makes their behaviour too complex and thra-inétwork interactions too
strong for evolution to be successful.

The complexity of a dynamical system is a difficult propedytantify. Todo soin a
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Figure 7.12:Ball-catching taskPlots show mean performance over 10 evolutionary runs
of non-plastic CTRNNSs of different sizes. Also shown is parfance of networks with
active homeostatic plasticity for comparison. In each,plpiper line is fithess score of
best individual in population, lower line is mean fithessrecimr population. Both are
plotted against generational time. SS - synaptic scalirg)- Adaptive bias. Increasing
the size of the network decreases evolvability, with lowarels of fithess reached by
larger networks.
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Figure 7.13:Discrimination task. Plots show mean performance over 10 evolutionary
runs of non-plastic CTRNNSs of different sizes. Also shownesfprmance of networks
with active homeostatic plasticity for comparison. In epaldt, upper line is fithess score
of best individual in population, lower line is mean fitnessre for population. Both are
plotted against generational time. SS - synaptic scalirg)- Adaptive bias. Increasing
network size reduces evolvability, with larger networkaaking lower levels of fitness.
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rigorous fashion is not straightforward, but we can perh@ag$orm some useful informal
testing of our hypothesis by testing the evolvability ofgeamon-plastic CTRNNs. By
adding more nodes to a network we potentially add more dimasgo its dynamics.
Thus we may to some extent test the idea that greater dimeigjoin the autonomous
dynamics of a system makes it harder to evolve.

Figures 7.12 and 7.13 show the results from evolutionarg with non-plastic CTRNNs
with 12 and 20 nodes. Results for 5-node plastic and nortiplastworks are reproduced
from Figures 7.2 and 7.4 for comparison. It can be seen frasdlplots that increasing
the size of the network reduces evolvability, with lower s values being reached for
both ball-catching and discrimination tasks.

We can note from these runs that adding potential dimensibwariation to the net-
work dynamics in these cases reduces evolvability, an@tigaty suggest that a similar
effect could occur when dimensions are added by includitigexplasticity. AnN-node
non-plastic CTRNN has up fd dimensions in the dynamics, wheread\anode network
with both adaptive bias and synaptic scaling active can bave® N? + 2N dimensions.
The large difference in the number of degrees of freedom efpllastic networks com-
pared to non-plastic networks may explain the poor perfoiceaf the plastic networks.

It should be noted that counting the dimensions in which gesysnay vary is a very
weak method of comparison. The nature of the coupling batviee different variables
in a system is obviously hugely important in classifyingbtshaviour. This is another
reason why comparing plastic networks to non-plastic ngts/@s not straightforward.
Even if they have the same number of dimensions of variattmnjnteractions between
these variables are very different. For this reason we nxestcese caution when draw-
ing conclusions about plastic networks from the behaviduram-plastic networks with
greater numbers of nodes.

However, we can observe here that adding dimensions maksgirey good con-
trollers more difficult in some cases and speculate thatrtiayg cause the poor perfor-
mance of the plastic networks.

7.6 Summary

From the results of the experiments described above we caanab that homeostatic
plastic CTRNNSs reach lower levels of best fithess than nostgl& TRNNs on both the
ball-catching and discrimination tasks, but that the pdas¢tworks are more consistent
than the non-plastic networks, with higher population métmress and greater consis-
tency between evolutionary runs. The plastic networks algdve more quickly in the
early stages of the evolutionary runs for the ball-catchask, but they always perform
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badly on the discrimination task.

The use of a developmental period improves the performanhitedomeostatic plas-
tic CTRNNSs on both tasks, while the use of a developmentabdda pre-condition non-
plastic networks gives a large improvement in evolutionaeyformance on both tasks
also. Centre-crossing networks give a similar level of panfance to conditioned non-
plastic networks on the ball-catching task, but performdyein the discrimination task.

Finally, the evolutionary performance of non-plastic netks decreases as network
size increases.

7.7 Implications for robotics

These results deliver a mixed verdict on the utility of hostatic plasticity for improv-
ing evolvability. While homeostatic plastic networks canrbere consistent and evolve
more quickly to begin with, they are ultimately out-perfagdhby non-plastic networks. It
thus appears that the only evolvability benefit that can bengd by homeostatic plastic
CTRNNSs is quick early progress and consistency, and evee tlessilts are not seen in
the discrimination task.

However, when used as a mechanism for pre-conditioningptastic networks prior
to the commencement of fitness testing, we see an improvem@etformance on the
ball-catching task, although little difference is seenhe tesults for the discrimination
task. These results seem to suggest a useful role for hoateqgsasticity for improving
evolvability. This role is undermined, however, by the gegsguccess of centre-crossing
CTRNNSs on both tasks.

Centre-crossing networks are the most successful kind afarkton both of the evo-
lutionary tasks, and the recommendation from our experimenthat the best way to
improve evolutionary progress is to use this kind of netwotkseems likely that the
good performance of the non-plastic networks after honagiosplastic development on
the ball-catching task is at least in part because the har@oplasticity moves the net-
works to the centre-crossing condition before the trialibeglf there is a simple calcu-
lation that can be performed in place of the developmentabgevith similar effect (i.e.,
Equation 3.4) then the computational expense of using hetago plastic development
must count against it.

The most likely explanation for the reduced evolvabilitytioé plastic networks is that
their dynamics are simply too complicated for evolutionsearch to be able to optimise
their parameters. The experiments performed with largerplastic CTRNNs showed
that as the networks grew larger their evolutionary pertamoe was reduced. We can
take this as evidence that more complicated network dyrareduces evolvability, with
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some caveats relating to the qualitatively different natfiplastic networks to non-plastic
networks.

One complication is that the genetic algorithm used hemwlithe possibility of the
initial parameters of a plastic network being set by evolutiThis could potentially make
the plastic mechanisms redundant, since careful paraisegien could prevent home-
ostasis being lost during normal behaviour. It would bergdéng to study the effects of
homeostatic plasticity on evolutionary progress in a saenshere network parameters
were initialised randomly during each trial, thus ensurangreater role for the plastic
mechanisms in agent performance.

The results achieved do not suggest any immediate evalyab&nefit from using
homeostatic plasticity in CTRNNSs, except when used as a dpnetntal mechanism, in
which case an equivalent effect can be achieved with lespuatational cost by using
centre-crossing networks.

However, the experiments we have performed are very limitestope and should
be seen only as the beginnings of an investigation into tloévalility of homeostatic
plastic networks. As we discussed above, evolvabilityingss not straightforward and
more data is required before we can claim a good understgrafithe evolvability of
homeostatic plastic CTRNNSs. It may be that other roboticeages, using other kinds
of behavioural task or different genetic algorithms, mightiver contradictory results to
those seen here. This is likely given the significant diffiees in the results from the two
very similar tasks shown here.

Also, looking for direct evolvability benefits from homeast plasticity may be mis-
guided. Homeostatic plasticity is thought by neuroscgstio play a role in regulating
network function against perturbations from other typeplastic mechanism during the
lifetime of an individual. It may be that homeostatic plasi in artificial neural networks
will be useful performing a similar function in robot brajmeaintaining sensitivity in the
face of perturbations during the agent lifetime.

These perturbations may be internal, such as changes tonkestvucture caused by
other plastic mechanisms. For example, homeostatic pigsthay allow a robot con-
troller to avoid node saturation and maintain network gestsi in the face of destabilis-
ing positive feedbacks caused by Hebbian learning.

Alternatively, perturbations may be environmental. Foample, consider the case
where a light-sensitive robot must behave in a variety dfedéint environments, each
with a different level of ambient light. While sensor nodesinon-plastic CTRNN might
have difficulty in adjusting to the different levels of amhid¢ight, being over-stimulated in
bright conditions and under-stimulated in dull conditipssnsor nodes using homeostatic
plasticity would be able to adjust their sensitivity to therent conditions and maintain
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their functional response.

The bottom line is that we simply do not have enough data te @@y major con-
clusions concerning the utility of homeostatic plastiday improving evolvability. Here
we have presented results from one implementation of hotagoplasticity, tested on
two tasks on a single simulated robot platform. Much morekwsmeeded to develop
a fuller understanding. The results presented above dohwt snuch benefit to using
homeostatic plasticity, but maybe that is because thet&hshave not demanded it. If
an evolutionary scenario calls for maintenance of netwerksgivity and avoidance of
saturation in the face of lifetime perturbations, it seeikaly that homeostatic plasticity
will be of use.

7.8 Implications for neuroscience

The most evolvable networks were the centre-crossing CTRNMswed by the non-
plastic networks after a developmental period. The devetaytal period actually creates
centre-crossing networks from a non-centre crossingistgposition, without the explicit
calculation of bias terms that was used for the ‘traditiboahtre-crossing networks used
by Mathayomchan and Beer [127].

Biological nerve cells do not engage in abstract mathemagiod are thus unable to
create centre-crossing networks by pre-calculation of be@ams, even supposing that a
direct biological counterpart to the bias term existed. dhtre-crossing networks (that
is, sensitive networks consisting of neurons that resptmosgly to input) are beneficial,
then maybe homeostatic plasticity is a means of creating tinat is accessible to bio-
logical evolution. Homeostatic plasticity is thought tovea significant role during the
development of the mammalian brain [172], and perhaps orits &inctions is to move
neuronal networks towards a condition where they are se@asand respond to input,
perhaps in the face of pressures from other forms of neuaatigity.

1The ability of homeostatic plastic CTRNNSs to maintain trsensitivity in the face of changing base
levels of external input was demonstrated in a publishe@ipbased on work in this thesis. See Williams
(2004) ‘Homeostatic plasticity in recurrent neural netkgdras referred to in the front matter of this thesis.
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Discussion of Part Il

8.1 Overview

In this chapter we will try to summarise and discuss the netpresented in Part lll,
looking at the main findings and their implications for ralbbetand neuroscience. We will
review the methods and approach used, before going on toeideas for future work.

8.2 Summary of results

8.2.1 Chapter 3: Background

In Chapter 3 we reviewed the relevant literature concernomgéostatic plasticity both in
biological neuronal networks and in artificial neural netksapplied to robotics. We in-
troduced evolutionary robotics and continuous-time regnirneural networks (CTRNNS),
that are both fundamental to the work presented in latertelhapWe saw that homeo-
static plastic mechanisms have recently become an inatdases of research in the
neurosciences, and that their use in artificial neural nedsvior robot control is almost
unexplored. Where homeostatic mechanisms have been uderbiait controllers, none
of the reported work covers the questions we wish to address.

Di Paolo [46,48] and Balaam [8] were interested in Ashby&aidf homeostatic adap-
tation [7], and accordingly their implementation did ndleet the picture of homeostatic
plasticity favoured by neuroscientists.

146
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Another investigation by Di Paolo into the use of homeostasicillators [47] is the
closest prior study to the current work in terms of mechanibat was again aimed at
the question of behavioural robustness rather than antige¢ien of the homeostatic
mechanisms identified by neuroscientists. While the adaptigchanism used in [47] is
similar to the adaptive bias mechanism used here, the éiffdaimescale and research
goal mean that there is little overlap with the work preséniethis thesis.

Hoinville and Henalff [84] were also interested in robussemnd while the mecha-
nisms they employed were intended to reflect those seen iogital brains, there were
significant methodological problems with their impleméima and we can learn little
from their work.

The centre-crossing networks presented by MathayomchdrmBagr [127] are rele-
vant here, but cannot be said to be homeostatic mechanistisough we showed in
Chapter 5 that homeostatic plasticity creates centre-crgsetworks, the networks used
in [127] were created by explicit pre-calculation of paraene and employed no homeo-
static mechanisms.

With this background the aims of the current work were idesdi The first task was
to develop mechanisms to implement homeostatic plasiicitgyTRNNs. Subsequently
we wanted to see if homeostatic plasticity solved the proldé node saturation, before
going on to investigate its effects on CTRNNSs at the levelsaafey network and agent.
Since this work falls mostly under the banner of evolutignabotics, the final aim was
to look at the impact of homeostatic plasticity on evolvipil

8.2.2 Chapter 4. Can homeostatic plasticity be implemented in CTRNNs?

Chapter 4 covered how homeostatic plasticity could be impleted into CTRNNSs. The
functional effects of the different homeostatic mechasiseen in biological brains were
discussed, and mechanisms acting to scale synaptic weagltslter the intrinsic ex-
citability of neurons were identified as being most suitdbleuse with CTRNNs. Sim-
ple mathematical formulae to govern plastic change wereldped, making use of Di
Paolo’s plastic facilitation mechanism (Equation 4.1)][46id implementing homeostatic
plasticity in CTRNNSs in the form of mechanisms for adaptivasb{Equation 4.3) and
synaptic scaling (Equation 4.2).

The chapter finished with some discussion of which level straation was appropri-
ate when implementing homeostatic plasticity in CTRNNSs,ahaaing that the level of
realism chosen should be (and in fact was) roughly equivatethe level of abstraction
of CTRNNs compared to real brains. The homeostatic plastwarks used here thus
retain the same level of biological relevance as CTRNNSs.
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8.2.3 Chapter 5: Does homeostatic plasticity prevent node satura-
tion?

Chapter 5 opened with some analysis of the nature of the @misimposed on single-
node CTRNNs by specifying a target range for firing rates. Iswhown that in most
cases, homeostatic plasticity will move the node to a camgtsatisfying region of pa-
rameter space, although in some cases there is no stablibreguithat allows this and
nodes may display a slow oscillation as the plastic mechaoentinually seeks to satisfy
the constraint.

The concept of a constraint-satisfying region of paramsperce was generalised to
multi-node networks, and it was noted that in a functioniawork homeostatic plasticity
may move the network through parameter space towards trstraon-satisfying region
without ever reaching it, due to the continually changinguits the network receives. The
character of homeostatic constraint satisifaction in anegkt as anongoing processvas
discussed.

8.2.4 Chapter 6: What effect does homeostatic plasticity have on net-
work behaviour?

In Chapter 6 we looked at the effect of homeostatic plastmityCTRNNSs at the levels of
nodes, networks and agents. This was measured on metriesgifigity to input, signal
propagation, and likelihood of oscillatory dynamics. Thehaviour of a light-sensitive
robot controlled by a homeostatic plastic CTRNN was simualated observed.

Before any experimental work was done it was noted that gdpllasticity to a net-
work creates a new class of controller, and is not simply atitizé change to the existing
network. This raises difficulties in fair comparison, and thethod of adiabatic approx-
imation for comparing the behaviour of non-plastic netvgovkith plastic networks was
discussed and used throughout the experiments.

It was shown that homeostatic plasticity allows slow oatittins to occur in a single
node, and causes individual nodes to become more sensitasddrnal input by moving
them closer to the centre-crossing condition.

In networks, homeostatic plasticity was shown to add a sidineescale to network
dynamics and cause a large increase in the time taken foorletlynamics to converge
to an attractor from a random initial state. Signal propegatvas improved in fully con-
nected, randomly connected, and feedforward CTRNN ardiites. Oscillations were
much more likely to occur in both homeostatic plastic netsoaind in non-plastic net-
works after a period of homeostatic plastic developmentil@sons in firing rates were
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made more likely by homeostatic plastic development bexthey made networks more

excitable and allowed signals to propagate further. Riagtiworks behaved similarly, but

also had the possiblility of slower oscillations involviehanges in weights and biases,
caused by individual nodes failing to satisfy the homeastainstraint.

Homeostatic plasticity made the interaction between tregkensitive agent and a
light source in its environment much stronger both when tlastjzity was left active
and also when used as a pre-conditioning mechanism for et agntroller. This was
demonstrated by motion plots of agent’s controlled by raniggarameterised networks
interacting with a series of light sources. Standard CTRNNtr@dlers typically ignored
the light sources, while plastic controllers showed obsiand continuous interaction.

8.2.5 Chapter 7: Does homeostatic plasticity make CTRNNs more
evolvable?

Chapter 7 opened with an argument for why homeostatic plastiworks might be more
evolvable than non-plastic networks, citing their projgerbdf increased sensitivity, better
signal propagation and increased likelihood of oscillagioThese properties are thought
to be important in a number of biological motor control sysseand could therefore be
useful for artificial agents.

A series of evolvability experiments was then reportederesome preliminary discus-
sion of the difficulties in measuring evolvability causedtbg contingent nature of evolu-
tion. These experiments used a simulated agent whose toatveork was evolved with
a genetic algorithm to catch and discriminate between miffetypes of falling shape.

The results of the evolvability experiments were not cosiele. In terms of best
fitness, networks with active homeostatic plasticity gatgiperformed worse than non-
plastic networks. Although they showed quicker progreskyéa evolutionary runs and
greater consistency in reaching a reasonable level of pedoce, they were eventually
out-performed by non-plastic networks.

When homeostatic plasticity was used just as a developmergehanism for the
robot control networks, that is, when it was applied for ageprior to the fitness trial and
then switched off again, it had significant beneficial effemt one of the tasks and slight
beneficial effects on the other task. The developmentabgeraused quicker evolution
of good controllers.

It was conjectured that this benefit might be because thda@awental process moved
the control network to the centre-crossing condition, tleasing it poised to behave. To
test this hypothesis, some runs were performed with cemmtresing networks created by
calculating bias terms as in the original work by Mathayoarchnd Beer [127]. These
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centre-crossing networks proved to be the most succeggfeldf controller on both the
tasks. They were better than the plastic and non-plastwarks in terms of speed of
evolution and best level of performance reached. They athteeed equivalent or bet-
ter performance than the non-plastic networks conditidned developmental period of
homeostatic plasticity. Since the centre-crossing néisvachieved at least equivalent
performance to the developed networks, without incurrimg ¢computational cost of the
developmental process, the centre-crossing networks netdeto be more evolvable than
the developed networks on the tasks investigated here.

Chapter 7 concluded with some discussion of the significahtteeaesults presented.
It was pointed out that due to time and space constraintsubstipn of evolvability had
not been fully addressed, and that more work was neededriagabre complete under-
standing. Also, since neuroscientists believe that thetfon of homeostatic plasticity in
biological nervous systems is to control the destabiligffgcts of other plastic mecha-
nisms, it was suggested that homeostatic plasticity mighmbst useful playing a similar
role in artificial neural networks. If the evolutionary taiskolved disruptions to network
function by alternative forms of plasticity or from envinmental perturbation, homeo-
static plastic networks may be more evolvable and performemstrongly than they did
on the static control tasks employed here.

8.3 Implications for robotics

From the perspective of robotics, we are interested in wdreth not we have learned
anything from our studies of homeostatic plasticity that ba used to help us build better
robots more quickly. The results we have presented suggastnder of ways in which
homeostatic plastic CTRNNs might be useful.

Homeostatic plasticity as implemented above operates lmwastimescale than neu-
ral activation dynamics. This may be useful in situationgmtthe environment or task
faced by a robot requires action on a wider range of timesdalgn those easily allowed
by standard CTRNNs. While standard CTRNNs can implement dycgan timescales
slower than that of individual nodes by carefully designetivork structure, homeostatic
plasticity may allow easier access to a wider range of tirlescusing fewer nodes.

Also, the slow oscillations that can be displayed by singlmbostatic plastic nodes
may allow some useful form of switching. The flip-flop behaviof these nodes as they
alternate between high and low activations may be usefulfasraof binary switching
that could perhaps be used to trigger different network bieloas.

The network-level properties resulting from the applicatof homeostatic plasticity
(i.e., increased sensitivity, better signal propagatiod more oscillations) seem likely
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to be useful for a variety of robot control tasks. Howevencsi these properties are
also demonstrated by centre-crossing networks and areatfaible without the com-

putational overhead of homeostatic plastic developmesgams likely that homeostatic
plasticity will only be useful in situations where these pedies must be maintained in
the face of perturbation. This is supported by the evolvighiésults shown in Chapter 7,
where centre-crossing networks were the most successhiifatier on the static tasks
used.

It is easy to imagine situations where the ability to mamtsénsitivity and signal
propagation in a network in the face of perturbations willuseful. One obvious case
is networks where other forms of plasticity are active. Baraple, if Hebbian learning
rules are altering synaptic weights in response to pattefrassociated activity, this can
cause positive feedback and runaway weight change. Thikvead to extreme weight
values and network saturation if left to run unchecked. Hostettic plasticity could pro-
vide a mechanism by which such changes were counter-balambés balance would be
dynamically maintained online during the agent lifetimegeging networks sensitive and
ensuring some form of interaction between the agent anahvisament.

A less obvious situation where the online maintenance ddiseity and a non-trivial
coupling to the environment would be useful is the transfezamtrollers from simula-
tion to hardware. As mentioned briefly in the introductioneilutionary robotics in
Chapter 3, it can often be difficult to successfully transplabot controllers that have
been evolved in simulation to the hardware they are supppsdedigned to control. This
problem of bridging the ‘reality gap’ [89] might be amelited by the inclusion of home-
ostatic plasticity, since the plastic mechanisms shoudsdvedome of the inevitable differ-
ences between the simulated hardware and the actualitydedseome: For instance, if
the level of gain in the interface between controller anddhare is not the same as the
amount in the simulation, the homeostatic plasticity sti@lllow the controller to adjust
the sensitivity of the relevant nodes to compensate. A amsituation might occur in
cases where the real environment does not provide the sadbdek as its simulated
counterpart. If the levels of stimulation received by theabsensors are consistently too
high or too low, then homeostatic plasticity in the sensaesshould allow for some
compensation to overcome this.

The ability to adjust excitability of sensor nodes shoukbadbe useful where the task

For instance, Thompson [165] highlights unforeseen probleelated to temperature when transfer-
ring artificially evolved field-programmable gate array (#®) circuits from simulation to reality. The
temperatures generated during the operation of the FPGAnresases caused circuit malfunctions; dif-
ferent ambient environmental temperatures also causeatine@ffects. Interestingly, Thompson proposed
solutions based on biological schemes of thermo-regulatio
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faced by the robot involves operating in different envir@nts? For instance, if the
photo-sensitive robot used in Chapter 6 was placed into alwegit or very dim envi-
ronment, it may fail to detect relevant light gradients duég sensors being consistently
under- or over-stimulated by the extreme levels of ambigt! If the sensor nodes in-
corporated homeostatic plasticity they might be able tastdheir baseline excitability to
match the environment, continuing to distinguish diffédeght intensities and give useful
information to the network.

The results we have presented in this thesis show that haateoglasticity can be
implemented in CTRNNSs, and explore some of the effects ofglem While the inclu-
sion of active homeostatic plasticity makes networks lesévable in static (internal and
external) environments, there is a strong argument in faebsome utility for homeo-
static plasticity in situations where network functiomyalnust be maintained in the face
of perturbations.

8.4 Implications for neuroscience

While pure engineering roboticists are not directly intéedsn the biological relevance
of their robot controllers, except in so far as it can helmthie design better robots, the
enterprises of biomimetics, neuroinformatics and cogaisicience are directly concerned
with what we can learn about biology through the constructb this kind of artificial
simulacrum. It is important to be clear about the limitasari the work presented here in
this respect.

The first thing to state when considering the implicationthefwork presented in this
thesis for neuroscience is that the models of neuronal mksrend homeostatic mech-
anisms used here are highly abstracted. The details andlexityof biological brains
have been sacrificed in favour of analytical and computatitnactability. CTRNNs are
not brains, genetic algorithms are not biological evolutio

However, in the sense that they are distributed networkge®sars of rate-based in-
formation, where individual nodes fire at a rate determinged aigmoidal function of
multiple inputs, and where activation in the network is pest over time, CTRNNS are
reasonable, if simple, models of brains. We can follow Beanalogy of the ‘frictionless
brain’ [11] and seek to gain insights from the functioningluése artificial networks that
may guide experiments by ‘real’ neuroscientists. For thigppse we can make several
observations about the results from our experiments withduastatic plastic CTRNNSs.

The first result to note is that while homeostatic plasticggulates the activity of

2See again Thompson [165].
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nodes to a moderate level in the long term, the result of thggeater response to input.
Homeostatic plasticity regulates the activity of indivedunodes so that they are not sat-
urated, and this means that their inputs have a larger effecheir firing output. This
leads to improved signal propagation and more oscillatatrithie network level, which
can arguably be seen as the converse to the regulation obrieastivity. This seems to
go against the view in neuroscience that homeostatic pigssitabilises network activity.

Another prevalent idea in neuroscience is that homeogiksticity acts as a counter-
balance to the destabilising effects of Hebbian learningwéler, it seems that Hebbian
learning in CTRNNSs actually has a stabilising, not destsinitj, effect. When Hebbian
rules are applied to CTRNNs, a common result is positive faekilbetween activity and
weight change, so that weights are quickly forced to extreatees. This results in node
saturation and a loss of response from individual nodedjigeo a general lack of signal
propagation at the network level. This can be viewed as a Grstabilisation of network
dynamics, albeit one which is likely to cause a loss of flordlity.

So we have the neuroscientific opinion that homeostatidipigsstabilises network
activity and Hebbian plasticity destabilises networkwattji compared to our findings that
theconversas what actually occurs in CTRNNs. Homeostatic plasticit®ilRNNs po-
tentially destabilises network activity by allowing sigsni#o propagate further and making
oscillations more likely, while Hebbian rules often leadthe desensitising and thereby
stabilising effect of node saturation.

This conflict suggests that it would be useful for neurosttsénto study the hierar-
chical effects of both Hebbian and homeostatic plastic raeisms to try and elucidate
whether or not the network-level effects of node-level Hahland homeostatic plastic
mechanisms are what they are purported to be. Such expdasmaemlikely to be difficult
because of the inherent complexity of biological neuromvorks, and simulation mod-
elling at a higher level of biological accuracy may be the tpoactical initial route to the
required data. The results from the simple simulations we handertaken here suggest
that this may be a fruitful line of enquiry.

It appears from our results that homeostatic plasticity Biethbian learning act in
opposite ways. In view of this, we may be able to identify ahleiglevel of homeostatic
regulation at the network level, where the regulated qtyarmdithe level of activity in
the network, rather than of individual nodes. Hebbian legyrcauses node saturation,
which reduces the amount of activity in the network. Homatsplasticity increases the
response of individual nodes and raises the level of netwotiity. Since homeostatic
plasticity raises network activity and Hebbian learninduees network activity, it seems
likely that the two types of mechanism will balance each othg, providing a measure of
long term stability in the overall level of network activitin effect, Hebbian learning and
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node-level homeostatic plasticity may combine to maintetwork-level homeostasis of
activity.

8.5 Review and Future Work

It would have been advantageous to have run more experimeantise evolvability of
homeostatic plastic CTRNNS, since the data set generatedapt@ty is limited. While
it can be argued that there is rarely ‘enough’ data in any expsnt, that more data is
always useful and that the law of diminishing returns applieo evolutionary scenarios
are not enough to gain a true picture of the evolvability ofleostatic plastic CTRNNS.
In particular, it would have been very interesting to see homeostatic plastic networks
performed in situations where there was a need for the omiamtenance of network
function in the face of perturbations.

This leads to the other obvious omission from the thesischvis the lack of any
experimental exploration of the interaction between hostegec plasticity and Hebbian
learning. While reference has been made to this interactidhd text, no study of Heb-
bian learning in CTRNNSs has been undertaken here. The sirepkon for this is that
such a study is a whole topic in itself, requiring prelimwyatudies of the literature, de-
velopment of mechanisms, measurements of the effects dfieielbules on CTRNN dy-
namics, and examination of the utility of Hebbian rules inlationary scenarios. This is
an equivalent body of work to the entirety of Part 111, and \ebneed to be performed be-
fore any study of the interaction between homeostatic igiasand Hebbian rules could
reasonably be undertaken. Such a study is beyond the scdpis diesis, and while it
may form the topic of future work, the reader will for now hawebe content with the
passing discussion presented here.

A weakness in the presented analysis of homeostatic ptgsscthat no work was
done to look at the nature of evolved plastic controllersvduld have been useful to anal-
yse a number of evolved controllers and find out how the mas&chanisms contributed
to agent behaviour. For instance, is the plasticity usetgsi® regulatory mechanism or
does it form an integral part of the dynamics of the evolvedticmlers?

Another area where more work could usefully be done is soomtystf the effects of
homeostatic plasticity on the robustness of evolved smigti This is related to the earlier
conjecture about the utility of homeostatic plasticity ito@ing networks to overcome
perturbations, and well-designed experiments could perl#tack both questions simul-
taneously. Results concerning behavioural robustnessivedlow the results given here
to link to the existing work of, e.g., Di Paolo [46—48, 50],|8am [8], and Hoinville &
Henaff [84].
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Homeostatic plasticity clearly exists in biological breiend must therefore offer some
adaptive benefit that caused its evolution. Our experimsmfar have not shown a posi-
tive relationship between the presence of homeostatitiglgsand evolvability. Further
experiments may demonstrate such a relationship, but eualiesion from current results
is that the benefit of homeostatic plasticity must lie elsengh

Finally, we should review the overall thrust of the resegsobsented here. Were the
right questions addressed?

In Chapter 3 we saw that the literature on homeostatic plastic artificial neu-
ral networks is small, and that the existing work has largeden aimed at questions
of robustness. Thus we feel justified in attempting a moreegdrexploration of how
homeostatic plasticity changes network dynamics, and vihditinctional effects might
be. We feel that we have addressed many of the basic quegtgnssatisfaction of the
homeostatic constraint, effect on node/network/agenatehr), and partially addressed
the issue of evolvability. However, there are clearly mamyctional questions remain-
ing to be answered and we view the work presented here as atégstowards a fuller
understanding.

8.6 Conclusions

In our exploratory studies we have shown that homeostadistiity can be implemented
in CTRNNSs. It drives networks towards a region of paramepaee where the homeo-
static constraint is satisfied, but it is important to notattith may never reach a stable
equilibrium inside this region. Sometimes initialisatidictates that the network falls into
a dynamic equilibrium that continually overshoots thisioeg a limit cycle equilibrium
where the constraint is not satisfied. Also, in any functignnetwork (i.e., one con-
nected to some sensorimotor apparatus) the continual imfiuef external input will in
most cases mean that the action of homeostatic plastidiyssviewed as eontinuously
perturbed procesgather than a ballistic trajectory towards some goal state.

Homeostatic plasticity increases node and network seitgiiimproves signal propa-
gation in networks, and makes oscillatory dynamics mosdyikit adds a slower timescale
to network dynamics and may allow for an approximation tabyswitching in networks
as a result of slow single-node oscillations. It leaves neta/poised and behaviour-rich,
increases the strength of interaction between agent aricbament, and thus ensures a
non-trivial agent-environment coupling.

In the situations tested here, namely ball-catching andridination tasks with a
simple agent, active homeostatic plasticity did not imprevolvability. Both these tasks
involve an unperturbed static environment, and it is pdedittat homeostatic plasticity
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will improve evolvability in situations where perturbatidgs likely or adaptation to differ-
ent levels of stimulation is required. Homeostatic plastimay also have an important
role in counter-balancing the positive feedback effectdelbbian learning.

Our studies also challenge the existing view in neuros@gti@at homeostatic plastic-
ity acts to stabilise network dynamics. While it does so atl¢hvel of individual nodes,
the network-level result of this is increased excitabitityd greater levels of activity.
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Homeostatic Regulation of the
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Chapter 9

Background to Part IV

9.1 Overview

The idea that feedback from the environment shapes the waich organisms adapt
is well established in evolutionary theory. Increasing agis is being placed on coevo-
lutionary change, where multiple species adapt in resptmésedback from each other.
This move away from the idea of a fixed evolutionary environmand a static fitness
landscape for an evolving species, echoes Darwin’s ofigiea of evolutionary change
as resulting from the interactions between the many speclesbiting the ‘entangled
bank’ [36].

Despite the increasing emphasis on coevolutionary adapidhe idea that the envi-
ronment can be altered by the actions of living things (aadl ¢bevolution can take place
between species and environment, as well as between spedespecies) has until re-
cently been largely ignored. But with the establishmentvwigionary theory of the ideas
of niche construction [102,103] and the ‘extended pherstj4], feedback between the
environment and the biota is now seen as a bi-directionaga®

This shift in evolutionary thinking has been accompaniedt®s development of a
more daring theory concerning the interaction betweendiid its environment: Gaia
theory [124]. Gaia theory claims not only that the feedbaeteen life and the envi-
ronment works in both directions, but also that life altdre environment to maintain
conditions suitable for life. Initially outrageous andlistontroversial, Gaia theory has
slowly gained support from mainstream science to the poirere many of its claims are

158
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now well supported.

Some examples of proposed Gaian phenomena include theatiegubf local cli-
mate by marine algae that influence the formation of cloudsr dke oceans [5, 27,
114,122], global temperature regulation by biotic enhamset of rock weathering [152,
153], the maintenance of constant marine salinity and gginophosphorous ratios by the
aquatic biota [110, 140, 176], and efficient nutrient remgloops created by the collec-
tive metabolic processes of microorganisms [176, 187].

Such phenomena are measurable and testable by scientiidragpt, and thus pro-
vide firm evidence that regulatory loops do exist in naturet @ they point to a general
occurrence of regulation in the biosphere? There remainyraagas of contention and
much research to be done. The mechanisms and processesdby®éia operates are elu-
sive and are not fully understood. Perhaps the most signtftbaoretical challenge lies in
achieving a reconciliation between Gaia theory and evahatiy biology. Gaia has been
criticised by evolutionary theorists because it seems tolynunfavoured mechanisms
such as teleology, altruism, or group selection, but Gaggse that these criticisms are
not justififed. Itis in this area that the work presented ibsequent chapters lies.

Here we examine the hypothesis that the evolving biota eeguheir environment to
conditions suitable for life. Starting from the view thaesjes coevolve with each other
and with their environment, we present two different siniola models of environmen-
tal regulation that explore the implications of various bieses and assumptions. One
model is an extension of the Daisyworld model initially preted by Watson & Love-
lock [183], while another model is a piece of original worlteanded to relax some of the
assumptions inherent in the Daisyworld formulation.

This study adds a new dimension to our over-arching themeofdwostatic adapta-
tion, in that the adaptive mechanism at the local level is mewiutionary change by
Darwinian mechanisms. The inclusion of evolution as a fssnechanism for homeo-
static adaptation is a novel exploration that complemdrggtevious studies, especially
as environmental regulation by the biota involves the nesiahce of a macro-level home-
ostasis by micro-level adaptation.

This chapter briefly reviews the literature on Gaia theasging its historical origins
before looking at its current status and existing theoatticodels. Chapter 10 presents
an extended Daisyworld model and some results generatedifr&hapter 11 presents a
sketch of the new and original Flask model, which is based different set of assump-
tions to Daisyworld. This sketch is followed in Chapter 12 loyng preliminary results
from Flask. Part IV concludes in Chapter 13 with some disaussf the results achieved
in earlier chapters and conclusions concerning the reseprestions addressed.
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9.2 Gaiatheory

This review of Gaia theory will not attempt to exhaustivebywer what is a large and broad
literature in its entirety. Instead it will give a concisengypsis of the most significant and
relevant pieces of work for the current purpose.

9.2.1 Precursors: Vernadsky

The Gaia theory was first named and expounded by Lovelock &Merin 1973 [124],
but it owes much to the earlier work of the Russian scientlatlimir Ivanovich Vernad-
sky (1863-1945). Vernadsky looked beyond traditional @ef/biology and developed a
view of life centred on théiospherg174,175]. The term ‘biosphere’ had been proposed
by geologist Eduard Suess in 1875 to describe the regioredt &inth’s surface — air, land,
surface rocks and water — in which life existed, differetinig it from the other geological
zones of lithosphere, hydrosphere and atmosphere. Vdmaealised that life existed
in parts of all of the other three zones and that the biospiasenotdistinct from them
but ratherincludedthem. He re-defined the biosphere as the interacting systdife o
together with its physical environment.

Vernadsky’s concept of the biosphere as a complex intergslystem of life and the
physical environment was the first recognised theory to i’ major role in the devel-
opment of the physical environment. He saw living matternesgreatest of geological
forces, involved in transporting and transforming matterogs oceans and continents,
both in the form of living things and as a result of their anBoVernadsky’s deliberately
vague definition of life as geological force was a departuwenfthe Cartesian duality of
spirit and matter, life and non-life, and emphasised théonaif life as a process, heavily
involved in shaping the atmosphere, hydrosphere and [ithers.

9.2.2 Early development

In the early 1960s, James Lovelock was working for NASA onhuods for the detection

of life on other planets. He realised that this could be dontebkting the composition of
the atmosphere. Lovelock thought that any type of life mais¢ in some form of energy
and matter and excrete waste products, and that this pronestsbe mediated by atmo-
spheric transport of these materials. Thus a reliable sigeaf life on a planet would be
an atmosphere in chemical disequilibrium, since the only imavhich this could occur

would be if some process (i.e., life) was continually pungpmutually reactive chemical
products into the atmosphere. On a planet without life, theoaphere would soon fall to
equilibrium as those chemicals capable of reacting did sms@ering the Earth, Love-
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lock noted that the chemical composition of the atmosphacklieen held stable away
from equilibrium for long periods during Earth history arebsoned that this must be due
to the cumulative effects of all living things.

Lovelock’s hypothesis that the biota regulated the atmespko conditions suitable
for life was given the name Gaia by a friend (the novelist \aftt Golding) after the Greek
earth goddess, and was first published in a 1973 paper coradtivy Lynn Marguli$
[124]. The Gaia hypothesis attracted criticism, but wasesfithroughout the 1970s
before being published in extended form as the 1979 boola’Gh16].

Lovelock defined Gaia as:

...a complex entity involving the Earth’s biosphere, atpiese, oceans,
and soil; the totality constituting a feedback or cybemsyistem which seeks
an optimal physical and chemical environment for life orstpianet. The
maintenance of relatively constant conditions by activeticd may be con-
veniently described by the term ‘homeostasis”.” ( [116],().

This definition, together with the title of the initial 1973yper, “Atmospheric home-
ostasis by and for the biosphere: the Gaia hypothesis” [p24]), together give a good
view of Lovelock’s early thinking. He thought that life relgtes the atmosphere to pro-
vide conditions optimal for life.

9.2.3 Criticisms

Lovelock outlined a number of candidate global regulatogchranisms in his 1979 book
[116], which centred on the constancy of the surface tentpex®f the Earth (in the face
of increasing solar luminosity), the constancy of the cosian of the atmosphere (held
stable away from equilibrium), and the constancy of thengigtliof the oceans. However,
it was on theoretical grounds that the Gaia hypothesiscittiamost criticism.

Before we look at these criticisms, it is worth first of all maf that by choosing such
an emotive name for the Gaia hypothesis, Lovelock may hawme tlee underlying science
a disservice. Naming the theory for a Greek earth goddeag$wwith it connotations of
mysticism and hippy sentimentality that may have offendedgurist analytical tenden-
cies of the orthodox scientific community. Lovelock did nelhto allay these fears by
talking of Gaia as a quasi-living superorganism and usirsgdlgtive language in papers
on Gaia that appeared to allude to sentience. Gaia was adapta talisman by var-
ious New Age and environmentalist groups, amplifying thels felt by hard-headed
objective scientists.

IMargulis was already no stranger to controversial thepdgsher theory of serial endosymbiosis.



Chapter 9 162 Background to Part IV

It was in this climate that Dawkins [40] and Doolittle [52]dependently made their
early scientific criticisms of the Gaia hypothesis. Thesetresl on accusations of tele-
ology, namely that regulation of the biosphere by the biotaula require foresight and
planning. In any case, contributing to global regulationuldoinvolve altruistic sacri-
fice by participating organisms that would result in themnigeout-competed by non-
contributing ‘cheaters’ and regulation would thus breaiwdoOther criticisms disputed
the possibility that feedback mechanisms would be suffidieereate global regulation,
argued that such regulatory feedback loops could not haskwesy, and claimed that the
Gaia hypothesis was untestable and thus non-scientific.

9.2.4 Daisyworld

In response to these criticisms, Watson & Lovelock presetite Daisyworld model
[183]. In Daisyworld, populations of black and white dasseompete for space on an
artificial planet, with the proportion of the surface areaered in black or white daisies
determining the planets albedo and thus its temperatumgastdemonstrated that com-
petition between the two daisy species led to regulatiomeftémperature of the planet
around the optimal level for daisy growth.

Daisyworld answered several of the criticisms aimed at @sary. It demonstrated
that global regulation could emerge by a process of posdingnegative feedbacks with-
out any foresight or planning, and thus rebutted the tetpolaiticism. However, since
there was no cost to daisy pigmentation, there was no scogtfer altruism or selfish-
ness, and the original Daisyworld model could not answechk®ater criticism. Also, the
limited amount of genetic variation (daisies were all idegtexcept for pigmentation and
could only be black or white) and lack of mutation meant thatdpworld in its original
form did not shed much light on the compatibility of Gaia thewith neo-Darwinian
evolutionary biology.

We will cover the Daisyworld model in more detail below.

9.2.5 Multiple Gaia hypotheses

James Kirchner [97] argued that the Gaia debate needefladéian, and that there was
not one but several Gaia hypotheses. Kirchner's typologéai hypotheses is listed
below in order of increasing strength:

¢ Influential Gaia.The biota has a substantial influence over the aspects obthe c
position of the abiotic world.
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e Coevolutionary Gaia.The biota influences the environment and the environment
influences the evolution of the biota.

e Homeostatic Gaia. The biota influences the abiotic world in a way that is sta-
bilising; the major linkages between the biota and the a&biwbrld are negative
feedback loops.

e Teleological Gaia.The atmosphere is kept in homeostasis notlyghe biota, but
for the biota; some sense of purpose is implied.

e Optimizing Gaia. The biota manipulates the environment to create favourable
optimal conditions for itself.

Kirchner was able to supply quotations and references ipa@umf each of these
variant hypotheses from Lovelock’s own published work, aonthted out that much of
the debate over Gaia might stem from different apprehessabwhat the Gaia hypothesis
actually stood for. This fragmentation of Gaia theory intany different hypotheses is
still much in evidence today. A recent special issue of@ienatic Changgournal on
Gaia theory includes papers by several leading autharigi@sh of whom independently
start their discussion by setting out several competingigas of the Gaia hypothesis
[149].

As the Gaia theory has changed over the years, the varioughsges that have been
put forward can be grouped according to whether they areki@dstrong’ [126]. Weak
Gaia says that feedback exists in both directions betwéermtid the environment, and
that the whole Earth system co-evolves, a view which is nodelyi accepted. Strong
Gaia says that the planet and its lifeforms constitute asilngng system that regulates
itself to optimal conditions for life. It is this strong Gaiaiew that attracts most criticism
from neo-Darwinians, who say that a unified planetary systenmot have evolved except
through competition with other planetary systems.

It seems likely that the truth will lie somewhere betweersthevo extremes. Most
people now agree that the biota influences the abiotic word few believe it does so
purposively; much of the ongoing debate concerns how steo@gia theory can be sup-
ported by scientific evidence.

9.2.6 Gaia vs Evolutionary biology

Gaia has suffered many criticisms from neo-Darwinian etiohary biologists over the
years, who are mainly concerned with how global regulatesdback loops could arise
by natural selection.
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9.2.6.1 Early criticisms

The first complaint against the Gaia hypothesis was thateinsel to imply teleology.
However, in 1988 the American Geophysical Union hosted d&&rence devoted entirely
to Gaia [151] and at the meeting Lovelock presented a re¥aedof the Gaia hypothesis
[120] that made particular efforts to refute the claims détdogy. Lovelock’s revised
hypothesis claimed that Gaia regulated the biosphere bybstatic feedback loops, and
was supported by results from Daisyworld. The teleologtiaism appears to have been
dropped by the scientific community after this conference dvher theoretical problems
remained.

Sophisticated regulatory mechanisms are typically thelre$ competition and selec-
tion between individuals; better regulators make bettevigors and better reproducers,
and thus regulation is selected for. However, there is nalfadion of life-bearing planets
for selection to operate on and no concept of planetary cepiion, so global regulation
must result from cooperation and coordination betweerviddals at a lower level. On
the other hand, organisms altruistically contributing tob@l regulation runs counter to
the accepted idea of selfish natural selection; such fdglgénerous organisms would
be out-competed by non-contributing ‘cheaters’ who reapedenefits of environmental
regulation without incurring the cost of participation. i&&eory seemed to imply group
selection or costly altruism, and was thus incompatibléwmbdern evolutionary theory.

9.2.6.2 The caséor the evolution of regulation

The debate over whether Gaia theory was compatible withDeevinian evolutionary
biology continued through the 1990s. Lenton [105] reviewlssl issues in the debate,
stating the main question to be answered as “...how carregglffation at the planetary
level emerge from natural selection at the individual 1&/€p.439, [105]).

Lenton constructed a logical argument for why global regotamust have evolved.
Life on Earth has a long history, which might be explainet&iby the presence of global
self-regulating mechanisms (Gaia) or by random chance-Qait), with an intermedi-
ate position accepting that regulatory feedbacks existbuosidering their genesis as a
matter of good luck rather than an inevitable outcome of @wh. Lenton favoured the
Gaian view, pointing to the low probability of life persistj and maintaining a favourable
climate in the face of perturbations from planetisimal irigaand volcanic eruptions if
there were no regulatory mechanisms.

Lenton then used Daisyworld models to demonstrate thatadjlodgulation could
emerge from selfish adaptation at the individual level. Byoducing mutation of daisy
albedo into the Daisyworld scheme he showed that the ewolati stable collective reg-
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ulation could occur, but noted that mutation of the prefémeowth temperature would
lead to evolutionary change that destroyed regulation.

Lenton also argued that the cheater criticism could be aresiWgy noting that many
organisms alter their environment not for purposes of gkyeregulation but because
it brings them some local benefit, and that global regulationld emerge as a byprod-
uct of many species acting in this way; thus there is no cdrifitween contributing to
regulation and acting selfishly, since the two actions agestime.

9.2.6.3 The casegainst the evolution of regulation

A good synopsis of the current disagreements between Gaaaytland evolutionary biol-
ogy is given by Kirchner [98]. Kirchner is critical of the h@wstatic Gaia theory, stating
that beyond the accepted view that there is feedback caupétween organisms and the
environment, there is little evidence in support of furt&ian claims. He identifies three
central propositions to the modern Gaia hypothesis: (1pbioal feedbacks to the envi-
ronment contribute to global homeostasis, (2) biologieabfbacks make the environment
more suitable for life and (3) biological feedbacks will exeby natural selection.

Kirchner refutes each of these propositions in turn. Henttaihat biological feed-
backs are not inherently homeostatic and that the feedbaivkelen organisms and their
environment is just as likely to be positive as negative. itResfeedbacks would be
destabilising and would lead to non-homeostatic (anta@pamplification of changes in
climate.

Kirchner then argues that rather than biological feedbawiking the environment
more suitable for life, it is much more likely that life sinyp&dapts to its environment,
which is in turn altered by the effects of life. If the enviroent, created by the actions
of the biota, appears to be beneficial for life, it is simplgttthe currently existing biota
are well-adapted to the environmental conditions theytere@he fit between biota and
environment is thus explained by biological adaptatiomaland no Gaian mechanisms
for ‘improving’ the environment need be invoked.

Finally, Kirchner argues that although it is possible fori&gafeedbacks to evolve, it
is also possible for anti-Gaian feedbacks to evolve. Hesodstibt on the Daisyworld
model as a proof of a tendency for homeostatic feedbacksdlvesvpointing out that
the regulation in Daisyworld relies on the assumption théteaeficial adaptation for
an individual daisy will by default have a regulatory effext the environment. The
situation in the real world is not the same, since evolutidhfavour any trait that offers
a reproductive advantage to carriers over non-carrierse dffect of such a trait on the
environment is largely irrelevant since this will affecttb@arriers and non-carriers in the
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same way. This means that Gaian and anti-Gaian feedbacksaadly likely to evolve.

9.2.6.4 By-product Gaia

The ‘by-product Gaia’ version of the theory developed byRl76] avoided many of
the criticisms from evolutionary biology by positing a weakypothesis based on life’s
involvement in nutrient recycling in the biosphere.

Volk took the Gaian idea that ‘life begets life’ and develd@ alternative viewpoint
by arguing that the key Gaian phenomenon was the increaseldlality of nutrients
in the environment that resulted from biotic influences. mnadiotic environment, Volk
argued, nutrients were only available as a result of chdraiwd physical processes such
as weathering and volcanic out-gassing. In a world with, Iifatrients were recycled
many times via metabolic processes and their availabildag greatly increased. Life did
indeed beget life, by increasing the food supply in the emment compared with the
lifeless alternative.

Volk felt that any homeostasis of the environment was a ftis result of nutrient
recycling and his view focused on metabolic by-productbeathan regulation. Thus
Volk’s view of Gaia was not vulnerable to the same criticissaghe original ‘homeostatic’
Gaia. There was no altruistic cooperative regulation to bl@erable to ‘cheaters’, and
feeedback loops involving metabolism and biota-enhanbgdipal processes were fully
compatible with selfish natural selection.

9.2.7 Gaia - an organism?

The commonly held layman’s view of Gaia theory, resultingpart from its emotive
name and New Age associations, was that Gaia theory mearthth&arth was alive.
This misconception caused problems in the scientific comiyuwlespite the fact that
none of the scientists involved actually believed it. G&iaeory assigned to the Earth
system certain lifdike properties such as global transport and regulation, buh&agest
scientific viewpoint to saying that the Earth was alive was ¢taim that it might be a
superorganism (an organism consisting of many smallemisgas each of which is not
capable of surviving alone for any significant period of tjreech as an ant colony).

Lovelock himself proposed a less contentious way of thiglkabout the Earth. He
viewed the Earth system as an indivisible set of interastimgtween life and its environ-
ment, and had earlier coined a new (less emotive) term taitdesihis study, ‘geophys-
iology’, that he hoped would allow for a more scientific apgeb [120]. The new study
of geophysiology was meant to reflect the organism-like progs of the Earth system
while pointing out that the Earth system is not an organisthéntruest sense.
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Further refutations of the ‘Gaia-is-alive’ viewpoint corinem two leading Gaia theo-
rists, Lynn Margulis and Tyler Volk. Margulis, one of the foders of Gaia theory and an
active proponent of the Gaia hypothesis, argues that Gaiatends the level of individ-
ual organisms:

Gaia, the living Earth, far transcends any any single osgaror even any
population. One organism’s waste is another’s food. Faitm distinguish
anyone’s food from someone else’s waste, the Gaian systeyoles mat-
ter on the global level. Gaia, the system, emerges from téiomobr more
connected living species that form an incessantly activeybdhe sum of
planetary life, Gaia, displays a physiology that we recagras environmen-
tal regulation. Gaia itself is not an organism directly sedel among many. It
IS an emergent property of interaction among organismsspherical planet
on which they reside, and an energy source, the sun...l tainess strongly
enough that Gaia is not a single organism...[the surfacd®fptanet] be-
haves as a physiological system in certain limited ways. d$mects that
are physiologically controlled include surface tempemtand atmospheric
composition of reactive gases, including oxygen, and p#26], p.148-154)

Volk also refutes the idea of Gaia as an organism while uphglds organism-like
properties:

On the one hand, | experience a delightful sense of beindersigiant
metabolism. This perception grows more acute the more hdmart | am also
convinced that Gaia is very different from any organism. §hoan honestly
apply the principles of science to study the global metaokvithout postu-
lating a global organism.

What is Gaia? Following Lovelock, | consider Gaia the intéragsys-
tem of life, soil, atmosphere, and ocean. Itis the larges i the nesting of
parts within wholes that encompasses — and thus transceiuiisg-beings,
a nesting that ranges from the molecules within cells alvag outward to
the Gaian system itself. Like the interiors of organismsiag@&antains com-
plex cycles and material transformations driven by biatajenergy. Indeed,
Gaia’s inclusion of life means that from some perspectiik@such resembles
life. But how Gaia differs from organisms turns out to be iksrg.

Consider: Although Gaia has changed through time, it doesvaive in
a Darwinian sense. Nevertheless it both contains and is fiooih evolving
organisms. Furthermore, organisms are open, flow-throygtesis, whereas
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Gaia is relatively closed to material transfer across itdbrs. Gaia exists
on its own unique level of operating rules, a level surely anglex as that
of organisms and therefore worthy of its own science — whiohLbvelock
calls geophysiology. ([176], p.xiii)

9.2.8 Current status of the Gaia theory

The Second Chapman Conference on the Gaia Hypothesis was 2880 with a scope
covering:

...not only interactions of biota with atmosphere, the logghere, the
soils and the sediments, but also the involvement of biotaamtaining the
steady states of key biogeochemical cycles, climate aas@/land redox bal-
ances. The three interlinked themes will be Gaia in timeydheof the biota
in regulating biogeochemical cycles and climate, and dgakith complex-
ity and feedbacks in the earth system.” ( [4], p.6)

The conference confirmed the acceptance of Gaia as a valitif@ielscientific re-
search; now the focus was on the details of Gaia, how it wodkadi the mechanisms
involved, as opposed to the questions of basic acceptathiit had marked the earlier
Chapman conference in 1988.

More recently there has been a vigorous debate ilCthreatic Changgournal, where
in one special theme issue on Gaia a number of leading Gdiacets were asked to give
their opinion on the status of the Gaia hypothesis [149].id0e [101] echoes Kirchner
in defining a number of competing Gaia hypotheses, but ga#isefuin also providing
a metric and a means of testing which of the hypotheses iedorKleidon predicted
the gross primary productivity of the Earth’s vegetatiordifierent scenarios using sim-
ulation models of the interaction between climate and \aget, and used this data to
support his ‘enhancing Gaia’ hypothesis, which statedltfeahas a beneficial effect on
the conditions for life. Lenton [106] also takes a hypotkdsisting approach, consider-
ing different explanations for the presence of regulatesdbacks in the biosphere. He
argues first of all that the continuing presence of life ontltar the face of severe per-
turbations such as asteroid impacts and volcanic erupsimosgly suggests the existence
of regulation, but notes the difficulty in determining wheithhis regulation is a chance
event or statistically probable. Kirchner [98] attacks &#ieory (on similar grounds to
his views noted above), saying that it is far more probald¢ life has adapted to its envi-
ronment than the other way around. Finally, Volk [177] giliested support to Kirchner
while remaining supportive of some forms of Gaian mechanisiterestingly, Volk calls
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for new models to be constructed, citing the Guild model ohdimg and Zvirinsky [55]
as a good example of the direction new modelling work shaoaite t

This was followed closely by a further special issue in wittod authors were invited
to respond to each others work [150]. Papers were presegtéériton and Wilkinson
[111], by Volk [178], and by Kirchner [99]. We will not covehé contents of these papers
here, noting only that there was little fundamental chamgéhé theoretical positions of
the contributors. The vigorous continuation of the deb&®ainstrates that not only had
Gaia theory become accepted as a part of mainstream scieucéiat it remained a
controversial topic, with its form and details still the gedt of much disagreement and
research effort. The general and specific details of the thaiay remain to be elucidated.

9.3 Models of Gaia

As mentioned above, there is a genuine need for models innGasearch [106, 177].
There are significant problems in measuring phenomena osctile of Gaia, due to the
large size and complexity of the Earth system and also toabgethat we, as observers,
are a part of the system to be observed. Models allow us toligyntpe real world to
manageable levels of complexity and to test the validityssiuanptions.

This section will look at the various models of Gaia that hbeen presented in the
literature. This will focus mainly on Daisyworld models,iageed does the Gaian litera-
ture, together with brief coverage of Downing & Zvirinsky@uild model [55].

9.3.1 Daisyworld

The original Daisyworld model [117,118,183] was preseimeib83 as a refutation of the
teleology criticism of Gaia theory put forward by Doolit{le2] and Dawkins [40]. It did
so by demonstrating that simple ecological competitionveen black and white daisies
could regulate the temperature of a fictional planet withbatneed for any foresight or
planning. Daisyworld showed that decentralised contraladoesult in global regulation.
Since its initial appearance, Daisyworld has spawned & langnber of papers that ex-
tend the basic scheme in order to approach a variety of difteyuestions [3,35,41,42,93,
105,107-109,119,121,123,125,135,142,148,157,1591861182,184, 185,190, 193].
The Daisyworld model has provided a concrete test case fayrmaspects of Gaia theory,
made popular (despite its simplicity) due to the difficulfytesting Gaia hypotheses in
the real Earth system. In the absence of practical real vexeriments capable of con-
clusively testing the validity of the Gaia hypothesis, g&ses that Daisyworld has become
a proxy for Gaia; if Daisyworld succeeds so does Gaia, anglwecsa. While Daisyworld
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can help to answer a number of questions about Gaia, it stheuldmembered that it was
never intended to be a complete model of the Earth systemhatdhte Gaia theory does
not depend upon it.

Here we will review the original Daisyworld model, beforeolong at some of the
most interesting extensions to it.

9.3.1.1 The original Daisyworld model

The original Daisyworld [117,118,183] is a fictional plan@tabited only by two species
of daisy. These daisies differ only in their pigmentatione@pecies is black and the other
Is white. Solar insolation strikes the planet at a rate thetaases slowly over geological
time; the warming effect of the insolation is determined lboywhmuch is absorbed by the
planet and how much is reflected back to space. This in turetesrchined by planetary
albedo. The albedo of the planet is determined by weightattibations from the regions
of the surface area covered by black daisies, white dasiesbare earth. Daisy coverage
therefore has an effect on the temperature of the planet.

All daisies grow best at a universal optimum temperaturelass well as their local
temperature moves away from this optimum. The local tentpezaf a daisy is affected
by its albedo (reflectivity) and by the ambient temperaturéhe whole planet. Black
daisies have lower albedo than bare earth and thereforetrédes of the solar insola-
tion. Hence black daisies experience local temperatuedsatie warmer than bare earth.
Conversely, white daisies have higher albedo than bare eadheflect more of the sun’s
light, so white daisies experience local temperaturesezadban bare earth. The effects
of warming by black daisies and cooling by white daisiesvalippobal temperature to be
altered in both directions by the biota.

The formulation for the basic Daisyworld is presented belkaken from Watson and
Lovelock [183]. Note that some aspects of the model are psrbeer-complicated for the
phenomenon that Watson and Lovelock were trying to dematestFor example, there is
no need for such a realistic implementation of heat radiaticEquation 9.4, where what
Is important is some heat loss gradient from the planet ter@mgace. Similarly there is no
need for such precise values for the constants in Equat®nahere all that is required
for the model to work is any form of parabolic function. The$etails mask the true
simplicity of the Daisyworld model and seem irrelevant givbe arbitrary nature of other
features of the model (such as genetic variation). We cay spieculate at the reasons
for their inclusion when the aim of the model was to show hoabgl regulation could
emerge without teleology or central control, but this skiaubt be allowed to devalue the
valuable contribution the Daisyworld model has made to th@@ebate.
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Equation 9.1 describes the change over time in the daisylatius, expressed as the
proportion of the surface of the planet they cover. A daispiation expands to cover
more of the surface area of the planet at a rate directly ptmpal to its current size and
to the amount of bare earth available, and decreases at tanbrate due to daisy death.

day
C:j_t = ow(XBv—Y)
% = ap(XBo—V) (9.1)

whereay, anday, are the proportion of the fertile surface area covered inevand black
daisies respectively is the proportion of the fertile surface left bar@, and 3, are the
growth rates of white and black daisies per unit timeis the death rate per unit time
(constant for both types of daisy).

Equation 9.2 states that all of the fertile surface area®pthnet is either uncolonised,
or colonised by black or white daisies. The total fertilefaoe area of the planet is taken
as a dimensionless constahtset to unity. Then the proportion of the total fertile sada
area that is uncolonised (%), found as the total ardAminus the proportions covered by
black (ay,) and white(ay) daisies.

X=P—aw—ap (9.2)

Equation 9.3 defines the growth rate of the daisies as a plardboction of their local
temperatureT;, wherei denotes the colour of the daisy), centred on an optimum f&te o
atT; = 22.5°C and falling to zero byfj = 5°C andT; = 40°C.

1—0.00326%225— T;)? ; 5<Ti<40
b { $225-T) | ©3)

0 : otherwise

Equation 9.4 states that the radiation emitted by the plawst equal that absorbegd.is
Stefan’s constantl, is the effective planetary temperatuf€j, L is the (dimensionless)
solar luminosity, andis a constant (with units of flux).

P(Te+273% =SL(1—A) (9.4)

Equation 9.5 gives the mean albedo of the plg#gtas the sum of the albedd$;) of
bare earth, black, and white daisies, weighted by the ptmms(a;) of the surface area
they cover (where = g denotes bare earth amé= b andi = w denote black and white
daisies respectively). For the simulations performga= 0.5, A, = 0.25 andA,, = 0.75,

so thatA, < Ag < Aw.
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A= Aqag+Ayaw +Apay (9.5)

Equation 9.6 deals with heat flow between patches in a sinagleién by relating local
temperaturegT;) to the effective planet temperatuf@) by albedo and a constatd)
that measures the amount of redistribution of solar eneligg = 0 then daisy patches
have the same temperature as the planet, Whﬂe>if%- heat flow is (impossibly) against
the temperature gradient. Watson and Loveloclgse®.06 x 10°, well below the critical
value. Equation 9.6 preserves the energy balance in the/waikl system.

(Ti+273%=q(A—A) + (Te+273* (9.6)

The system of equations describing Daisyworld were demaiest by Watson and
Lovelock to converge to a single steady state attractordgrgaven parameterisation, no
matter what the initial condition. Watson and Lovelock usecbmputer to numerically
integrate the Daisyworld system to a steady state attrastgive equilibrium values for
Te for different values ot.. L was incrementally increased to represent a gradual inereas
in solar luminosity similar to that experienced by the Ea#hthe Sun has grown hotter
during Earth’s history. Both black and white daisy seedsensssumed to be present in
the soil of Daisyworld, so that either species could spostasly germinate if conditions
were suitable.

Figure 9.1 plots the steady state response of the Daisyvaydtem ad._ is incre-
mented. The constants in the system were set as follBws1, y = 0.3, S=9.17 x 1(°
for convenience (since this makésapproximately equal to 1)Ag = 0.5, A, = 0.25,
Ay = 0.75. Figure 9.1 shows that daisies with neutral albedo hawffiect on the effec-
tive temperature of the planet, despite maintaining a lpagaulation when conditions are
suitable (Figure 9.1(a)). Black daisies have a warmingceffieigure 9.1(b)), while white
daisies have a cooling effect (Figure 9.1(c)). Black andtevbaisies together maintain
temperature around the optimal level for growth by a proadsscological competition
(Figure 9.1(d)).

Initially no daisies are present, then when increasing hasity warms the planet
to a sufficient level black daisies are able to grow becaueg tlave a local warming
effect. The black daisy population quickly spreads and veatie planet towards the
optimal level for growth, allowing white daisies to grow alsThe black daisy population
initially dominates because the local warming effect otkldaisies allows them to out-
compete the white daisies in cold conditions. As luminosityreases, the black daisy
population starts to get out-competed by the white daisiégse local cooling effects
become more beneficial, and eventually the white daisy @ojn dominates. The black
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Figure 9.1: Results from original Daisyworld. Percentafjedile area covered by black
and white daisies and effective temperature are plottethsigiacreasing solar luminos-
ity. Solid and dotted lines show effective temperature @ngk with and without life.
[a] Neutral daisies (albedo 0.5, equivalent to bare grolmade no effect on temperature,
dotted and solid lines are coincident. [b] Black daisiebddb 0.25) only can regulate
temperature upwards towards optimal level. [c] White daigsbedo 0.75) only can reg-
ulate temperature downwards towards optimal level. Alsmashis effect of decreasing
solar luminosity. [d] Competition between black and whitésges leads to temperature
regulation. All results reproduced with permission fromtgéa and Lovelock [183]; poor
quality of reproduction is the fault of the current author.
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daisy population goes extinct when luminosity warms then@lao a point where the

additional warming effect of the black daisies makes theonhtot to survive. Eventually

the white population also goes extinct when its cooling praps are insufficient to keep
its local temperature viable for growth. At this point pléexy temperature regulation
collapses and there is a sudden large increase in tempe@guhe planet returns to its
abiotic stable state.

9.3.1.2 Ecology in Daisyworld

Lovelock [121] experimented with the ecology of Daisywolg looking at the case

where there are 100 daisy species, each coloured a diffelhade of grey to give a range
of albedos from 0.25 (black) to 0.75 (white). He found thabperature regulation was
unaffected, but that competitive exclusion meant that amg or two daisy species co-
existed at any particular level of solar luminosity, a réslht had earlier been shown by
Maddock [125]. Von Bloh et al [180] also showed that compegiexclusion reduced the
number of co-existing species in their 2-dimensional d¢atlautomata Daisyworld, but

that this actually improved temperature regulation.

Lovelock extended this model to include further trophicelsvin the form of herbi-
vores (whose growth depended on the size of the daisy pamu)jatnd carnivores (who
preyed on the herbivores). He showed that biodiversity irsy@orld was greatest just
after perturbation and was least after a long period witlpauturbation when the system
approached a steady state.

Harding and Lovelock [76] also added herbivores, but alldwevariety of different
herbivore feeding strategies. They found that temperatgealation was unaffected, but
that the types of herbivore feeding strategy in the systeflaenced the trajectory of
temperature regulation displayed by the system. A lateepsipowed that when multiple
herbivore strategies were present, the dominant strategydetermined by the dynamics
of daisy-environment interaction [75].

Cohen and Rich [35] presented results showing that in somarostances the pres-
ence of life on Daisyworld had a destabilising (rather thtab#ising) effect on global
temperature. They implemented stronger competition betveaisy species by reducing
the growth rate of a species dependent on the size of the qagrubf the other species,
and showed that for some changes in luminosity the systeptagisd a larger change in
temperature with life present than with life absent.

On the whole increasing the complexity of the ecology in Pa@rld seems to make
little difference to the fundamental behaviour of the mod&tiding more daisy species
does not effect regulation, while adding further trophicels does not seem to lead to
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any new insight. The most interesting findings in this sectce the occurrence of com-
petitive exclusion in the Lovelock’s multi-species mod&R]], and Cohen and Rich’s
demonstration that when competition between species i®ragitleme, life can actually
have a destabilising effect on global temperature [35].

9.3.1.3 Chaos in Daisyworld

Zeng et al [193] apparently showed that the surface temyrerat Daisyworld could dis-
play chaotic behaviour. They used discretised versionkethe equations given above,
together with a forward difference numerical integratidgogithm with a timeste\t = 1.
Zeng et al claimed that the chaotic behaviour that resulte@nly invalidated the results
achieved by Watson and Lovelock [183], but cast doubt on thia @eory as a whole.

However, Jascourt and Raymond [93] pointed out that theretisand differential
versions of the Daisyworld are fundamentally differentteyss. Jascourt and Raymond
show that the large timestep used by Zeng et al corresporaidsrie-generation lag in the
population and environmental update equations, whicheg#use of the chaos observed
by Zeng et al. Furthermore, Jascourt and Raymond show tha &b the parameterisa-
tions used by Zeng et al to show chaotic behaviour actuatlyltén impossible negative
population sizes at various points in the chaotic trajgctbimally, Jascourt and Raymond
point out that even in the chaotic regime of the discreteesysthe mean temperature in
the presence of daisies is stable and that the results ofleakv@nd Watson [183] are
fundamentally supported.

A further explication of the confusion over chaos in Daisyldas provided by De
Gregorio et al [41,42], who introduce a time lag into the eliéntial Daisyworld model of
Lovelock and Watson [183]. De Gregorio et al demonstratedbdhe size of the time lag
Is increased, the system moves from fixed point to limit cyoid eventually to chaotic
solutions, supporting the findings of Jascourt and Raym®8ay [

A footnote to the debate over chaos in Daisyworld is suppligd_enton and van
Oijen [109], who point out that there is no biological just#tion for the delays or time
lags that give rise to periodic or chaotic solutions.

9.3.1.4 Spatial Daisyworlds

The original Daisyworld model is dimensionless. Althoubkre are variables represent-
ing the areas covered by black and white daisies, and themergdare earth, there are
no spatial aspects to the way the model works other than amgd®n that black and
white daisies live in patches large enough to have their @ealltemperature.

Von Bloh et al [180] presented a cellular automata model a$ypaorld that modelled
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the surface of the planet as an array of patches, each of whbiakl be populated by a
daisy species or left bare. They incorporated lateral heuat fletween adjacent patches
and showed that this allowed the coexistence of multiplsydspecies (as compared with
the the competitive exclusion seen in non-spatial Daisidgdr since patches containing
mal-adaptive daisy species with albedo too high or too lomtlie current level of inso-
lation could be warmed or cooled by neighbouring patchesiladed by better adapted
daisy species. Von Bloh et al showed that global temperatgelation in the face of
increasing solar luminosity was more effective in theirigxensional CA than in the non-
spatial equivalent.

Other spatial Daisyworld models are reported on elsewhetbad literature [3, 109],
where one interesting result is that spatial models allagé&it’ formation at certain levels
of solar luminosity [3].

9.3.1.5 Evolution in Daisyworld

The original Daisyworld model includes evolution only iretlimited sense that the daisy
population most suited to the environment will grow mostclly, but there have been
many extensions to the model to try and address the quedtivhather the emergent
regulation displayed by Daisyworld (and by extension Gaiganeral) is compatible with
evolutionary theory.

One criticism of Daisyworld (and Gaia) by evolutionary thists is that the global reg-
ulation will be vulnerable to cheaters, which benefit fromuiation but do not contribute.
To test this hypothesis, Lovelock developed a variatiorhefdriginal Daisyworld model
that added a cost for producing pigmentation expressed esndigrate reduction [119].
This model included grey daisies that did not produce blacktate colouring and thus
did not incur this cost. Lovelock showed that the presencthede potential ‘cheaters’
did not destroy regulation, since the grey daisies only heohapetitive advantage at cer-
tain temperatures. This result refuted the cheater @iticof Daisyworld and was later
reconfirmed [108].

Lovelock’s multiple-species model extended the size ofgleae pool’ by including
100 daisy species with different albedos and showed thatatgn still occurred in this
scenario [121]. Sitcker [159] then showed that when a more realistic mechafosmu-
tation of daisy albedo was used regulation not only stilluwoed, but was more efficient.
Lenton [105] noted the criticism of Keeling [96] concerniting fact that in these models
all possible daisy species are pre-specified, and showedeitpalation still occurred in
a model where albedo mutated by occasional small pertarato value passed down
from parent to offspring which were then faithfully repltea. Other papers have also
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confirmed that mutation of albedo does not destroy reguiadiod in some cases may
improve it [108, 109, 180].

The other aspect of daisy evolution that has been addressethptation of the opti-
mum growth temperature. Saunders [148] showed that wheogt@um temperature of
black daisies was switched to be.2Z and the optimum temperature for white daisies
switched to 175°C (as might be expected to occur if the daisies’ metabolisnptdeto
prefer the local temperature created by their respectivedas), planetary temperature
regulation still occurred, albeit with a smaller range @ftslity. This finding was contra-
dicted by Robertson and Robinson [142], who used spreatisimeglations to show that
temperature regulation did not occur if the preferred glotemperature of the daisies
was allowed to mutate freely. Lenton and Lovelock [107] msged to this finding by
pointing out the existence of constraints on evolutionalgmation imposed by physical
and chemical laws, and then demonstrating that regulatteaoreed when constraints on
the mutation of preferred growth temperature were enfarced

An interesting result was shown by Wood et al [190], who fotimat when mutation
of both growth temperature and albedo was incorporateddrsjoatial Daisyworld model
with heat flow, one possible result was the occurrence ofestadzillations with a period
of hundreds of daisy generations. The evolution of gromthgerature interacts with the
evolution of albedo, so that low temperature/high albedecss could co-exist with high
temperature/low albedo variants. Global temperaturelatigm still occurred, but as an
average of a stable oscillation in the habitable range.

9.3.1.6 Cut-down Daisyworld

Harvey [80] presented a ‘cut-down Daisyworld’ model in whnize simplified the math-
ematics of the system as far as possible while retainingegslatory properties. Harvey
replaced the parabolic growth function of the daisies indhginal Daisyworld model
by a piecewise linear ‘hat’ function (see Figure 10.1 in Ckagi0) and also replaced
the semi-realistic heat radiation and transfer functioin$e original model with simpli-
fied linear caricatures of the underlying physics. The ext&on between different daisy
species was restricted to indirect interaction by heatsfiexrbetween daisy patches; no
competition for space or mutual inhibition was included.

Harvey found that global temperature regulation was eaksiglayed in the ‘cut-down
Daisyworld’ system, and that its occurrence depended oexlstence of the ‘hat’ func-
tion (although the precise shape of the hat was irrelevashtanld be any peaked shape)
and on an intermediate level of heat flow between the blackndante daisy patches. If
the two patches were too tightly coupled, they acted as desmged-species patch in
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which neither species was able to set up an advantageousdogzerature, and the global
regulation broke down. If they were not coupled at all, it \vaasf there were two seperate
planets and the concept of collective regulation had naligli

9.3.2 Other Gaia models

Daisyworld models have been the central modelling paradayretudies of Gaia theory,

but additional models from an artificial life perspectiverbdeen developed by Down-
ing [53-55]. The Euzone model [53] was a model of the evotutibaquatic ecosystems
and their effect on the chemical environment, but no regutalvas demonstrated. The
Guild model [55] was an attempt to reconcile Gaia theory aatdnal selection, in which

the evolution of nutrient recycling guilds and environnmardgontrol was explored. The
Metamic model [54] incorporated a more realistic chemistign Guild and was devel-
oped in order to test the logical plausibility of Gaian phemma occurring in a system
following basic rules governing chemical reactions, metisin, and energy transfer. The
Guild model is briefly described below.

9.3.2.1 The Guild model

The Guild model [55] looks at an evolving ecosystem of margcgs of bacteria-like
organisms that interact via a shared chemical environmé&hild considers not only
environmental regulation by the biota but also Volk’s prepd Gaian metric of nutrient
cycling [176]. Guild was intended to support and extend pald by allowing a much

greater range of genetic variation and setting an envirartaheontrol problem that could
not be answered by a single species acting alone; in Guildhbkenical environment is
regulated as a result of the collective metabolic activitthe biota.

Guild is an individual-based evolutionary simulation mbd&rganisms in Guild con-
sume and excrete chemical nutrients in genetically spdaifidos. An organism cannot
consume what it excretes. At each time step each organishaiteimpt to consume
an amount of nutrientéteeg depending on availability, whemsqeq iS given by Equa-
tion 9.7.

Ateed= (X)O]Srfs (9.7)

Here X is the current biomass of the organism,is a universal constant base feeding
rate, andS is the satisfaction of the organism with its local enviromteS is an error
function of the relative proportions of the organism’s Ibchemical environment com-
pared to a pre-determined optimum ratio that is universalltorganisms.Sis given by
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Equation 9.8.

S—=¢e" Ksat€sat (9 . 8)

whereksgt IS @ universal satisfaction coefficient that determinesstihength of influence
of satisfaction on the amount of food consumed, agagdis a measure of the deviation of
the organism’s local environment from the pre-defined optimgiven by Equation 9.9.

1 n
Esat = n i;
whereE? is the optimum proportion in the environment of iffechemical nutrient ang
is the effective proportion of this chemical experiencedtm/organism. These quantities
are calculated from the consumption and excretion ratiah®forganism and from the
current chemical constitution of the global environmen#guation 9.10.

EC—E/
EC

(9.9)

E =E(1+ Kritter (Fi,out — Fijin)) (9.10)

whereE; is the level of theit" chemical in the global environmenf j, and F oyt are
the proportions of this chemical that the organism consumnescretes respectively, and
Ktiiter IS @ universal constant determining the degree to whichnisgas can filter their
perception of the chemical environment.

There are a number of other aspects to the Guild model coimgeraproduction,
mutation, death and recycling of dead material that are ae¢red here. Here we have
only given the key equations that are needed to understamdieomodel operates.

Organisms gain biomass at a rate dependent on availabilitytdents and their cur-
rent satisfaction with their local environment. Satisiactvaries inversely with deviation
of the organism’s local environment from a pre-defined optim The local environment
of the organism is determined by the global environmentfi@d’ by the effect of the
organism’s consumption and excretion of chemicals. Thusrganism can create a local
buffer against the global environment, which may offer stle advantage over other
organisms by promoting growth.

Figure 9.2 shows the result of a typical simulation run. Thedel is seeded with a
single species and is parameterised so that there are 4@lematrients{Ny, ..., Ns} with
an optimal growth ratio ok E?,E3,E3,Ef >=<0.4,0.3,0.2,0.1>. Population size, nu-
trient cycling ratio (roughly speaking the amount of theriautt consumed divided by
the influx of that nutrient per timestep), and environmentatient fractions (the propor-
tions of the different chemical nutrients present in theiemment), are plotted against
generational time.
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Initially the single-species population can only exploisiagle nutrient and biotic
growth is constrained by the amount of that nutrient entetime environment at each
timestep. Eventually new species are created by mutatadrctin use other nutrients and
there is a population boom. Nutrient cycling networks anened and the biota start to
regulate the chemical environment.

The Guild model shows that the key Gaian metrics of regutadiad nutrient recycling
can evolve in a simulated microcosm. There is no centralrobrénd only standard
individual-level selection is used, yet coordinated disired control evolves. Thus the
results of the Guild model support the results from Daisyd/and show that regulation
can still emerge when the genetic space is large.

9.4 Aims, objectives, questions

We have seen that the modern Gaia theory posits that theatien between life and its
environment is bi-directional, and that life can to somesaktegulate its environment to
conditions suitable for life. The central debate over Gh&oty concerns the compatibil-
ity of Gaia theory with evolutionary theory. Can regulatoeetibacks evolve? Are they
vulnerable to cheaters?

Daisyworld, supported by Guild, has answered a number o$topres in the Gaian
debate. Daisyworld has been used to refute the teleologgism that was previously
aimed at the Gaia hypothesis, and has also provided limiieléece that Gaian regulation
can evolve. Guild has shown that regulation can emerge asudt i&f the ecological
and evolutionary interactions between simple organisnessimulated microcosm, thus
showing that regulation can occur as a result of ‘by-prosfucither than as a costly
process additional to metabolism.

However, certain kinds of evolution destroy regulation iai§yworld; when the pre-
ferred growth temperature can mutate freely regulatiotepses. While there have been
several efforts to incorporate evolution into Daisyworldere are still questions to be
answered, such as what happens when both albedo and gromghregture evolve at the
same time, and what effect different mutation rates woulgh&he original Daisyworld
model incorporating evolution is not easy to analyse, arsbé&ms that there would be
utility in developing a simple and analytically tractabl®de! that allows the testing of
different hypotheses concerning the effect of evolutionemperature regulation.

Also, it is not clear that Guild is an entirely distinct modedm Daisyworld. While
Guild uses different language and models distributed enmrental control in an ecosys-
tem, both Daisyworld and Guild share some key assumptionse i® that individual
organisms can create a local buffer against the larger@mvient that affords them some
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Figure 9.2: Results from a Guild simulation run. Verticakaxshow: (a) Population
size, (b) nutrient cycling ratio, (c) environmental cheatitatios. Horizontal axes in all
plots show number of generations elapsed. Populationtisligismall, until mutation
to a metabolism that can capitalise on stored environmentalents allows a population
boom. An ecology develops and nutrient cycling ratios indbesystem rise dramatically.
At the same time the biota establish control of the levelsifiér@nt chemicals in the
environment; the onset of regulation. Figures reproducéd permission from [55];
poor quality of reproduction is the fault of the current auth
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selective advantage. Another is that the only evolutiorsaligptations that are beneficial
at an individual level are also those that contribute towdseian regulation; there is no
possibility for selfish mutations that have an adverse effecregulation. It would be
interesting to look at the effect of relaxing these assuomsti

With these observations in mind, we can now frame some quresto be answered in
subsequent chapters.

1. Under what conditions will regulation occur in an evodumary Daisyworld?

2. Does regulation occur when organisms cannot create hbaffar against the en-
vironment?

3. Does regulation occur when selfish mutations do not nagéssontribute to it?

To explore the answers to these questions, we will first oflallelop a simple Daisy-
world model that allows for straightforward incorporatiohdifferent kinds of evolution-

ary adaptation. We will use this model to find the conditionsler which regulation of

global temperature will evolve, and to clarify our undenstimg of the compatibility of

evolution with Gaian regulation in Daisyworld. Next we wilevelop a new model that
seeks to relax the common assumptions of the DaisyworltiGnodels and advance
the theory of environmental regulation by the biota, hogimgain new insight into the
central question of Gaia theory: can Gaian regulation evolva manner consistent with
evolutionary theory?
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Evolution in Daisyworld

10.1 Overview

As set out at the end of the preceding chapter, the aim of Hapter is to look at the con-
ditions under which environmental regulation will occuran evolutionary Daisyworld
model. We approach this question by constructing a simglid@isyworld model that
allows easy implementation of daisy adaptation while naamihg similar dynamics to
the original model. We take inspiration from Harvey’s ‘awn Daisyworld’ [80], but
further simplify the model and extend it into a 2-dimensioc@lular automata model
that is more amenable to the inclusion of evolutionary aalat. The simplicity of the
model aids understanding of the mechanisms underlying tbkitgon of regulation in
Daisyworld models. We look at adaptation of daisy albedo @inithe preferred growth
temperature, starting by replicating known results from literature and then moving on
to present some new results concerning the importance sti@nts for the evolution of
regulation.

The chapter begins with a description of the model usedyvi@t by presentation of
results.

10.2 Rationale

The original Daisyworld model [183] incorporates two sgscof daisy, identical except
that one is black (with low albedo) and the other is white wiigh albedo). Daisy

183
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albedo alters the local temperature of each daisy patch, aéisies assumed to live in
single-species clumps large enough to maintain their owal lemperature. This in turn

alters the growth rate of the daisies, which varies as a fomaif temperature. Since

the albedo of bare earth lies between the albedos of blackvaitd daisies, population

dynamics allow global temperature to move away from thaieeigd of a dead planet.
Competition between black and white daisies led to globaptrature regulation around
the optimal temperature for daisy growth; deviations awaynf this point were coun-

teracted by negative feedback engendered by the selecxamtage gained by one of
the daisy species away from this point. Black daisies outymete white daisies at low

temperatures because of their ability to increase locapeature, and vice versa at high
temperatures. Regulation was observed for a significagerahsolar luminosity, outside

which the planet was too cold or too hot to support daisiesgfclour.

The Daisyworld model used reasonably accurate approxamsitof the real-world
phenomena on which it was based and thus incorporated aquniplicated mathematical
formulations of (for example) the interaction between sdlaninosity and the level of
heat radiation emitted by the planet. Harvey [80] develapsdnplified model, his ‘cut-
down Daisyworld’, that used much simpler approximations danserved the essential
regulatory behaviour of the system. Following Harvey amdifying even further, we
present the very basic model described below.

10.3 Model

Our model is a cellular automata model in which patches asnged in a 2-dimensional
toroidal lattice (another CA Daisyworld model was preserigdon Bloh et al [180], but
in a different form and with different aims). Each patch maylarren (bare earth) or
may contain a single species of daisy. Barren patches canlberiged by daisies from
neighbouring patches, while living patches may die. Eadhiphas a local temperature
that changes in relation to solar luminosity (applied atgueglevel to all patches) and to
its albedo (determined by the presence of daisies). Theagtemperature of the planet
is taken as the mean of all the local patch temperatures. sthisme is covered in more
detail below.

10.3.1 Daisies

A daisy species is represented by an albedo and a growthidancie., each daisy has
a colour and a preferred growth temperature. The daisy ipul can be thought of
as points scattered in a 2-dimensional gene space. Albedoavgn from the range
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Figure 10.1:An example growth function. The growth rate of all daisy spswaries from 0 to 1 as a
piecewise linear function of temperature.

[0.25,0.75] (representing a continuum from black to white), while thevgth function
is a piecewise linear function of local temperature that thesqualitative form shown
in Figure 10.1 and is given by Equation 10.1. This ‘hat-sldafenction has the same
width 25 at its base for all daisies, so the hat function for a singisydspecies can be
represented by the location of its centre padiity.

0 . T< (Hmid — 5)
T—(Hpig—3) .
G_ % : (Hmia —0) < T < Hmig (10.1)
Ao 00 T Hmid < T < (Hmid +9)
0 : T > (Hmid+9)

whereG is the growth rate of the daisy specidsis the current local temperature of the
patch,Hniq is the centre point of its growth function an@d 2s the width of the growth
function at its base. In all the experiments reported léete 15 so that the hat function
reached zero atlyig £ 15.

Daisies are assumed to either fully occupy a patch or not torégent. The growth
rate of a daisy species determines its likelihood of colagis neighbouring bare patch.
High growth rates lead to increased colonisation and theagpof the species.

10.3.2 Seeding

An empty patch may be seeded with a new daisy species with tobapility (0.03 in
the simulations described below). When seeding occurs arelgnhew daisy type is
randomly generated from the set of permissible values foedd and growth function
parameters. Seeding allows new genetic stock to enter thiel wod takes the place of
mutation in the evolutionary process.
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10.3.3 Colonisation

Empty patches may be colonised by daisy species living ighimiuring patches. Each
neighbour species has a chance to colonise that is propatéido its growth rate. This
is implemented by assigning a probabilRyC;) to the evenC; that the empty patch is
colonised by th&" neighbouring patch (alive or dead). This is expressed byaEou 10.2
below.

Gi

PC) = (10.2)

whereG; is the growth rate of thé" neighbouring patch anil is the total number of

neighbours. Note that the growth rate of a dead patch is Zdros daisies with a higher
growth rate have a higher likelihood of colonisation. Alsodaisy species occupying
multiple neighbouring patches has a higher likelihood dbo®ation due to having more
‘tickets in the lottery’.

10.3.4 Death

If a daisy species living in a patch has a growth rate of zéiis,assumed not to be able
to survive and the patch becomes empty. Also, daisies liinng patch will die (and
the patch become empty) with a probability of 0.1 at eachdie@ This may be seen
as a simple instantiation of death by natural causes angéséovpromote selection and
competition.

10.3.5 Calculation of patch temperature

Local patch temperature depends on the current temperafuitee Sun (traditionally
taken in Daisyworld models as a monotonically increasifgeja the albedo of the patch
(determined by daisy growth), and heat loss to space. Tlkeofathange of local patch
temperature is therefore given by Equation 10.3 below, @gfs the patch temperature,
Tsis the temperature of the Sun, aads the patch albedo.

dTp

dt
In Equation 10.3, the first term increases patch temperatupgoportion to the heat
gradient Ts— Tp) from the Sun to the patch, moderated inversely by patchdalloe
so that high albedo reduces heat flow (by reflecting soladatism back to space). The
second term reduces patch temperature to account for lesatd@pace by radiation and

= (l—a)(Ts—Tp)—Tp (10.3)
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is proportional to the negative heat gradient between spaddhe patch (6 Tp), where
the temperature of space is assumed to be zero.

Equation 10.3 does not include a term for heat flow betweechpat It was found
that when heat transfer between neighbouring patches whasled in the model, it made
no qualitative difference to the results achieved. For theson it is omitted here for
clarity. The exception to this rule is when heat transfengantaneous, i.e., when patches
equalise temperature instantly. This special case willdrsicered later in this chapter.

Patch temperatures are integrated numerically using Bui@ward method. The
global temperature of the planet is taken as the mean ofapdiich temperatures.

10.3.6 Cellular automata update

The results presented below were gathered from & 10 toroidal CA where each patch
has 4 neighbours at top, bottom, left and right. Runs were pésformed with larger
(20x 20, 50x 50) CAs, and with CAs where each patch had 8 neighbours (added-at
left, top-right, bottom-left, bottom-right), with no qutdtive changes in results. The CA
is synchronously updated at each timestep (i.e., all patahe updated simultaneously)
by testing for colonisation, seeding and death in that ordighough in discrete systems
synchronous update can cause artefacts, here states éreioos so this should not be a
problem [49,81]. Runs with asynchronous update producaissiresults.Tsis typically
increased from 100 to 500 in increments of 2, and the CA is watfr 1000 timesteps
for each increment iffg to allow the daisy population to stabilise for the new level o
external forcing.

10.4 Results 1: Replication of existing Daisyworld results

First of all we compared the results generated from our maatél known results gener-
ated from existing Daisyworld models. In all of the followiexperiments the albedo of
bare earth was set to 0.5 and the world was initialised withatthes bare.

The primary Daisyworld phenomenon, that of temperatureleggn by competition
between black and white daisies [183], was considered firali.oWe set the albedo of
black daisies to 0.25 and the albedo of white daisies to (RéSults are shown in Figure
10.2, which displays global temperature regulation ogogrby competition between
daisy species as it does in the original Daisyworld model.

The next significant result to be repeated is that allowihgdb to mutate does not af-
fect regulation, and may in some cases actually increasantge [105,121,159,180]. For
this scenario we allowed albedo to take any value in the rémgg, 0.75), corresponding
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Figure 10.2:Daisy population, global albedo and global temperaturafaorld with both black (albedo
= 0.25) and white (albedo = 0.75) daisies. Temperature atignl occurs as global albedo is adjusted by
competition between black and white daisy species.
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Figure 10.3:Daisy population, global albedo and global temperatureafarld where daisy albedo is
allowed to mutate freely between the levels for black andeviaisies, i.e., within the rand@.25,0.75].
Temperature regulation occurs as albedo of dominant dg@iegias varies in response to changing solar
luminosity.

to the full range from black to white. Temperature was retpdeaas before, although in
this case it is by a steady shift in the albedo of the dominaigtydspecies to maintain the
global temperature close to the optimal level, rather thanpetition between black and
white daisies. The overall effect is the same at a global;légeperature regulation in
this case and in the previous case is achieved by keeping ¢ae global albedo close
to the level which keeps temperature optimal. This in tura iesult of selection for the
daisy species with the highest growth rates.

Having shown that temperature regulation is not affectedhibyation of albedo, the
next result is to show that unconstrained mutation of thevjrdunction causes the reg-
ulation to break down [142]. Here we do this by allowiHg,q to vary freely in the range
[70,130. No regulation is observed, although the daisy populatioarithes. The muta-
tion in growth function simply tracks the solar forcing; thaisies adapt themselves to the
environment rather than adapt the environment to themselMee tracking is not precise,
as the mutating albedo allows brief periods of quasi-regaiavhen the population be-
comes fixated on a particular growth function and uses thedallto maintain the global
temperature this value éf,q requires. In this scenario albedo can be seen as a free vari-
able, since a suitable growth function can be found to giverad growth for any albedo
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Figure 10.4:Daisy population, global albedo and global temperatureafaorld where daisy albedo is
allowed to mutate freely between the levels for black andievliaisies, i.e., within the rang@.25,0.75|
and where the centre of the growth function is allowed to teutiieely. No temperature regulation occurs
because daisies can adapt their preferred growth tempetatsuit current environmental conditions.
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Figure 10.5:Constrained growth function. The maximum achievable gnomte of all daisy species
varies from 0 to 1 as a piecewise linear function of tempeeaturhe height of the peak of a species’
individual growth function is constrained.

level.

Lenton and Lovelock [107] showed that when there is sometc@inson the mutation
of the growth function, regulation will again emerge. They sp a Daisyworld model
where the centre of the hat function was mutated towardsutrertt ambient temperature,
but where the maximum growth rate (i.e., the maximum hei§tii@growth function) fell
away to zero with distance from some optimal value, in a wgpssed to be analogous
with the decline in maximum achievable photosynthesis vatees with temperature in
plants. We implemented this by letting the maximum growtk gecline linearly to zero
with distance from an optimal temperature of 100 (see Figdr&). We observed similar
results to Lenton and Lovelock [107], in that regulation waserved to occur, but with a
more gradual tailing in and tailing out than with the non{gable growth function.

We have now shown similar results to the most significantltesichieved with more
conventional Daisyworld models. Regulation of global temgpure has been shown to
occur when there is some constraint on evolution of the dgrdwhction (itself a very
well-supported assumption based on empirical evidengr fimlogy given that life has
only been found within certain bounds of temperature, &gidic.), and where the daisies
have some means by which they can influence their local emviemtal temperature. If
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Figure 10.6:Daisy population, global albedo and global temperatureafaorld where daisy albedo is
allowed to mutate freely between the levels for black andievtiaisies, i.e., within the rang8.25,0.75|
and where the centre of the growth function is allowed to neutieeely. Maximum achievable growth rate
declines linearly with distance frofh = 100, reaching zero dt = 100+ 30. Temperature regulation occurs
because preferred growth temperature is constrained asiéslaannot always adapt their preferred growth
temperature to current conditions, allowing selectivesandage to be gained from using albedo to alter local
temperature.

there are no constraints on the growth function (i.e.naedto regulate) or global albedo
cannot vary (i.e., noneando regulate) then regulation breaks down.

For completeness, we have also run the model with heat éahsefween neighbour-
ing patches [180], and found that the qualitative naturdefresults is unchanged for all
of the above scenarios.

10.5 Results 2: Constraints on evolution and their impli-
cations for environmental regulation

It seems that the key criteria for regulation of global tenapere to emerge areeed
andability. Unless there is some reason for the daisies to alter thead kEnvironment,
l.e., some selective advantage to be gained from doing en,rdgulation will not occur.
If evolution is added to the model, then the only cases in iiaisies have a reason
to alter their environment are those in which the evolutigrarocess is constrained in
some way so that the daisy population cannot evolve to pteéeenvironment as it is.
Selective advantage is gained by improving the fit betweésydand environment; this
can be achieved by changing the daisy or by changing theamaignt, and evolution will
generally opt for the easiest method available. Differantdrs will affect which method
is the easiest, such as the types of daisy in neighbourirgnestand their effect on the
local environment, and constraints on the range of perblessnutations.

Constraints on evolution are an inevitable feature of anweald biological system,
due to the existence of physical and chemical laws that nesysay violate. Chemical
laws constrain metabolism, the rate of which typically deggeon a number of parame-
ters as some bell-shaped curve. This idea is captured simaisyworld as a growth
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Figure 10.7:Daisy population, global albedo and global temperatureaferorld where there are two
well-seperated growth functions (centresTat 65 andT = 135) and where daisy albedo is allowed to
mutate freely between the levels for black and white daigies within the rangg0.25,0.75). Regulation
occurs first around one growth function, then around therothe

function that depends on temperature by a Gaussian fun@rmhin the current model
by a piecewise linear hat function. While evolution cannéeralhe chemical reactions
involved in metabolism, it may tinker with the conditionsdan which those reactions
operate to maximise their rate and efficiency, or it may sddetwveen different sets of re-
actions, that is, between different types of metabolismweier, once a metabolism has
been chosen during the course of evolution it may often bieetsregulate the environ-
ment to suit this metabolism than to switch to a new metatyobstirely. Also, genetic
constraints may prevent ‘perfect’ phenotypic adaptatiothe short term [74], and while
this effect may be lost in long term evolution, it nonetheleseates a potential benefit to
regulation.

Different metabolic types may be more successful at differanges of an environ-
mental variable. In our simplified Daisyworld model, coresid situation where there are
two growth functions with centres at different temperasur@he different growth func-
tions may be well-separated, leading to independent regylapochs (Figure 10.7), or
have overlapping ranges, leading to competitive exclu@togures 10.8 and 10.9). When
ranges overlap there will usually be one dominant metaligpe around which the en-
vironment is regulated, with a flip from one to the other at soentical level of solar
forcing. The level at which this occurs depends on the hysbbthe system. Whichever
metabolic type becomes abundant first will stop the lateerdinom getting a foot-hold
in the ecology by holding temperature close to its own optil@ael, and thus delay the
onset of an ecology (and regulation) based around the gtper This is demonstrated by
Figures 10.8 and 10.9 which show competition between twatréunctions with over-
lapping ranges in the face of increasing and decreasing fwleing respectively (i.e.,
time flows to the right in Figure 10.8 and to the left in Figu@9, although forcing is
plotted increasing left-to-right in both).

Another way in which evolution may be constrained and createpportunity for



Chapter 10 192 Evolution in Daisyworld

100 1 200
g
S =]

S 8 150
R 9] @
2 Ee) o

8 s0 < O.SW £ 100
o ] fid
> Q2 —
K4l ° <

g o 8 %
O]

0 0 0

100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Solar Forcing (TS) Solar Forcing (TS) Solar Forcing (TS )

Figure 10.8:Daisy population, global albedo and global temperatureaferorld where there are two
growth functions with overlapping ranges (centre§ at 85 andT = 115) and where daisy albedo is al-
lowed to mutate freely between the levels for black and wldgsies (i.e., within the rang®.25,0.75).
Solar forcing increases over time (time increases fromtteftight in the plots). Regulation occurs first
around the lower temperature growth function, then arotnedhigher temperature growth function; com-
petitive exclusion delays the switch between the two.
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Figure 10.9:Daisy population, global albedo and global temperatureaferorld where there are two
growth functions with overlapping ranges (centre§ at 85 andT = 115) and where daisy albedo is al-
lowed to mutate freely between the levels for black and wiiitisies (i.e., within the rang®.25,0.75]).
Solar forcing decreases over time (time increases front tigteft in the plots). Regulation occurs first
around the higher temperature growth function, then ardghadower temperature growth function; com-
petitive exclusion delays the switch between the two.

100 1 200
P e | ]
S =

S 8 g 150
< [} [}
- VPR I

S 50 <L o5 £ 100
o ] g
> 2 —
K4l =} <

g o 8 %
O]

0 0 0

100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Solar Forcing (Ts) Solar Forcing (Ts) Solar Forcing (TS )

Figure 10.10Daisy population, global albedo and global temperaturefaorld where daisy albedo is
allowed to mutate freely between the levels for black andevliaisies (i.e., within the rand.25,0.75)
with a probability of 0.2 at each reproduction and where @ai®wth function can mutate freely with a
probability of 0.002 at each reproduction. The slow mutatate of preferred growth temperature compared
to albedo results in regulatory epochs and stepped inciedsmperature.
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regulation to evolve is if evolution operates at differeaters on different phenotypic traits.
Consider the case where the daisy growth function is free tataso that it can operate at
any temperature and where daisy albedo may also mutatg fceahy level between those
for black and for white daisies. If both types of mutation wcat the same rate, then the
growth function simply tracks the increasing solar forcangd regulation is lost (Figure
10.4). However, if the mutation rate for the growth functisnvery slow compared to
mutation rate of albedo the differential creates an opmattufor regulation. It is easier
for a daisy species to evolve a new albedo than a new growtttium This can be
observed in Figure 10.10, in which the world is started withiagble daisy population
that is then allowed to mutate. At each daisy reproductiactieolonisation of an empty
patch), the daisy species may mutate its growth functioh prbbability 0.002 and its
albedo with probability 0.2 (so albedo mutates two ordersafjnitude faster than the
growth function). As can be seen from Figure 10.10, this ltesao regulatory epochs
where the daisy population regulates the global tempegataund the optimum for some
growth function. Eventually the albedo can mutate no furtred mutants with a more
suitable growth function can out-compete the existing petmn to become established
as the new dominant metabolic type around which regulattmuis.

10.6 Results 3: Relaxing core assumptions
At the end of Chapter 9 it was noted that Daisyworld is basedvarkey assumptions:

1. Organisms create a local buffer against the global envirenin Daisies are as-
sumed to be in patches large enough to maintain a local tertyperthat is differ-
ent to the global temperature. It is thus possible for daibgdo to afford them a
selective advantage by altering the local temperaturerasivhe optimum level for
growth.

2. Beneficial adaptations contribute to global regulati®@elective advantage can only
created by altering local temperature towards a globahmtn level for growth.
This optimal level becomes the set point around which reguriaoccurs; thus lo-
cally beneficial adaptations are those which contributelaba] regulation. There
Is no possibility of selfish adaptation that destroys retiita

In this section we will look at what happens when these astiongare relaxed. First of
all we will observe system behaviour when heat flow betweeasydaatches is assumed
to be instantaneous, so that all patches have the same tomgerDaisy albedo still has
an effect, but here we assume that any temperature gradnattsre created across patch
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boundaries are instantly equalised with their surrounslinthus it is no longer possible
for daisies to create a local buffer zone against the globalenment.

Figure 10.11 shows the results from a typical simulationwnere daisy albedo is al-
lowed to mutate freely and where there is a single univensdepred growth temperature,
but where any differences in patch temperature are eqdaiseach timestepy moving
all patch temperatures to the global mean. When similar rugre \werformed with het-
erogeneous patch temperatures allowed the regulatiomasbe/as the most efficient of
any of the variations presented here (Figure 10.3). Howeavefigure 10.11 we see that
no significant regulation occurs when patch temperaturesrstantaneously equalised.
Regulation does not occur because daisy albedo has no effémtal temperature and all
daisies share the same homogeneous environmental corsdifibus mutation of albedo
can offer no selective advantage and albedo has a neuteat effi selection. This means
that albedo is a free variable and the daisy population omtgseds when the ambient
temperature of the planet happens to be close the prefavetifor growth.

When the level of solar insolation allows daisy growth thexe ivery faint level of
regulation. Although all patches are the same temperannddralividual daisy species
cannot gain a selective advantage, there is still the pitigsthat the cumulative effects of
all the daisies can fortuitously move mean global albedbtéright direction to promote
growth. For example, if there happen to be more dark-colbdeasies than light-coloured
daisies the global albedo will be below that of bare eartla d¢old environment (low solar
luminosity) this will stimulate growth and the daisy poptiga will expand. This expan-
sion of a predominantly low-albedo daisy population will @ify the lowering of the
global mean albedo and thus create a positive feedback lhaaprtoves global tempera-
ture towards the optimum level for growth. However, thiseptally regulatory feedback
is brittle, because there is no selective pressure to maiiitaNon-contributing daisies
are just as likely to profit from temperature change as thassab that contribute, allow-
ing genetic drift to dilute the low-albedo population andt iggowth. Global temperature
will then return to a level similar to that of a dead planet.

The reason that there appears to be some weak regulatiompgtature when the
daisy population is large is that the effect described almaveonly occur in the direction
of the optimum, since if global albedo moves in the directiormake conditions less
suitable for growth the daisy population collapses and fifeceis stopped. There is
no extension to the range of luminosity in which daisies ceowgbecause there is no
selection pressure to coordinate the population; an altkbr all-white population could
allow growth at more extreme levels of luminosity but is istatally very unlikely to
occur.
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Figure 10.11Daisy population, global albedo and global temperaturefaorld where patch tempera-
ture instantaneously moves to the global mean at each #me$here is a single growth function (centre
T = 100) and where daisy albedo is allowed to mutate freely batvike levels for black and white daisies
(i.e., within the rang€0.25,0.75). Solar forcing increases over time (time increases fifinto right in
the plots). No significant regulation occurs because daisi@not create a local buffer against the global
environment in which to create selective advantage by imipgptheir local environment.

Now we will relax the assumption that locally beneficial ai@ipns always contribute
to global regulation. There are two ways in which this cangeap local adaptation
can have a neutral effect on regulation, or local adaptateonhave a negative effect on
regulation. To explore what will happen we need to alter tlasipworld model so that
it is possible for daisies to adapt in ways which provide disgebenefit but remove or
reduce the contribution to global regulation.

Consider the case when local adaptation has a neutral efieeigolation. One way
in which this might happen is if selection occurs on orgamisimaits other than the traits
that alter the environment; for example, natural selectioght select for daisies with
large leaves. In this situation the environment-alteriagt becomes selectively neutral.
We can see what might happen in this kind of situation by logldt a Daisyworld where
colonisation occurs at random and patch temperature isvaat to selection. While this
Is not strictly the same as selection occurring on a diffeteait, it is a simple proxy for
that kind of situation and will serve to illustrate the point

Figure 10.12 shows the results from a typical simulation wirere albedo mutates
freely and where empty patches are colonised by randomtemlecf a living daisy
species in a neigbouring patch. The daisy population isy@varge, since solar inso-
lation and planet temperature are irrelevant to growth. Bigufation is observed and
albedo is a free variable. Local patch temperature refleetfrée variation in albedo, and
this causes noise in the global temperature.

The results shown in this section show that the Daisyworkliaptions identified
above are key to the occurrence of regulation. If daisiemotareate a local buffer via
their albedo and thus create a selective advantage, regulatlost. Regulation is also
lost if the link between local adaptive benefit and globalutation is broken, so that
adaptation of the environment-altering trait offers neeséVe advantage.
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Figure 10.12Daisy population, global albedo and global temperaturafaorld where all daisies have
an equal growth rate irrespective of patch temperaturereTisea single growth function (centfie= 100)
and where daisy albedo is allowed to mutate freely betweeretels for black and white daisies (i.e.,
within the range[0.25,0.75). Solar forcing increases over time (time increases fleinto right in the
plots). No regulation occurs because selection is randartere is no link between local adaptation and
global regulation.

10.7 Conclusion

We have presented a model that is derived from Daisyworldstsimplified and extended
to allow for a more comprehensive study of the compatahaliyiotic environmental reg-
ulation with evolutionary theory. The model has been désctihere using the language
of Daisyworld (daisies using albedo to regulate tempeeaituithe face of solar forcing)
but the mathematical formulation of the model is actuallggeneral, meaning that sim-
ilarly constructed models may be used to study biotic regadan other scenarios. Our
model shows that what is needed for regulation to emergearst@ints on the evolu-
tionary process and the possibility for organisms to cradteal buffer against the global
environment, criteria that we feel are plausible in a wideets of biological systems.

Relaxing the assumptions of the model shows that two Daidgvassumptions (that
organisms can create a local buffer against the global @mrient, and that local adap-
tation contributes to global regulation) are key to the stioh of regulation. If either of
these assumptions is relaxed then regulation does not.oklawvever, varying some of
the physics of the model appears to have no effect on thetewolof regulation. Here we
used a simple piecewise linear growth function rather thanparabolic growth function
of the original Watson and Lovelock model, but regulatiors\stll observed. Heat radi-
ation dynamics were also much simplified, without any eftecthe qualitative nature of
the results achieved.

It appears from this work that the key features of the Daigyavonodel which are
necessary for regulation to evolve are a peaked growth ifiumetith an optimal response
at some fixed level of the environmental factor, a local dlwing organisms to ben-
eficially affect their immediate environment and thus gaalestive advantage, and con-
straints on the evolutionary process so that there is a rme@dulation. These criteria
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all seem likely to be satisified in some situations in the redtworld. Chemical reac-

tions (including metabolic reactions) typically have akesghresponse with a maximum
rate achieved in ideal conditions. Constraints on evolatipmdaptation certainly exist,
coming from physical and chemical laws as well as from evoh#try canalisation and
genetic contraints on phenotypic adaptation. Perhaps tis¢ contentious criterion is the
existence of a local buffer within which an organism can sklji benefit from improving

its local environment, but this criterion may be less impaottin the real world than it is

in Daisyworld.

It is easy to think of some situations where an organism wélate a local buffer
against the global environment; one example that is paatigurelevant to Daisyworld
is the boreal forests, where the lower albedo of the treespaoed to the surrounding
tundra permits rapid warming and an earlier start to growttspringtime than would
otherwise have been possible [104]. However, there areratsty situations where the
possibility of a local buffer is harder to imagine, but wheegulation still occurs. For
instance, chemical regulation of the oceans by the mariota Iseems to happen despite
the situation of the marine organisms in a liquid matrix viweould rapidly disperse any
excreted materials that might contribute to the formatiba favourable buffer zone. The
evolution of environmental regulation in situations whitie hard or impossible to form
a local buffer will be examined using the Flask model in faliog chapters.



Chapter 11

The Flask model

11.1 Overview

In this chapter we introduce the Flask model, a new and algiodel intended to explore
the evolution of environmental control by the biota in a stemwhere some of the key
assumptions of Daisyworld are relaxed. The Flask modelssthan evolving populations
of microbes that affect their environment as a side effechefabolism. It is hoped that
the Flask model will be able to address some of the criticiappied to Daisyworld and
to contribute fresh ideas to the debate over Gaia theory.edewwe do not intend that the
Flask model should be limited to Gaia theory; it is designed general model of biotic
environmental control that can be applied on a variety ded#nt spatial and temporal
scales, of which Gaia is just one. For instance, at a smallde ghe Flask model could
be used as a model of niche construction, where organisnmgetthe selection pressure
they experience by altering their environment.

The next section will recap on some of the arguments predenterevious chapters
and motivate the development of the Flask model. This wilfd®wed by a concep-
tual overview of the Flask model in which its key assumptianls identified together
with some areas where preliminary study is needed beforentia hypothesis can be
approached. Due to time and space constraints, the Flas&lmsatbt explored to its full
potential in this thesis and while some preliminary expemtal work is presented in the
following chapter, a large amount of work is left for futuresearch.

198
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11.2 Moving on from Daisyworld

Ecological models often ignore the interaction betweenltio¢ga and the environment.
For example, Lotka-Volterra population models [115, 1794 aeplicator equation mod-
els [83] typically look only at the interaction between sisc The external environment,
where it is modelled at all, is usually taken only as a (pdgsspatial) source of food;

other aspects that may affect the growth and reproducticeess of organisms are in-
gored.

However, it is increasingly recognised that there is a amtsand significant in-
teraction between living things and the abiotic environtneldleas of niche construc-
tion [102, 103] and the extended phenotype [40] highliglet itnportance of the envi-
ronment in evolutionary dynamics, while the increasingtgepted Gaia theory [116]
suggests that that not only do organisms affect their envment, they do so in a way that
regulates the biosphere to conditions that are suitabléféorIn recent years, artificial
life models of ecologies have begun to include coevolutietween species; it is now im-
portant that practitioners recognise the fundamental mapce of coevolution between
the biota and the abiotic environment.

We are interested in the possibility of regulation of theodibi environment by the
biota, which on a planetary scale is called Gaia theory batinet be confined to this
scale. The interaction between life and its environmentfésainating topic at any scale,
from microbial mats involved in the formation of stromates [141], to beavers that act
as ‘ecosystem engineers’ creating lakes and canals [1®t]ptd formation caused by
marine phytoplankton [27].

In the previous chapter we looked at a version of the Daisidvaodel [183] in which
the physics had been made simpler than those of the origirabier to clarify the basic
properties of the model. We looked specifically at the roleadlutionary adaptation in
the Daisyworld model, and examined the conditions undeckwknvironmental regula-
tion could evolve. It was found that two basic assumptionthefDaisyworld model are
essential for regulation to emerge. The first of these isdhgdnisms should be able to
create a local buffer against the global environment, witlihich to gain selective ad-
vantage by favourably affecting their immediate locale.e Becond assumption is that
locally advantageous adaptations must also contributéotmairegulation, that is, that
selfish adaptations change the environment in the direcimessary for global regula-
tion to occur. We also saw that regulation only emerged wheretwas a need and an
ability to regulate. If daisies could adapt their preferggdwth temperature to match the
current global temperature then there was no need for regnjaut if constraints were
placed on adaptation of growth temperature then it becameflogal to moderate local
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temperature via an appropriate albedo.

Armed with our new understanding of Daisyworld dynamicss ihow time to move
on. The Daisyworld models have been the source of many sttegedebates and have
contributed greatly to the debate over Gaia theory. Whategeple may think about the
Gaia hypothesis, they are forced to concede that Daisywioed at least provide a cyber-
netic example of how regulation might emerge from the dymranoif a non-teleological
model based on sound ecological and evolutionary pringipléowever, it seems likely
that the law of diminishing returns will apply and that themmoer of new insights that
will result from new variations of Daisyworld will be few. Ene is a recognised need for
new models [177].

Here we present the first steps towards a new model, the Fladklpwhich we hope
will answer significant questions about the logic of envirmmtal regulation by the biota.
The Flask model is conceptually simple, but has the scopa Wade variety of questions
to be asked within its framework. It consists of looking a #cological and evolutionary
dynamics of microbial populations in a series of microcoswisich may be thought of
as flasks. Each flask contains a well-mixed solution of natsiechemicals and neutral
substrate liquid. Adding microbes to the flask creates d¢@rdi in which communities
may form and evolutionary change occur. By enforcing perfaixing within flasks,
but allowing only partial mixingoetweerflasks, we create the conditions for multi-level
selection. Between-flask selection takes place at the stmylevel and within-flask
selection takes place at the level of the individual microbe

Due to constraints regarding both time and space, the segrdsented in this thesis
are preliminary to a more in depth future study of the FlaskleloWhile the eventual aim
is to study the evolution of environmental regulation byti@a, we must be content here
with taking only the first steps towards this goal. In thispiea we present the model and
argue why we might expect to observe the evolution of envirental regulation within
it, and also why it might be a good model for the evolution ofisnmental regulation
in nature. We identify several basic criteria that must lissBad before the model can be
used to test any larger hypotheses concerning the evolatienvironmental regulation,
which include the demonstration of heritability at the coomity level in the Flask model,
demonstration also of a correlation between environmeatallation and biomass within
individual flasks, and confirmation that the spatial struetaf the model does indeed
enable the conditions for multi-level selection.
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11.3 Biological basis for the Flask model

The basic Flask concept of microbial communities collegdialtering their shared envi-
ronment is in part inspired by the artificial ecosystem dedaexperiments performed by
Swenson et al [162,163]. In these experiments, self-coathmicrobial ecosystems were
created in test tubes under laboratory conditions. Aftekedfidevelopment period, the
chemical composition of the liquid in each test tube was memkfor pH. In one set of
experiments, the ecosystem displaying the highest pH wetasorovide seed microbes
for a new generation of test tube ecosystems, while in anstrges of experiments the
lowest pH community was chosen. A sustained response toteglevas observed, with
deviation of pH away from the starting level increasing atregeneration.

The experiments performed by Swenson et al show that setecti microbial com-
munities for their effect on their environment can over tipreduce communities that
alter their environment in a particular way. This suggelt tf a particular type of en-
vironment increases microbial growth, community-levdesgon might lead to commu-
nities that move their environment closer to optimal groatimditions. This effect could
result in environmental regulation.

The Flask system is modelled as an array of connected flasiis centaining a micro-
bial population suspended in a liquid medium. The liquid meds important as it allows
the assumption of a near-homogeneous environment insedg évell mixed) flask. Mi-
crobes are chosen as the model for the simulated organisrmasitonber of reasons. They
have simpler metabolisms and foraging techniques thancaliltlar organisms, and are
able to take advantage of chemical nutrients absorbed undliiprm from the environ-
ment. Microbes are also capable of using a wider variety dabwlic reactions than the
evolutionarily canalised metabolisms of multicellulaganisms, making the possibility
of evolving to use a different metabolic reaction with jusiea mutations less implau-
sible. The microbial reproductive cycle is also relativelgnple, being asexual in nature
and producing fully functioning offspring.

Microbes are also known to coexist in tightly integrated bystic communities called
microbial mats that can be found all over the Earth’s surtawe in a wide variety of dif-
ferent environments [126]. Microbes arose much earlieh@tistory of life on Earth than
multicellular organisms, which means they are much moedyikhan multicellular organ-
iIsms to have played a part in regulating the biosphere; aftemulticellular organisms
could never have arisen if there hadn’t been a suitable @mvient for them to evolve in.
The wide global coverage and geophysical action of mictapacies also supports the
idea that microbes could play a significant role in regutatime global environment.

There are a variety of real environments to which the Flaskiehonight be com-
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pared, which basically include any liquid environment paped by microorganisms. The
precise suitability of Flask for representing a particidgarvironment will be in part de-
termined by the rate of mixing between flasks. While mixinghmita flask is assumed
to be perfect, the level of between-flask mixing can be twdakefit different scenar-

ios. If between flask mixing occurs at quite a high rate, theleh@ould represent an
ocean environment, with individual flasks representinéedeint water cells. If the rate of
between-flask mixing was lower, then the Flask model migltdrepared to the bacterial
communities in mud flats or marshes. Depending on how thedmivilask mixing is

modelled, the Flask model could also be seen as a form ofdistawdel, or perhaps an
arrangement of inter-tidal rockpools.

However, despite this range of possible analogies, ther&auhins that the Flask
model is primarily of heuristic value in determining the log@f environmental regula-
tion. If Flask can be used to test the implications of variaasumptions, or to find a
theoretically sound way in which environmental regulateman evolve in accord with
Darwinian theory, then it will have been vindicated.

11.4 Differences from existing models

The Flask model relaxes the two main assumptions of the Baidgt model. In Daisy-
world, there is a well-defined local buffer within which diais can create selective ad-
vantage by ameliorating the impact of the global environimén Flask, this buffer is
expanded so that individuals cannot by themselves creakeetise advantage by alter-
ing the environment. Such an advantage can only exist thrthecollective result of the
environment-altering traits of all individuals inside asita The only buffer that remains
in the Flask model is that each flask maintains a homogenetersal environment that
is near-closed to input from other flasks.

Also, in Daisyworld, adaptations which create local adagetare also those which
contribute to global regulation. There is no possibility #odaisy species to succeed
by adapting in a way that would cause global regulation t@kmown. In the Flask
model however, individual level mutations to the enviromtaaltering trait are selec-
tively neutral, since all individuals in a flask share the samvironment. Individual-level
selection acts on metabolic traits, and it is quite posditiea beneficial adaptation to
metabolic function to occur in conjunction with a mutatianthe environment-altering
trait that pushes the environment further from the optinadditions for growth. Selfish
adaptations can thus result in regulatory, non-regulatoryeutral effects on the abiotic
environment.

Another advantage of the Flask model over the Daisyworld eh@sdthat it incorpo-
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Figure 11.1: Every organism has an environment (dottededirghich consists of both
abiotic (A) and biotic (B) components. There is two-way feack between the organism
and all of these components, as well as between the comoaedeach other.

rates a more realistic ecological model, including the fation of food webs and nutrient
recycling loops. The same is true of the Guild model, but theldsmodel shares the
same basic assumptions as the Daisyworld model, the liontabf which are described
in previous paragraphs.

11.5 The Flask model: A conceptual sketch

Every organism has an environment, which is made up of batticocomponents (e.g.,
other organisms) and abiotic components (e.g., tempesatbemical fluxes, geography,
salinity, etc.). The organism interacts with all of thesenponents, which also interact
with each other (see Figure 11.1). Since organisms evdlsgpossible that selection may
occur on the environment-altering traits of organisms, s traits are favoured which
change the environment in a way beneficial to the organisntceSnany organisms share
similar basic preferences for some aspects of the envirah(sech as temperature, ph,
etc.), the global result of many selfish adaptations may bee@rmental regulation.

The basic unit in the Flask model is a flask containing a nelitraid matrix (see
Figure 11.2). The flask receives a chemical influx at a fixed eaitd also loses stored
chemicals at a fixed rate through chemical outflux. Thus tremetal composition of
the liquid medium within the flask will fall to a steady statgudibrium in the absence
of perturbation. A microbial population is introduced tceetflask, which may contain
individuals capable of metabolising some of the chemictideged in the flask and thus
create the conditions for a microbial ecology to form.

Microbial metabolism involves the consumption of chemiuatrients in a genetically
determined ratio specific to the individual. Some of the comsd nutrients are converted
to biomass, with the remainder excreted to the environmgmhamical waste (also in
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Figure 11.2: Schematic of a single flask. The flask receiveésadg chemical influx and
loses a fixed proportion of stored chemicals by chemical axtfh microbial population
is introduced to the flask and affects its chemical compmsiti

a genetically determined ratio). One microbe’s chemicatteranay potentially be con-
sumed by another microbe species.

Microbes reproduce asexually by splitting when they reackréain biomass thresh-
old, with a low probability of mutation. Microbes also losmimass at a steady rate due
to the cost of living, assumed to be lost to the environmemasrecoverable heat or
energy. Microbes die if their biomass falls below a certawvel.

Within each flask there are all the ingredients necessargrf@cology to form. There
is a steady supply of nutrients to the environment. Microtes consume and excrete
different chemical products, so it is possible for one spgaxcreta to be food for a dif-
ferent species. Reproduction or death depend on the fit leetaenicrobe’s metabolism
and the food available, which creates selection pressumedividuals since metabolism
is genetically specified.

Not all of the chemicals in the flask are used in microbial rneiam. Some chemicals
are consumable, while others are non-consumable chentinal®rm part of the abiotic
environment of the microbes. Although the non-consumalidgrgcals are not used in the
metabolic process, itis assumed that microbial activigydraeffect on their concentration
within the flask. This takes the form of a genetically deteradi effect on the level of
each non-consumable chemical, that may be implementedids-affect of metabolism
or as a fixed rate contribution from each microbe. The micrpbpulation as a whole
interacts with the input and output fluxes of the non-condalenahemicals to determine
the composition of the abiotic environment.

In addition, the composition of the abiotic environmentatt the rate at which mi-
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Figure 11.3: Metabolic rate is affected by the compositibthe abiotic environment.
Plot shows an example function giving metabolic rate as etfon of the composition of a
two-component abiotic environment. There is assumed tolgesl abiotic composition,
at which the environment fits metabolism perfectly, whickhsred by all organisms.

crobes can metabolise nutrients (as, for example, theamviental pH level might affect
the growth of real bacteria). It is furthermore assumed tiierte is a single preferred state
vector for the composition of the abiotic environment, aishithe metabolic rate of all
microbes is maximised. An example function is given in Feglit..3 for a two-component
abiotic environment.

The genetic code of a microbe specifies the ratio in whichrisooes nutrients, the
ratio in which it excretes waste, and its effect on the abietivironment. Since the flask is
assumed to be well-mixed, the environment is experiencadlgopy all microbes. This
affects the ways in which selection pressure can affecviddals. Selection can clearly
act on phenotypic traits concerned with metabolism, siheavailablility of suitable food
will determine growth and hence reproductive success. hewehere is no possibility
of individual-level selection on phenotypic traits whicfieat the abiotic environment,
since the well-mixed liquid medium in a flask means that therenment is experienced
equally by all microbes within it. Thus there can be no indial benefit arising from an
environment-altering trait, meaning that traits affegtthe abiotic environment are selec-
tively neutral at the level of the individual. In the absemnd¢any higher-level selection,
this makes the collective effect of the microbial populatan the abiotic environment a
free variable. Even though the composition of the abiotmrenment will have a large
impact on the overall success of the microbial populatiberd is no way that it can be
beneficially steered by evolutionary adaptation within akla

Now, consider the case where there is an array of many flaskesKgure 11.4). If
each of the flasks is initialised with a different microbialgulation, the different starting
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conditions should cause the ecological and evolutionanadycs within each flask to
create different ecological and chemical conditions. Imedlasks, the population will
quickly die out and the chemical environment will return te abiotic stable state. In
other flasks, viable communities will be formed with funaiiog food webs.

The success of a community (measured in growth rate or nuofbedividuals) will
depend on the interaction of the microbial population withanvironment. A commu-
nity which only consumes the nutrient influx and does notwy@ood nutrient cycling
loops will be limited by the size of the nutrient influx. By deogst, communities which
form stable food webs will recycle nutrients many times lefihey leave the system via
nutrient outflux, and will thus make available a much largexd supply that can sustain
a larger microbial population [55, 176]. In order for the nebtb be thermodynamically
correct, either some energy must be lost during each metaealction (to prevent infinite
recycling), or an additional assumption must be made of &ereal energy source such
as sunlight, making the Flask model an energetically opestesy rather than a closed
system.

The interaction of a community with its abiotic environmestof key importance.
Since the abiotic environment affects the metabolic ratehefmicrobes, the collective
influence of the community will result in an abiotic enviroant that favours growth to
a greater or lesser degree. We should therefore be able évvaba correlation between
community biomass and the distance of the current abiotic@mment composition vec-
tor from its ideal.

Note that it is extremely unlikely that a single species damkintain optimal envi-
ronmental conditions alone, since it will only be able tolpesach environmental factor
in one direction and would need to alter each factor by a peeamount. It is theoreti-
cally possible that a flask community consisting of a singkecges with exactly the right
kind of genotype could stabilise at a size that optimisecetheronmental factors in bal-
ance with the fluxes through the flask, but the chance of tlppéaing in any non-trivial
system are vanishingly small. Also, if this event did ocdgtryould be very brittle to
mutation. This means that the creation of optimal enviromi@econditions must be a
collective activity of a stable food web, and it is infeasilbbr a single species to do so
alone.

Different communities will have ecologies that are moreass| successful, as deter-
mined by their efficiency of nutrient recycling and theirexft on the abiotic environment.
These differences will be expressed as variations in bisroashe number of individu-
als, and these quantities could form the basis of some g@lexiteria at the level of the
community. However, what is not clear is how these commesitould ever ‘reproduce’
in order for selection pressure to have an effect.
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Figure 11.4: Ecological and evolutionary dynamics mean th&robial communities
within flasks may be more or less successful depending dalin@nditions. If migration

is possible between flasks this raises the possibility abrishktion or invasion by more
successful communities.

Consider the case where each flask in the array is connectésl ieighbours by a
valve that allows for limited mixing of the liquid matrix b&een flasks, and thus enables
migration of microbes from one flask to another. With the bty of migration be-
tween flasks, it might be expected that viable communitieghtrspread from populated
flasks to lifeless ones. What is more, since the populatiodsfierent viable flask com-
munities might be of different sizes, some communities mighmore or less successful
at colonisation than others. We might expect more popul@si fommunities to be bet-
ter colonisers since they can spawn greater numbers offpteolonist individuals. This
might lead to more rapid expansion by more populous comnaspiand perhaps invasion
of smaller communities by larger ones.

We have now described means by which flask communities caaidbéosdisplay vari-
ation, and also how they might selectively reproduce. Tha fimgredient for some form
of community-level selection to occur is heritability. @ivthat the flask communities are
made up of individual microbes that are subject to mutattould we expect a colonist
community to develop similarly to its parent community?dems likely that the answer
to this question depends on timescale.

In the short term, community dynamics are dominated by epcéb interactions, with
different species reproducing dependent on food supplycantpetition. If the mutation
rate of individuals is sufficiently low, we might expect a seaable degree of constancy
in the community species distribution over short time pésio However, over longer
period mutations and evolutionary dynamics come into play there is less reason to
expect any constancy. New species may arise that have acagieffect on community
composition. So, we might expect to observe similarity l@sw colonist communities
and their parent communities in the short term, but not inltdre term. This issue
will be developed in the following chapter with experimdm&sults concerning the time
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dependent nature of ecosystem heritability.

The microbial communities within a flask must make good ugkaif nutrient supply
to be viable, and differential success between alternaiaele communities will be in
large part determined by their effect on their abiotic eomment. Since the success of
a flask community will affect its likelihood of colonising anvading other flasks, we
now have a possible criteria for selection between flaskser @ne we might expect to
see the flask array dominated by communities that keep th@asition of their abiotic
environment close to the ideal levels for growth.

Group selection has historically been thought to be a weakoorexistent force in
evolutionary theory, but recent studies have shown thatthee specific circumstances
where it can play a significant role. These circumstancesharse where groups are
largely isolated but occasionally mixed, so that individueom successful groups come
to form a large proportion of the entire population [156].

These conditions can be met in the Flask model dependenteorath of migration
between flasks. If flasks are completely isolated no mignatsgossible, and while some
flasks may contain more successful communities than otliegse is no possibility of
colonisation or invasion, and selection cannot occur. CGndther hand, if flasks are
well connected and there is no barrier to migration, themoigommunity isolation and
group benefits cannot occur within flasks. However, it seelaussible that if the rate of
migration is present but small, then conditions for groulecon might be met and the
possibility of selection acting on different flask commiastmight exist.

The main hypothesis that the Flask model is designed toggsten below:

If there is feedback between organisms and their enviromnserthat or-
ganisms affect their environment and growth is maximisea jrarticular set
of environmental conditions, and if there is an approprigatial structure
that allows partial isolation of semi-closed communitibgn multi-level se-
lection will result in the evolution of communities whichltively regulate
their environment to conditions suitable for life, in a mangonsistent with
neo-Darwinian evolutionary theory.

The Flask model so described rests on a large number of dargsand assumptions,
and the author does not expect the reader to accept theseuvhidence and clarifica-
tion. A quantity of work is needed to show the validity of teeassumptions; in the next
chapter we will present the first steps in this process. Hewewne feel that while the
details of the model need proof and refinement, the modebisddly consistent both in
itself and with modern evolutionary biology.
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11.6 Basic assumptions and points to prove

In this section we discuss some assumptions of the FlaskIrtitateequire clarification
and supporting evidence if the Flask model is to be valid

11.6.1 Universal preferred environment?

The existence of a universally preferred set of environm@lernditions for growth is a
simplifying assumption of the Flask model. As discussed imiér 10, physical and
chemical constraints exist that restrict the range of dimras in which biological growth
can occur. Typically, the rate of a given metabolic reactianes with respect to a particu-
lar environmental factor as a bell-shaped curve (as it do€4ask), and this curve cannot
be altered by biological adaptation. However, the choice/toch of the many possible
metabolic reactions is used to extract energy from the enuientis subject to adapta-
tion, and given that different reactions may have differeptimal conditions in which
their rate is maximised, the Flask assumption of a univgrgaéferred environment may
seem to be flawed. However, we argue here that subject tarcegeeats, this is not the
case.

While different metabolic reactions may have different ojati conditions, these con-
ditions are often broadly similar. It seems likely that aiil@choices made far back in
evolutionary history mean that the differences betwedeint metabolisms are less sig-
nificant than their similarities, and that many metaboljgdy present in the natural world
are variations on a theme. For instance, different vasetieoxygen-based metabolism
may have slightly different optimal conditions, but these @l highly similar when com-
pared to any form of methane-based metabolism.

Also, evolutionary canalisation may mean that it is venyfidifit or impossible to
suddenly switch to a new form of metabolism with a radicalifyedent set of preferred
conditions. Such a change is likely to require an unfeaddniye number of coincident
mutations and it is in any case difficult to see how such a niutanld survive long
enough for its traits to reach fixation. Timescale is alsosané; while it may be possible
to switch to a different form of metabolism with a differert©f preferred conditions,
the difficulties in doing so might lead to long periods of fieaton a single metabolism
type. This might give rise to a form of homeorhetic regulatim which regulatory epochs
occur around different metabolic types in sequence.

We feel that these reasons justify the simplifying assuompthat all organisms in
the Flask model have a universal preference for a parti@daof environmental condi-
tions. Nonetheless, the implications of multiple prefeesraises intriguing theoretical
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guestions that may be explored by extension to the Flask hoéflgure work.

11.6.2 Environmental fit correlates with biomass?

It is reasonable to suggest that when the abiotic envirohinas an effect on microbe
growth rate, so that growth is maximised at some particul@irenmental composition,

there will be a correlation between the size of the microbeahmunity in a flask and the
deviation of the actual environmental conditions from tpérmmum. Real world examples
might include the relation between temperature and growfiants, or between bacterial
growth and the pH level of their surrounding environmentwdwer, this claim must be

verified in the Flask model before any larger hypotheses eaapiproached.

11.6.3 Heritability at flask level?

For any higher-level effects to give selection for commiasitthat regulate their abiotic
environment, it is first of all necessary to show that thersoisie measure of heritability
between a parent flask community and an offspring colonistraanity. If there is no
heritability, so that colonist communities bear no relatto their parent communities,
there is no reason to expect any persistence or spreadingneinanities that have a
favourable effect on their environment. This would pre€why higher-level selection
that might lead to the evolution of communities that regaitaeir environment.

11.6.4 Spatial structure leads to group selection?

Even if heritability can be demonstrated at the level of flaskimunities, it remains to

be seen whether or not the spatial structure of the Flaskiseheith perfect intra-flask

mixing but weak inter-flask mixing, gives rise to any form abgp selection dynamics.
It has been shown that group selection can be significan¢ iftbups are largely isolated
with occasional mixing [156]. It seems likely that the sphsitructure of the Flask model
will provide these conditions and allow higher-level sélet to take place, but this is far
from inevitable and must be demonstrated.

11.7 Conclusion

In this chapter we have presented a sketch of the Flask madéldescribed the work
that must be performed before the main hypothesis for whishdesigned can be tested.
Time and space constraints on this thesis mean that the itgagbithis work is left for
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the future, but in the next chapter we will address the isswehether or not heritability
can be demonstrated at the community level in the Flask model
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Response to ecosystem selection in the
Flask model

12.1 Overview

In this chapter we describe an experiment designed to shath&hor not community-
level heritability can be demonstrated in the Flask mode&ing a simplified version
of the model, that treats all flask communities as complejated and ignores the
feedback from the abiotic environment to the growth raténefrnicrobial population, we
perform tests to measure a response to selection at thestensyevel. A population
of different flask communities is initialised and alloweddevelop for a fixed period.
At the end of this period a fithess score is assigned to eadhllasneasuring the error
between the actual composition of the abiotic environmergach flask compared to a
pre-specified target vector. Artificial selection is theedi$o create a new population of
flask communities, performed by innoculating sterile flaskb samples of the microbial
communities from the flasks with the lowest error. Resulterfrthis experiment show
that over time a response to artificial ecosystem selecsiobserved in the Flask model.

We begin with some background to the debate in evolutiorfaagry over group se-
lection and related modelling work in this area. This isduled by a description of the
methods used and results obtained, before some discudsibe mnplications of these
results for the Flask model and for evolutionary theory.

212
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12.2 Background

In the previous chapter we outlined some criteria that mestiet if the Flask model is
to be viable. One of these criteria is that there must be sagniéability at the level of
the flask communities, so that a colonist community resesnitdeparent community. If
this cannot be shown to hold, then there is no possibilityhigher-level selection effects
can lead to the evolution of flask communities that regulh&sr tabiotic environment.
Higher-level selection is a contentious issue in evolwigriheory, but there are grounds
to believe that group selection can play a significant rola gtenario such as the Flask
model.

Lewontin [113] states that any level of biological orgatisa that can be grouped
into a population of units has the potential for evolutionrigtural selection. He goes
on to describe the three necessary and sufficient propénaesire required for evolution
to take place: (1) phenotypic variation, (2) differentiahéiss based on phenotypic vari-
ation, and (3) heritability of fithess. Lewontin goes on tgue that selection at higher
levels than the individual is unlikely, since higher-lewsiits are unlikely to exhibit heri-
tability of phenotypic traits. This opinion is similar todlgene-centred view of evolution
propounded by many evolutionary biologists (e.g., ‘selfishe’ theory [39]). Group se-
lection has been the subject of various critiques, notaioijnfMaynard Smith [130] and
Williams [186], and until recently the idea of selection dewel higher than that of the
individual has not been favoured.

However, higher level selection has latterly been a topirenéwed interest, with both
theoretical and experimental evidence for its existendagopresented [71, 156, 181].
What used to be known as ‘group selection’ is beginning to fiem acclaim as ‘multi-
level selection’, though it is still viewed with suspiciog many.

Recent work has demonstrated that artificial selection etetiel of the ecosystem
can lead to a sustained evolutionary response [162, 163. nmmber of laboratory ex-
periments a statistically significant response was obsetweartificial selection, both
when soil communities were selected for the dry weight ohplaiomass supported
and when pond-water communities were selected for raisingwering pH level [162].
In a similar experiment, Swenson et al showed that artifiecsystem selection could
be used to evolve microbial communities to break down theremmental pollutant 3-
chloroaniline [163]. The selection in these experimentrigicial, not natural, and it is
possible that selection was implicitly for individual-kvtraits, but the results obtained
are significant and encouraging for our current purpose.

Some simulation experiments into ecosystem selection iremently been reported in
the artificial life literature [137,138]. Using a system bd®on Lotka-Volterra population
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equations with mutation between populations, Penn showedonse to selection for
diversity [137]. Using a similar system, Penn and Harveywsktha response to selection
on species composition ratio in a Lotka-Volterra model withmutation, i.e., where the
only variation in ecosystems was caused by changes in spaisteibution [138].

A possible weakness of Penn’s model is that selection ipedd directly on char-
acteristics of the population itself, i.e., diversity anmkesies composition. It is possible,
though not certain, that this introduces some unwantediiashe evolutionary process.
Whether or not this is true we feel that a clearer understandiould be gained from ex-
periments where selection is for a trait that is affecteddoy,external to, the population.
Selection for the effect of the ecosystem on its environmests these criteria.

The issue with group selection is not whether it exists, bwthat extent. Individual-
level selection has traditionally been thought to be theidant force, and in most situa-
tions this is the case. However, there are situations whegrehlevel selection pressure
can play a significant role in shaping evolutionary adaptaind we feel that the Flask
model may be one of these. As a precursor to examining hilgivetselection in the full
Flask model, we are here concerned with demonstrating thsilpbty of a response to
selection at the level of the flask community.

12.3 Method

Here we seek to demonstrate in the Flask model a similar canynlevel response to
selection to that observed in Swenson’s pond-water ecasgsf162]. We apply a sim-
ilar experimental method to Swenson et al, where flask etesysare selected for the
composition of their abiotic environment in a manner analggto the selection for pH in
Swenson’s experiment.

Conceptually, the Flask model is set up as described in thagque chapter, with
some simplifications. The flasks are assumed to be isolaved éach other and selec-
tion is performed artificially, in order to avoid any comg@iwns arising from the migra-
tion/colonisation/invasion model of community selectibmdividual flasks are modelled
as described except that there is no feedback from the al@atironment to microbe
growth; again this is done to reduce the complexity of the ehaehd allow us to clearly
observe the phenomenon of interest, which is a responséeictisa.

The model simulates the growth and evolution of microbiahowunities suspended in
a liquid medium. This medium is held in flasks supplied withtiouous chemical fluxes.
Individual microbes grow and reproduce dependent on foggblsuand the ecological
interaction between them leads to the formation of food wabsach flask. Mutation
may occur during reproduction, allowing the genesis of naerofial strains.
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The composition of the liquid medium in each flask determitiesenvironment of
the microbes. Some of the chemicals present may be conswfeddby the microbial
population and converted to biomass, while others are mmstamable and form part of
the abiotic environment. In addition it is assumed that theidl medium has properties
such as temperature, pH, salinity, etc., and that these eaffeécted by microbial ac-
tivity. We will refer to these non-consumable chemicals phgsical properties of the
flask environment collectively as ‘abiotic factors’ for easf discussion; while chemical
nutrients are also abiotic we feel that their role as theesttbjof metabolism justifies this
notational convenience. The effect of the microbes on abiattors is modelled here as
a side-effect of metabolism, with a genetically specifideafcaused by each microbe
for every unit of biomass created.

The composition of the abiotic environment resulting frdra interaction of the input
and output fluxes with the collective actions of the micrblp@pulation forms a ‘phe-
notypic’ ecosystem trait that is used as the basis for gelecOffspring ecosystems are
formed by innoculating sterile flasks with seed populatisasipled from the most suc-
cessful ecosystems in the previous generation. The regponselection is measured
as the change over time in the distance of the environmetatd sariables from some
pre-specified ideal ratio.

The experimental method is inspired by the method of Sweesah[162,163]. We
wish to replicate the results of thair vitro experiments in oumn silico experiments, in
order to show that a response to artificial ecosystem-la@letton can occur in the Flask
model. If such a response can be shown, it implies that ttsesaifficient heritability
between parent and offspring communities for the occugesicthe community-level
selection necessary for the evolution of environmentallaggpn.

12.3.1 Flasks

Each flask contains a neutral liquid matrix in which is susjgeha microbial population.
There is a flow of liquid through the flask. The inflow brings lwit steady influxes of
chemicals and steady inputs to abiotic factors, while thlaw removes a fixed propor-
tion of stored chemicals and a steady output from abiotitofac Flasks are well-mixed,
so that in the absence of perturbation the composition dii #ask will reach a steady
state equilibrium. Each microbe both consumes and exccbtsical nutrients, and also
has an effect on the levels of the abiotic factors.

The state of the flask is therefore a vectoof lengthM + N, whereM is the number
of chemical nutrients andll is the number of abiotic factors. The updatevtat each
timestep is given by Equation 12.1, whef@ is the influx vector,Fo; is the outflux
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vector, anck is the net effect oV of the microbial population.

AV = Fin +E — Fout (12.1)

The environmental state vectdrcan be subdivided into separate vectors for the con-
sumable chemicals and abiotic factors, so that (X,Y) = (Xg,...,Xm, Y1, ---, YN) Where
X andY are the consumable and abiotic parts respectively.

12.3.2 Microbes

Microbes are modelled as simple bacterial organisms thagwne and excrete chemical
nutrients in a genetically specified ratio. Each microbe &las a genetically specified
effect on each abiotic factor as a by-product of metaboliBach microbe can therefore
be represented by a vectd®, A, u, o) whereA = (Ay,...,Am) represents the consumption
ratio, 4 = (U, ..., Um) the excretion ratio, and = (a1, ...ay) the effect on the abiotic
environment. ClearlyyMA =1 andyMu = 1 hold since all materials consumed and
excreted must be accounted for; there is no such constraint gince the effect of the
microbe on the abiotic environmental factors does not rezgég involve mass transfer
and is thus treated generallf is the current biomass of the microbe and is a variable,
whereas\, u anda are genetically fixed for the lifetime of the individual.

12.3.2.1 Genotype

The genotype for a microbe is an array witM2- N loci taking values in the range
[—1.00,1.00]. There are two loci for each chemical nutrient, specifyirfgatvproportion
of the microbe’s total consumption and excretion is contt by that chemical. Thl
loci for consumption are linearly mapped to the raf@80, 1.00] and normalised, to give
the ratio in which chemicals are consumed; excretion raresfound similarly. For ex-
ample, ifM = 3 and the consumption loci of the genotype @r®.4,0.7,0.1), this would
map to(0.3,0.85,0.55) and give a normalised consumption ratiodof= (0.18,0.5,0.32).
There areN loci for effects on abiotic environmental factors, which prdirectly to the
effect the microbe has on each factor for every unit of bisraeated.

12.3.2.2 Metabolism

At each timestep, each microbe will try to consume ugtpx units of food in the con-
sumption ratio determined by its genotype. If sufficient atle nutrient is present to
satisfy this demand, the food is consumed and convertedtodss with a standard effi-
ciency of0, with the waste being excreted (i.e., 10 units of food coredimith efficiency
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of 0.6 makes 6 units of biomass and 4 units of excreta). Theetxds returned to the en-
vironment in the ratio determined by the microbe’s genotype

Each microbe incurs a biomass decremeny ahits at each timestep for the cost of
living, assumed to be lost to the environment by heat losshaitas irreversible process.
The update equation for the biomass of the microbe is thienddy Equation 12.2.

AB = 0Caci — ¥ (12.2)

whereCy¢t is the actual number of nutrient units consumed, which malg&etharCyax
If nutrients are scarce.

If an insufficient amount of a chemical nutrient is availabtesatisfy a microbe’s
consumption demand, the number of food units the microblemyito consume is scaled
down (possibly to zero) so that the demand can be satisfiegl rdtto in which nutrients
are consumed is always held fixed, so that the lack of a singlgent can be a limiting
factor to consumption. The limiting factor means that thizalamount of food consumed
Cact is given by Equation 12.3 below.

Cact = min(cmax,;‘—l,...,f\—“”) (12.3)
1 M
wherex; is the amount of nutrientpresent in the flask ang} is the proportion of con-
sumption constituted by this nutrient. The amount of eactiient removed from the
environment is by a microbe is given by the vedior below, while the amount returned
to the environment as excreta is given by the veEtor

Ei = (AlCact, ...,AMCact) (124)

Et = (M1Cacts .-, UMCact) (12.5)

For example, if the consumption and excretion ratios/are (0.18,0.5,0.32) and u =
(0.3,0.14,0.56) respectively, and = 0.6 the microbe will consume an amount of nutri-
ents given by the vectde~ = (1.8,5,3.2), gain 6 units of biomass, and excrete waste
nutrient amounts oE, = (1.2,0.56,2.24). If only 2 units of the second nutrient are
available, the amount consumed from the environment wilEbe= (0.72,2,1.28), the
microbe will gain 2.4 units of biomass, and the amount excréd the environment will
beE™ = (0.480.224,0.896).

Microbe metabolism has a side-effect impact on the flaskrenment. For every unit
of biomass created, the microbe will alter the level of edgiotec factor by the amount
specified in its genotype, which may be positive or negafilee effect of the microbe’s
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metabolism on the abiotic environment is t{agCact, ..., anCact). FOr example, iN =2
anda = (0.2,—-0.5), the microbe above that created 6 units of biomass would have
effect on the abiotic factors @fL..2, —3).

In the experiments reported here parameter settings @gse= 10, 6 = 0.6 and
y = 1, for all microbes.

12.3.2.3 Guilds and species

Given that microbes reproduce asexually, the normal ushgepecies being a group of
individuals capable of breeding with each other does nolyapgre, but for convenience
we will refer to a microbe species as a group of individuaég ghare the same consump-
tion and excretion ratios and have the same effect on thdialféwtors. Note that the
normalisation process in the genotype-to-phenotype mgppieans that a species can
contain individuals with different genotypes.

Microbes can be grouped according to their functional e¢ffat the environment.
Through metabolism, every microbe has a (possibly nedéyigffect on the amounts of
different chemicals present in the environment. Ignorimggize of this effect and looking
only at the sign of the effect (i.e., classifying effects asipive, negative or neutral), we
can partition the microbial population into functiorgalildsfor descriptive purposes.

The concept of an ecological guild was originally defined poRas “...a group of
species that exploit the same class of environmental resstm a similar way. This term
groups together species, without regard to taxonomic iposithat overlap significantly
in their niche requirements” ( [143], p.335). The conce ABo been adopted by Volk,
who defines biochemical guilds as groups of species linked Bymilar effect on the
environment, such as nitrogen fixers or oxygen producer6][1ahd also by Downing
[55], who uses a similar definition.

Here we adapt the definition slightly so that a functionaldyis made up of microbes
that have a similar effect on the environment, e.g., a guilghtrcontain all microbes who
are net consumers of chemical A, net producers of chemicahB,increase the level of
abiotic factor C. The guild classification allows some of thadtional structure of the
ecosystem to be elucidated. There ate™ different functional guilds possible in the
Flask model.

12.3.2.4 Reproduction

Microbes are initialised with a biomass randomly drawn fraraniform distribution on
the rang€g60,110. If they are successful and increase their biomass to 12§, répro-
duce asexually by splitting. The child microbe gets a copghefparent genotype and the
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biomass of the parent is split equally between parent arid.chine genotype of the child
is subject to mutation, with a 0.05 probability of mutatidreach allele. Mutation of an
allele occurs by randomly selecting a new value from the eand..00, 1.00].

12.3.2.5 Death

Unsuccessful microbes will not get enough food to grow ang reduce in biomass due
to the cost of living. If the biomass of a microbe falls belo@ the microbe will die.
In addition to this, a microbe may randomly selected to dithwai probability of 0.002
per individual at each timestep. This is included as a looggdementation of death by
natural causes and serves to promote selection and compd@tween microbes. When
a microbe dies its remaining biomass is returned to the enment as chemical nutrients
in equal amounts, i.e% units for each chemical.

12.3.3 Update scheme

The microbial population is updated sequentially in randwarer to avoid artefacts. At
each timestep, each flask is updated in the following order:

1. Add chemical influx
2. While some microbes are not updated:

(a) Randomly select a microbe from the population
(b) Do microbe metabolism

i. Consume nutrients
ii. Update biomass
iii. Excrete waste

iv. Calculate effect on abiotic factors
(c) Test for microbe death (starvation or natural causes)

(d) Test for reproduction

3. Remove chemical outflux

12.3.4 Artificial selection experiments

There is no true concept of an ecosystem generation, bubfarenience we will define
a flask generation as a fixed period in which the flask ecologgldps followed by a
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selection event. Selection events occur periodically &dfixtervals, with the duration
of a generation defined as the length of the between-seteictierval. The length of this
period was varied in different runs, and will be given wheppmpriate below.

For each evolutionary run a set of flux parameters was gestetd held constant
across all flasks to give identical flask conditions througheach run. At initialisation
a batch of flasks was instantiated with these parametershemdetach was seeded with
a randomly generated population of 100 microbes. At eadtseh event, a new batch
of sterile flasks was seeded with 100 microbes randomly c¢h@sith replacement) from
the highest fitness flask at the end of the previous generatotiat the fittest ecosystem
provides the seed for all flasks for the next generation. Siamwas performed on the
microbial population at the end of the growth period, i.egni the ecosystem in the
state it was in when its fitness was measured. A large numbsraditionary runs were
performed with different flux parameters and the mean eimfary response taken, in
order to avoid unintended bias from favourable or unfavbleanitialisation.

The ‘phenotypic’ ecosystem trait used for selection wasdam the levels of the
abiotic factors in the flask environment. An ideal vectaof target levels for each abiotic
factor was pre-specified, with the deviation error of thdestaf a flask from the ideal
vector constituting its fithess score. The error is given udation 12.6 below. Both the
ideal vector and current state vector are normalised poieatculation of error.

Error = i(ﬁ—yi)z (12.6)

This fitness metric was chosen for similarity with Swensoalistselection for pH level

in their pond-water ecosystems [163], and also becausees dot affect the relative
fitness of individual microbes within a flask ecosystem. Fairgle flask the state of
the environment is a free parameter with respect to witlaekflevolution, meaning that
any non-random variation in environmental composition lsarattributed to higher-level
selection between flask ecosystems.

12.4 Results

12.4.1 Ecosystem dynamics

First of all we briefly describe the ecological dynamics thetur within a flask ecosys-
tem. Figure 12.1 shows the guild structure of a typical estesy in a flask where
M = N = 2. This is a very simple scenario, chosen to aid understgndin

The shaded striations in Figure 12.1 represent the numbadiduals belonging to
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Figure 12.1: Ecological dynamics of a single flask ecosyst8iraded striations denote
size of different functional guilds, while the stacked H#igf the plot denotes the total
population size. The population grows quickly to a stabke siThe distribution of in-
dividuals between different functional guilds is initiadjuite uniform, but by the end of
the simulation run several large guilds have developedcatithg the formation of a food
web.

different guilds. These quantities are stacked, so thatiotia¢ height of the plot gives the
size of the whole microbial population. The flask is seeded=a0 with 100 microbes
with randomly generated genotypes. These initially repoadrapidly until the population
reaches its carrying capacity, so that the size of all thielguncreases steadily for the first
few hundred timesteps before levelling off.

As time passes, reproduction and mutation cause the entergénew species (some-
times reflected in the appearance of new guilds). Ecologitataction between individ-
uals means that certain species may do well and dominatdfextedit times. The guild
structure reflects this, with new guilds emerging and grawor shrinking and disappear-
ing. The distribution of individuals between guilds is mueks even at the end of the run,
with a few large guilds and many small guilds indicating tbenfation of a food web, as
compared to the more uniform early distribution resultingn the random initialisation.

12.4.2 Response to selection

Figure 12.2 shows the response of the flask ecosystems ficiaktselection. The plots
show fitness increasing (i.e., error reducing) over gerarat time when ecosystems are
selected for minimal error in the levels of abiotic enviroemtal factors. The data are
generated from runs wheM = N = 3 with a normalised ideal vector for abiotic factors
of Y = (0.2,0.3,0.5); similar results to those presented here are obtained wineset
parameters are varied but are omitted here for clarity. Theattbn of each ecosys-
tem generation in timesteps was varied, with runs perforfioedall values in the set
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Figure 12.2: Mean fitness over generational time for ecesygenerations of different
durations. Solid lines are results for directed selectitashed lines are results for random
selection. Numbers in brackets denote number of runs peddmwith directed and with
random selection; plot shows mean values over all runs.rBarece of the solid line from
the dashed line indicates a response to selection.
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Figure 12.3: Response to selection (difference betweestidid-selection fithess and
random-selection fitness) after 30 generations for ecesysfenerations of different du-
rations. Response is reduced as the length of the periodebatgelection events is in-
creased.

{1000 20005000 10000 . For comparison, a microbe will reproduce every 10 timestep
if there are no food constraints, so all of these generatimattbns allow at least 100
microbial reproductive cycles. More than 50 separate ruasevperformed with each
different generation length, to give a reasonable data Eamp

In each plot the response to selection for minimal enviromaeerror is plotted
against a control group of runs where parent ecosystems ef@gen at random from
the population of flasks. Random selection in the contro$ralfows us to see how the
system would behave in the absence of selection, and givesedie for comparison with
the directed selection runs. The mean fitness of all flaskach generation is plotted to
show the trend of the whole population of flasks, rather tfwous$ing on one (possibly
anomalous) individual flask. It is clearly apparent thatlincases there is a significant
response to directed selection, with error values falliegdily over generational time.

12.4.3 Time-dependence of the response to selection

It is apparent from Figure 12.2 that the response to selecsioeduced as the length of
the generations is increased. This can be seen more cledfigure 12.3, which shows
the difference in mean fitness after 30 generations betweseditected selection runs and
the random-selection control runs, plotted against thatthm of each generation. The
reason for this inverse relationship between the respamselection and the duration
of each generation can be explained by consideration ofvbleit®onary and ecological
dynamics within each individual flask.

The processes of ecological competition and evolutiond&ignge are continuous,
meaning that the ecosystems never reach equilibrium. Hrpats (not shown here)
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have shown that the flask ecosystems do not reach an att(Bxsar-point, limit cycle or
chaotic) even when left to run for up tox510° timesteps. This does not mean that they
are without structure, as the functional guild distribatimay remain broadly similar for
very long periods, but that the underlying genetic changbepopulation is unceasing.

This continual change means that the microbial populationes steadily away from
its initial composition. So if a flask is seeded with a parciset of microbes, the similar-
ity of its species distribution to its initial state stegdilecreases. In the current scenario,
there is ecological pressure for the maintenance of a stabteweb, but there is no con-
straint on the effect of the microbe population on the emnent. Thus genetic drift can
erode the species distribution that was favourable to riedwube environmental error and
increasing fitness. Since the similarity of the sample paipah taken at the end of an
ecosystem generation to the initial seed population falitha duration of the generation
increases, the erosive effect is greater with longer geioesa This means that the like-
lihood of a fit ecosystem being maintained in the face of genkift long enough to be
passed on to the next generation decreases as the genéragitimincreases; heritability
is reduced by longer generations.

12.5 Discussion

We have presented an evolutionary simulation model in whmarobial ecosystems dis-
play a response to artificial selection on an ecosysteni-tea®. This response is de-
creased when the duration of an ecosystem generation eaiged, due to genetic drift in
the alleles governing the effects of microbes on the flaskemment.

The collective effects of these environment-alteringtéraif individual microbes de-
termine the levels of abiotic environmental factors andrfdhe ecosystem trait that is
selected for. Genetic drift in these alleles occurs becalitb®ugh ecologies contain-
ing good sets of environment-altering genes are selectedtfthe ecosystem level, the
environment-altering alleles have no effect on the redafithess of microbes within a
flask and so vary randomly during within-flask individual4¢ selection.

The longer the ecosystem generation, the greater the ambgenetic drift that oc-
curs. Since offspring ecosystems are seeded with samies teom parent ecosystems
at the end of each generation, longer generations reduttalikty and reduce the adap-
tive response at the ecosystem level.

Our findings agree with those of Swenson et al (2000b) andsalggest a new ex-
periment that could be performed in the laboratory. The tdependent nature of the
ecosystem-level response to selection could be exploiad oscrobial ecosystems with
a similar experimental method to that described in [162]163
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With reference to the Flask model, these experiments detmada@she possibility of
heritability between parent and offspring flask commusiti& sustained response to se-
lection was observed and this implies a non-trivial leveiefitability. The dependence of
the response to selection on the length of the period betaeletion events is an inter-
esting feature of the system, but should not cause any prshile the Flask scenario; in
the Flask model selection is an implicit function of migaatj colonisation and invasion,
all of which are continuous processes.

12.6 Conclusion

In this chapter we set out to demonstrate heritability inflesk model. In a simple imple-
mentation we have shown that a response to selection atélelea flask ecosystem can
reliably be observed. A sustained response to selectiohds@ measure of heritability,
so our aim has been reached.

The next step in the development of the Flask model is to dstrete that when feed-
back from the environment to microbial growth is presentpaalation exists between
the composition of the environment and the size of the miatgiopulation in a flask.
Once this has been done, experiments can be performed oallypsttuctured arrays of
interconnected flasks, in order to test whether or not envirental regulation evolves by
multi-level selection.



Chapter 13

Discussion of Part IV

13.1 Overview

This chapter briefly summarises the main findings from PaytaM tries to analyse the
main contribution of this work for Gaia theory and biologygeneral. The methodology
used is critically reviewed, and the most promising dir@asi for future work are outlined.

13.2 Summary of results

13.2.1 Chapter 9: Background

Part IV of this thesis is an investigation into the possipitf environmental regulation
by the evolving biota. The idea of environmental regulaimost commonly explored
under the mantle of Gaia theory, and the majority of the wadspnted in Part IV is in
this area. However, it is hoped that the generality of the @ednd theoretical arguments
discussed in Part IV is such the results achieved are noifgpex the Earth system,
but will also allow useful insights to be gained concerningieonmental regulation at a
variety of other scales.

The basis for Gaia theory is the observation that the feddbatween organisms
and their environment works in both directions; the envinemt sets the conditions in
which organisms adapt and evolve, but organisms also hawgerct on the physical
environment. The Gaia theory claims not only that this dedbedback occurs, but that

226
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it leads to regulation of the environment by the biota, inditans suitable for life.

The Gaia hypothesis was originally put forward by Lovelockl Margulis [124] and
stirred up significant debate in the literature, much of wWrgentred around the compati-
bility of Gaia theory with Darwinian evolution. The big ques raised by evolutionary
theory concerned how Gaian regulatory feedback loops dmeittteated by selfish natural
selection.

The case against Gaia was begun by criticisms of teleologyvaimerability of a
global regulatory system to ‘cheaters’ [40,52], with thedem view well-put by Kirchner
[98]. Kirchner accepts the emergence of global feedbackddmut feels that there is
no reason why such feedbacks should be regulatory; why ghbw@nti-Gaian positive
feedbacks be formed? Kirchner also points out that theexist of a good fit between
organisms and their environment is easily explained by &di@n of organisms to their
environment, and that there is no need to posit any additrmeahanisms.

Lenton [105] exemplifies the case in favour of Gaia, whichigart evidential (reg-
ulatory feedbacksnusthave evolved because the chances of life persisting on Rarth
long as it has without regulation are infinitesimally smalhd in part theoretical (Daisy-
world shows that global regulation is not incompatible ws#ifish individual selection,
and cheaters would not disrupt regulation since it occura hg-product of organismic
activity).

The latter section of Chapter 9 describes the Daisyworld ia88], which was first
developed to refute claims of teleology, but has since beesubject to many expansions.
The Guild model [55] is also described, since it represdr@only significant attempt in
the literature to move on from Daisyworld.

Finally, Chapter 9 put forward a list of research questionbaaddressed in the re-
mainder of Part IV. It was noted that in both Daisyworld anel @uild model, organisms
can create a local buffer against the environment and selfightation always contributes
to global regulation; there is no possibility of locally @htageous mutations that would
destroy regulation. One aim for Part IV was therefore to tigve good understanding
of the conditions under which environmental regulationhe®s in Daisyworld, and to
examine the consequences of relaxing the core assumpfioine model. A further aim
was to develop a new model based on different assumptionsigy®orld, in order to
investigate the evolution of biotic regulation in a diffetescenario.

13.2.2 Chapter 10: Evolution in Daisyworld

Chapter 10 presents a simplified version of Daisyworld deyedowith the purpose of
studying the effects of Darwinian evolution in the DaisylWdacheme. The physics of the
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model are simplified (following Harvey [80]) in order to aidderstanding of its dynam-
ics, while its implementation as an individual-based mddather than the population-
based form of the original Daisyworld) allows easy inclusiaf Darwinian evolution-

ary adaptation. This model was used to gain an understarditite conditions under
which environmental regulation will evolve, and also tottdee effects of relaxing the
core Daisyworld assumptions.

The simplified Daisyworld model consists of a toroidal clelitautomata where each
location (or patch) can be bare or occupied by a daisy speBae patches have a neutral
albedo, while daisy species occupying a patch can raisewarlpatch albedo by their
pigmentation. The albedo of a patch determines the amourgatfit absorbs from solar
insolation, and since daisies grow best at a particular &zatpre, albedo affects growth.
The preferred growth temperature and albedo of a daisy espete subject to mutation
when daisies reproduce.

First of all it was demonstrated that the simplified modelldoaplicate the behaviour
of the original Daisyworld model, where competition betweke black and white daisy
species led to regulation of the global temperature in the td steadily increasing solar
insolation. Known Daisyworld results involving evolutieny adaptation were also repli-
cated. In a series of experiments it was found that allowmigydalbedo alone to mutate
freely between the levels for black and for white daisiestednproved regulation of
global temperature. However, allowing the preferred glotetmperature to mutate freely
led to the collapse of regulation, as daisies simply evoteeprefer the current ambient
temperature.

These experimental results suggested that regulationdvedlve where there was
both a need to regulate (i.e., a constrained growth functod an ability to regulate (i.e.,
variation in albedo). To test this hypothesis further expents were performed in which
daisy albedo could mutate freely, but where mutation ofgrefl growth temperature
was restricted. The results achieved confirmed the hypsth&8hen only two growth
temperatures were possible, regulation occurred firstratdie lower temperature, then
around the higher temperature, as solar insolation ineckadVhen preferred growth
temperature was allowed to mutate freely, but at a much sloate than mutation of
albedo, regulatory epochs occurred around different predfiegrowth temperatures.

Having shown the importance of constraints on evolutioalgptation for regulation
to occur, the next set of experiments looked at the effeatslaking two key assumptions
of the Daisyworld model, which were the assumptions thasidaicould create a local
patch temperature different from the global temperatund,that locally beneficial adap-
tations always contributed to global regulation. Both agstions were found to be vital
for regulation to occur, with a failure of regulation if eehassumption was relaxed.
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Chapter 10 concluded with the observation that all of theddtfor Daisyworld reg-
ulation could be met in the natural world, but that the ci@abf a local buffer against
the environment was likely to be problematic. It was alseeddhat the simplified Daisy-
world model that had been developed was more general thaorihi@al Daisyworld
model, meaning that the results obtained might be appkcabh variety of different
scenarios and at a variety of scales.

13.2.3 Chapter 11: The Flask model

Chapter 11 describes a new and original model, the Flask meteaih is intended to look
at the evolution of environmental regulation by the biota isituation where some of the
key assumptions of the Daisyworld models are relaxed. 8palty, the Flask model will
be used to study whether or not biotic regulation can evolemit is possible for selfish
individual adaptations to work against global regulatiang where individual organisms
cannot create a local buffer against the environment.

The Flask model consists of an array of flasks containingw@adignedium and sup-
plied with a constant flow of nutrients. Each flask containsoputation of microbes,
which can grow, reproduce and mutate, so that stable food wely be formed by eco-
logical and evolutionary interaction. Microbes have aeeifbn their abiotic environment,
and it is assumed that the abiotic environment has an effegtavth, so that a two-way
feedback exists between the microbial community and thetialenvironment in which
the community determines the composition of the abiotidrennnent and the abiotic
environment influences the rate of microbial growth.

There is limited migration between flasks, allowing the [juity of colonisation
or invasion of a neighbouring flask by a community. We woulg@ext more populous
communities to be better colonisers, and since the effeet microbial community on
its abiotic environment will be key to its growth and popidatsize, it is possible that
higher-level selection effects will lead to the evolutidrcommunities that regulate their
environment around the optimal conditions for growth.

13.2.4 Chapter 12: Response to ecosystem selection in the Flask model

Chapter 12 presented a model designed to investigate thibibsthat heritability could
exist between a ‘parent’ community and its colonist ‘offagt. It was argued that if a
response to selection at the level of a flask community coalddmonstrated, then this
would constitute proof of some degree of heritability. The &f the chapter was to
implement a simple version of the Flask model and show tha&spanse to selection
could be observed.
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Simulated flasks were prepared as in the Flask scheme deddnliChapter 11, but
with the simplifying assumptions that all flasks were isethfrom each other, and that
there was no feedback from the abiotic environment to miataijrowth. The compo-
sition of the abiotic environment of a flask was used as a ‘ptygmc’ trait at the level
of the flask community, and a target composition vector wdmed; the error between
the actual composition of a flask and this ideal was the fitnestsic used for artificial
selection experiments on a population of flask communities.

It was found that a clear response to selection was obsemwtdihe mean environ-
mental error in the population of flasks steadily reducingrayenerational time. A clear
deviation from the performance of a random-selection @giroup was observed. It was
also found that the response to selection was inverselyoptiopal to the length of time
for which each flask community was allowed to develop betwsstection events.

The conclusion to Chapter 12 argued that since a responséttige at the level of
the flask community had been demonstrated, heritabilitytrexist between parent and
offspring communities. The time dependent nature of thésiltevas not thought to be a
problem for the Flask model, since in the Flask model migraind colonisation would
be a continuous process.

13.3 Implications for Gaia theory

The simplified Daisyworld model presented in Chapter 10 isedulgddition to the Gaia

literature because it simplifies the physics of the Daisyavand allows the key features
of the model to be seen more clearly; a semi-realistic implatation of heat radiation
adds little to our understanding of the compatibility of ividual selection and global
regulation, whereas a simple model of the mutation of pretegrowth temperature can
teach us a lot. Using our simplified model we have gained arnstahding of the cir-

cumstances under which we can expect to see regulation iDdtsyworld model. The

simplicity of our model makes it more general than the omdjidaisyworld, so our find-

ings should hold in more ‘realistic’ Daisyworld models andsi also possible that they
can be applied to other systems that share a similar form.

We found that regulation in Daisyworld will occur when theseheritable variation
in daisy albedo and constraints on the adaptation of theepeaf growth temperature.
Variable albedo allows the possibility of regulation, vehdonstraints on adaptation of
growth temperature creates a need for regulation. Thisrfqdiight guide field research
aimed at finding examples of real-world regulation that epes along similar principles
to Daisyworld. There are many constraints on evolutionaigpation in nature, arising
from physical/chemical laws and from evolutionary caratlen. Real world ecologies
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where such constraints on adaptation are identified woulddmsl places to look for
regulation.

Our examination of the impact of constraints on adaptatigoreferred growth tem-
perature involved two results not previously reported ie Baisyworld literature. The
first of these is that when there are two possible growth fonstwith overlapping ranges
but distinct maxima, competitive exclusion effects areevtssd whereby biotic regula-
tion of the environment around one of the growth maxima p@es organisms with
metabolisms based on the other growth function from gaimirfgothold in the envi-
ronment. The second new result is that when adaptation ténpeel growth temperature
occurs without constraint, but very slowly in comparisorattaptation of albedo, regula-
tory epochs are observed in which the biota regulate aroyadtacular dominant growth
function for a period, before changing external conditioreke that growth function un-
viable. In the general case this means that slow adaptateplwenotypic trait affected by
the environment coupled with fast adaptation of a traitcife the environment can lead
to short-term adaptatioof the environment interspersed with infrequent adaptatoon
the environment. Both of these results are novel in the Daslg literature, and suggest
possible new avenues for Gaian research.

Other significant new results concerning Daisyworld condke effect of relaxing its
key assumptions. We found that if organisms were not ablestate a local buffer against
the environment in which to improve their growing conditspmegulation broke down.
There was no individual selective advantage to adaptatimstsimproved the environ-
ment, so although occasions could arise when serendiptamsnstances led to the right
kind of daisy improving the environment and the populatimpanding rapidly, there was
no selective pressure to maintain this improvement and & queckly eroded by genetic
drift. This finding shows that there is no way that individlmel selection can lead to
sustained global regulation unless there is some indilildwal competitive advantage to
be gained by contributing to it, which lends support to cr#im of Gaia hypotheses based
on individualsaltruistically contributing to regulation.

Also, if the effect of daisy albedo on the environment had fiecé on growth so that
mutations of albedo were selectively neutral, regulatitso doroke down. This shows
that if the direct link between selfish adaptation and glabgulation is relaxed in the
Daisyworld model, then regulation fails. This finding echd&rchner’s comment that
there is no reason to expect biological feedbacks to ther@mvient to be inherently
homeostatic.

It therefore seems that regulation in Daisyworld rests @nt#vin assumptions of a lo-
cal environmental buffer and of selfish adaptation conthifguto the global good. These
are reasonable assumptions to make in many real world isihsatbut they are by no
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means universally true. Given the importance attachedddtaisyworld model in the
Gaia literature (notwithstanding the fact that the vajidit Gaia theory does not rest on
the validity of the Daisyworld model) the importance of taessumptions for the occur-
rence of regulation in Daisyworld should be given greateogmition than is currently
the case.

However, as mentioned, the Gaia theory does not rest on Waiky, and in response
both to our findings concerning Daisyworld and to Volk’s dalt new Gaia models, we
have in this thesis begun to develop a new model, the Flaslemtids hard to judge the
implications of a model which has yet to be constructed, Ibeifact that the Flask model
is built on different assumptions than the Daisyworld moalelans that it can provide
another test case for the evolution of environmental reguiaand move the Gaia debate
forward.

The Flask model may appear to be swapping one controvehgaly for another in
calling on multi-level selection to demonstrate the vajidif the Gaia theory, and to some
extent this is true. Group selectionist explanations obglaegulation have previously
been refuted, but we feel that recent support for the validftmulti-level selection in
certain circumstances suggests that such explanatiorefulba constructed, are worthy
of further investigation.

13.4 Implications for biology

The stated aim of the investigation in Part IV of this thesesvio study the evolution
of environmental regulation by the biota, and although #ige majority of the material
presented above is aimed at Gaia theory, this aim of genhestéill applies. It seems likely
that biotic environmental regulation can occur at a varatgpatial and temporal scales,
and it would be beneficial if the results obtained above cta@dpplied to ecosystems
other than the Earth system.

The evolutionary Daisyworld model presented in Chapter Ifiasle very general by
its simplification, as mentioned before. Thus it might be adystarting point for un-
derstanding environmental regulation in systems other @Gaia; if the assumptions it is
based on can be shown to hold in a candidate regulatory syatehthe criteria identified
for regulation to occur are met, then useful insights mighghined by comparison of the
dynamics of the target system with those of the simplifiedsipaorld model.

The Flask model can also be applied at a variety of scalesoiftseptual design stems
from microbial activity in a liquid environment, but it miglve adapted to model other
situations without much alteration to its structure; it ihaught experiment more than a
model of a particular ecosystem.
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In addition, the Flask model can be used to address quegitbes than those con-
cerning environmental regulation. Multi-level selectisra supporting assumption of the
Flask model as described in Chapter 11, but it is in itself @anasof great theoretical
importance and one for which the basic formulation of thesklaodel is well suited for
investigation. Experiments might include a more rigorond #thorough exploration of the
response to artificial selection presented in Chapter 12edrgps a study of whether or
not the spatial structure of the Flask model provides necgsnd sufficient conditions
for multi-level selection to occur in a more natural form.

Finally, because the Flask model is loosely based on miat@emmunities inhab-
iting flasks, it also offers the intriguing possibility of kiag predictions that might be
tested with laboratory experiments using real microbe® Sitmilarity of the results from
simulation presented in Chapter 12 to those of Swenson et @ingpwith pond-water
and soil communities [162, 163] suggest that this might beeful line of study. For
example, it would be interesting to see if the time-depehdeture of the response to
ecosystem selection in simulation is a property shared biymecrobial communities.
The possibility of real world testing of hypotheses geretdtom the Flask model is one
area where it may offer an advantage over the less directhalde results generated in
Daisyworld.

13.5 Review and future work

The main area where more work is required is in developindthek model. The lack of
time and space to provide a more concrete development oflis& fodel in this thesis
Is a major regret. However, despite the cartoon nature oftask model as described,
and while accepting fully that the model will inevitably batgect to myriad refinements
and corrections, we feel that its inclusion here is justififithe inclusion of the Flask
model adds balance to Part IV of the thesis. Chapters 9 and it tpoa direction in
which Gaian modelling might usefully move forward, whileethmited presentation of
the Flask model in Chapters 11 and 12 gives a taste of what socireey might bring.
Future work will focus on developing the Flask model. Theuagstions and sub-
hypotheses described in Section 11.6 in Chapter 11 will bengred in turn. The demon-
stration of heritability and response to artificial ecosystselection that was presented in
Chapter 12 will be extended and better analysed. Further hiroglevork will be required
to demonstrate a correlation between the population sizeafmmunity and its effect
on its abiotic environment, and to show that the spatiakcsting of the Flask model can
give rise to multi-level selection dynamics. A literatuesasch will be necessary to com-
pile further evidence for the existence of universally pregd growth conditions, and this
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might be complemented with modelling to investigate theliogpions of multiple coex-
isting sets of preferred environmental conditions. Onlyewhhese components of the
Flask model are studied and understood can any principgtish¢eof the overarching hy-
pothesis concerning the evolution of environmental reguteby the biota be performed.

13.6 Conclusions

Part IV of this thesis has considered the evolution of emrimental regulation by the
biota. A simplified version of the Daisyworld model was usedéain a good understand-
ing of when regulation can be expected to evolve in the Daisighscenario. The effect
of relaxing the main assumptions of Daisyworld was alsoistlicand it was found that
regulation collapses when some of these modelling assangpéire removed. The Flask
model was suggested as a system that relaxes the assungftizeisyworld but in which
environmental regulation might be expected to evolve bytirheNel selection. Finally,
Part IV presented the first steps towards constructing taskAinodel, and demonstrated
that at least one of its component hypotheses holds.

The contributions of this body of work for Gaia theory and biwlogy in general have
been outlined above, along with known weaknesses of therialgbeesented, and a plan
for future work. This concludes the study of environmenggjulation by the biota in this
thesis. In Part V we will examine biotic regulation of the gamment in the context of
homeostatic adaptive networks.
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Chapter 14

Towards a general theory of
homeostatic adaptive systems

14.1 Overview

The aim of Part V is to try and draw the various threads of nese&n the thesis to-
gether and reach some coherent conclusions concerningdsbaie adaptive networks.
In Part | we introduced the concept of homeostasis as an isiggrprinciple, and in
Part Il we described an example system, the Homeostat. IPaas a study of homeo-
static plasticity in neural networks, while Part IV exanmdnenvironmental regulation by
the biota. In Part V we return to the central theme of homdiastalaptive networks and
analyse each of the systems presented in this thesis inahiext. The aim is to see how
well the Homeostat, neural homeostasis, and biotic enmiental regulation fit into our
definitions of homeostasis and homeostatic adaptationiaitny to identify properties
common to all homeostatic adaptive systems.

The next section gives a brief recapitulation of the defamisi of different kinds of
homeostatic adaptation that we originally gave in Chapteflese definitions are then
applied to our case study systems in subsequent sectiomsisTbllowed by some dis-
cussion of commonalities between the case study systemgearatal conclusions con-
cerning homeostatic adaptation.

236
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14.2 Definitions

In Chapter 1 we defined a homeostatic system as one where #@iaksariables were
maintained in a target range by the action of a regulatoryhaeism, where they would
otherwise have moved outside the target range due to ekfercang. In Figure 1.4 we
gave a schematic of this organisation.

We then defined homeostatic adaptation as changes in systewibur that maintain
homeostasis in essential variables against some peitumb&ilastic homeostatic pertur-
bation is where these changes are not persistent, i.e.y#tens returns to its original
state after perturbation. Plastic homeostatic adapta&tars to the case where changes
are persistent, i.e., where the system remains in a changtdaster the perturbation is
removed.

We then noted that it is possible for multiple homeostatedfgack loops to oper-
ate simultaneously in the same system (Figure 1.5) and &tainsl order homeostasis
is possible where homeostatic regulation acts to changgdhameters of a first order
homeostatic regulator (Figure 1.6).

14.3 Case study 1: The Homeostat

The original Homeostat was an electromechanical devicsisting of 4 units intercon-
nected by circuits with variable parameters. Each unit hacgnet mounted on its upper
surface. The angular deviation of each magnet was detednipen electrical field that
varied as a function of the input current received by the, undtdified by the parameters of
a set of potentiometers and commutators. If the angulaatiewi of a magnet passed out-
side the rangé-45°,45° a uniselector randomly chose new values for the potentiemet
and commutator parameters, so that the system was onlye sididgn all magnets were
inside the target range.

External perturbations to the Homeostat come in the formxtéraally induced dis-
placements of one or several of the magnets on the four urtis target variables of the
system are the angular deviations of the magnets. Someripatians to a magnet will
act on the underlying circuitry so that the system falls tew mattractor with all magnets
in bounds, and homeostasis is maintained. Some other patioms will lead to system
instability with some magnets out of bounds, i.e., a lossarh@ostasis. The latter case
will activate the uniselector to choose new values for thiepiiometer/commutator set-
tings of the affected unit, which may alter the propertiethef circuit so that all magnets
are returned to their target ranges and homeostasis isedsto

The simulated Homeostat presented in Chapter 2 behavesadyntid the original



Chapter 14 238 General theory

Fixed circuitry
and
external
perturbations

If magnet
Uniselector out of
setting bounds,
randomly
select
new
setting

Figure 14.1:The original Homeostat is a first order plastic homeostataptive system. Fixed circuitry
and external perturbations combine with the current uaigel settings to determine the angular deviations
of the magnet mounted on each unit. If a magnet is outsideatigettrange, a new uniselector setting for
that unit is chosen at random.

Homeostat. Here the target variables are the activatiomegalor each unit, which are
determined by the network structure, connection strengthg unit transfer function pa-
rameters. Perturbations come in the form of external injgunads to each unit. Some per-
turbations can be accommodated by the simulated Homeogtetutvany loss of home-

ostasis, but others cause activation of one or more unit® toug of bounds, triggering

the random generation of new connection strengths andfénafusiction parameters for

non-homeostatic units.

Applying our definitions to both the original and simulatedrieostats, we see that
they are both first order homeostatic adaptive systems. batgydisplay plastic homeo-
static adaptation, and there are different homeostatithf@ek loops regulating each unit
so that the whole 4-unit system has multiple interacting déostatic subsystems. The
simulated Homeostat also has two different regulatory raeidms active on the same
target variable, which are the two mechanisms for reassggoonnection strengths and
transfer function parameters. We can therefore draw thgraias of causal effect shown
in Figures 14.1 and 14.2.

It is interesting to note that the decision of where to drae ltlhundary between the
reacting part of the system and the environment seems vbityaay. External perturba-
tions are clearly part of the environment, and the curreigelactor setting is clearly part
of the reacting part, but other parts are harder to ascrileaéoor the other. For example,
the fixed circuitry of the Homeostat part of the environmema part of the reacting part?
Here we will adopt the principle that the reacting part cetssof those parts of the system
that determine the type of behaviour the system producekthet the environment con-
sists of everything between the reacting part and the dateatiables. This refinement



Chapter 14 239 General theory

Network topology,
update equations, |

Node

activations

external inputs

|

A J l

TTi;ﬂE;i;;ﬁgon If activation Ifagﬂ:z?on
and out of bounds
connection bounds, randoml
strengths randomly reassigny
i REEETI transfer
connection h
strengths function
parameters
[ \

Figure 14.2: The simulated Homeostat is a first order plastic homeostataptive system with two
homeostatic feedbacks. Network topology, update equaaod external inputs combine to determine the
activation of each node. If activation of a node is out of gjradaptive mechanisms randomly reassign
transfer function parameters and afferent connectiomgthes for that node.

of the definition treats the environment as a black box whiahverts the current state
of the reacting part into a set of values for the essentiahisgs. Hence the reacting
part in the original Homeostat is the uniselector, and therenment consists of all the
fixed circuitry and any external perturbations. In the siatetl Homeostat, the reacting
part is the current set of connection strengths and trafsfetion parameters, while the
environment is the fixed set of network update algorithmsamdexternal inputs.

14.4 Case study 2: Homeostatic plasticity in neural net-
works

We applied homeostatic plasticity to continuous-time regnt neural networks (CTRNNS)
in the form of two different mechanisms that were activatdeeneural firing rate was
too high or too low. These mechanisms were local (in that Hetgd on the parameters
of the non-homeostatic node) and directed (in that theyydwhanged parameters in the
correct way to move firing rate towards its target range). Syreaptic scaling mechanism
caused a linear scaling of afferent connection weights tewaan so that input caused
more or less excitation, while the adaptive bias mechanisamged the bias term so that
the neuron was inherently more or less excitable. Both Symapaling and adaptive bias
were effective in acting on node parameters so that extreing fates were counteracted
and firing rate homeostasis maintained.

The target variables in this system are the firing rates ohtites, with a target range
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Figure 14.3 Homeostatic feedback loops in homeostatic plastic CTRNH¢sneostatic plastic CTRNNs
are first order plastic homeostatic adaptive systems withregulatory mechanisms: synaptic scaling and
an adaptive bias term. The current set of connection weigihtsbias terms combines with the network
topology and update equations to determine the firing ratdsemodes in the network. If the firing rate of
a node is too high, afferent connection weights are scalesh@md the bias is increased, reducing the firing
response. If firing rate is too low, weights are scaled up dad teduced, making the node more likely to
fire.

(e.g. [0.3,0.7)) that is a subset of the full rand®, 1] permitted by the sigmoidal form
of the CTRNN transfer function. Perturbations to a CTRNN tdke form of external
input signals applied to the nodes. After initialisatidmerte is a transient period in which
homeostatic plasticity acts on network weights and biassego that the activity of each
neuron is brought inside the target range. After this tramsimost input signals will
not cause activity to go out of bounds and there is no paransbnge during normal
operation. However, certain input signals will lead to eats of activation where neural
activity goes out of bounds, at which point the homeostaastc mechanisms will act
so that activity is returned to the target range.

From our definitions, we can state that a homeostatic pl&¥ERNN is a first order
homeostatic adaptive system and that it displays plasaptation. There are multiple
homeostatic subsystems regulating the activity of eacthefriodes. Synaptic scaling
and adaptive bias are two alternative types of regulatorgh@eism acting on the same
variables with the same target range. A diagram of causatefbr a network with both
mechanisms active is shown in Figure 14.3. Again the divisietween environment and
reacting part seems somewhat arbitrary, but following tivecple that we applied to the
Homeostat we assign the current set of network weights aasltbrms to be the reacting
part and the set of network update equations and externalsnp be the environment.

The complexity of biological neuronal networks compare@€#RNNs makes it hard
to draw any conclusions concerning the nature of homeasgddisticity in biological
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nervous systems from our results in this thesis, but a sirstaeme to that shown in
Figure 14.3 might apply.

14.5 Case study 3: Homeostatic regulation of the envi-
ronment by the biota

Since the different models (Daisyworld and Flask) that ascdbed in this thesis are
different in nature from each other and from the Earth systieat inspired them, each
will be treated separately.

14.5.1 Daisyworld

Several versions of the Daisyworld model were examinedclwhvere variations on a
basic scheme where daisies compete for living space on @#&btandscape. Each patch
contains a single daisy species or bare earth, and its irggalbedo affects the amount
of solar heat radiation it reflects and hence its local teipee. Daisies may colonise
bare neighbouring patches, with the possibility of mutatd daisy albedo and/or pre-
ferred growth temperature during this reproductive precdscological competition and
evolution result in regulation of global temperature.

Since some versions of the Daisyworld did not display anyleQry properties, they
are not candidate homeostatic adaptive systems. Here Weaeklonly at the Daisyworld
scenarios where homeostatic regulation of global temperatias observed. The target
variable of the Daisyworld system is always global tempergtwith perturbation taking
the form of a steadily increasing level of solar luminosity.

14.5.1.1 Two-species Daisyworld

The behaviour of the Daisyworld system in this scenario mshin Figure 10.2 and
described in Chapter 10. When the Daisyworld is configured mitte black and pure
white daisy species only, with no mutation, regulation sstecause of a shifting balance
between the sizes of the black and white daisy populationis. Balances arises as a result
of competition between the daisy species for living spand,iateraction between daisies
and their environment.

The two-species Daisyworld is a first order homeostatic adagystem, but in this
case the adaptation is elastic. Regulation is achieved lafaamte between two species
that are always present in the world; it is the relative sizetheir populations that de-
termine temperature. Population sizes tend assymptigtitwafixed values for any given
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Figure 14.4:The two-species Daisyworld is a first order elastic homeizstalaptive system. If global
temperature is higher than the optimum level for growth,teviiaisies are have a higher growth rate than
black daisies; vice versa when global temperature is lothan the optimum. Ecological dynamics deter-
mine the population sizes of the black and white daisy spe@ibich in turn combine with solar forcing
to determine the global temperature. Differences in grawth affect the ecological dynamics, leading to
temperature regulation.

level of external forcing, so in the limit the state of theteys is determined entirely by
current conditions. Therefore any changes in populatinesscaused by a change in ex-
ternal forcing will persist only as long as that level of fiorg continues, and changes are
reversible. The system displays elastic homeostatic atlaptsince changes in response
to a change in forcing do not persist.

We can draw the diagram of causal effects for the two-spdoesyworld that is
shown in Figure 14.4. A deviation in temperature away from diptimal level for daisy
growth creates an advantage for one species over the othteistbxpressed as a higher
growth rate for the species most suited to the current teatpes. Daisy ecology alters
the balance of population sizes, which in turn moves thealtdmperature towards the
optimal level.

14.5.1.2 Evolutionary Daisyworld

Short-term regulation occurs in the evolutionary Daisyi@cenario (see Figures 10.3,
10.6, 10.7 and 10.10, and discussion in Chapter 10) in a simds to the two-species
model. Ecological interaction and competition betweefediint daisy species results in
a balance of population sizes that gives a global mean albefficient to move global
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Figure 14.5:The evolutionary Daisyworld is a second order homeostakiptive system. Ecological in-
teractions form a first order elastic homeostatic adaptigelmanism which can regulate small perturbations
to global temperature. Larger perturbations create an ppity for new species to enter the world and
contribute to regulation. Evolutionary adaptation thugrfe a second order plastic homeostatic adaptive
mechanism that acts on the parameters of the first ordergcalanechanism.

temperature to the optimum for growth.

In the two-species model there are only pure black and puriéevadaisy species,
meaning that while it is possible to regulate the global terajure, the local growing
conditions for each daisy species is often non-optimal Aeccombined population size
rarely reaches carrying capacity (see Figure 10.2 in Chd@gr In the evolutionary
Daisyworld, mutation continually adds new daisy speciethédaisy ecology, meaning
that there is usually some variant that can create optineal lmonditions for growth, with
the global benefit of also regulating the global temperatlites means that the popula-
tion size often reaches carrying capacity in the evolutipizaisyworld when regulation
occurs (e.g., Figure 10.3).

Regulation against small perturbations is performed byoggcal interaction, since
for a small change in external forcing it is possible for ojes in population sizes of
existing species to maintain the global temperature at gienal level. This creates a
homeostatic adaptive system where the regulatory meahasipurely ecological. Evo-
lutionary change does not play a part in regulation agaiest small perturbations, since
at a fixed level of solar luminosity there will typically be eall number of dominant
species which are well suited to current conditions and aditiye exclusion prevents
other species from gaining a foothold in the world.

However, if solar luminosity changes beyond a certain paire current set of daisy
species is unable to keep global temperature at the optirougréwth by purely ecolog-



Chapter 14 244 General theory

ical means and homeostasis is lost. The current specie® doeger so well suited to the
conditions and become less competitive, creating an oppitytfor new daisy species.
New species are being constantly created by mutation, andafiant occurs that is well
matched to the current conditions it will rapidly multiplgince such a species would nec-
essarily have an effect that brought global temperaturatdsithe optimum for growth,
this will restore homeostasis.

The ecological regulatory mechanism is a form of elastic @ostatic adaptation for
the same reasons that the two-species Daisyworld modelivasges in population sizes
do not persist. The evolutionary regulatory mechanism, dvar is a plastic homeo-
static adaptive mechanism, since changes in the specigsosition of the Daisyworld
are persistent until over-written by further evolutionatyange. Changes in species com-
position also display hysteresis, since the current spamenposition depends not only
on the current conditions but also on the recent history efdfistem. Also, since the
evolutionary mechanism changes the species which cotestite ecological mechanism,
the evolutionary Daisyworld displays second order honasist The evolutionary home-
ostatic mechanism acts on the parameters of the ecologieahamism when the eco-
logical mechanism alone is unable to regulate the globapésature. The evolutionary
Daisyworld thus fits the scheme shown in Figure 14.5.

This homeostatic adaptive system becomes a homeorhefth\aaystem in the sit-
uation where regulation occurs but where there is variethénpreferred temperature for
growth, i.e., when there are two possible growth functidfigres 10.7, 10.8 and 10.9) or
when preferred growth temperature adapts more slowly thzeda (Figure 10.10). Here
regulation at any particular point in time occurs aroundrgig growth function (with a
single preferred temperature), since it is easier to usedallho regulate temperature than
to adapt the growth function to current conditions. The ea@f regulation may change
however, if a change in external forcing occurs that is lasgeugh to make the current
target growth function un-competitive. At this point thevél be a rapid switch to a new
growth function and regulation around a new preferred ghawmperature.

The homeorhetic adaptive system will display short permidsomeostatic adaptation
around each preferred temperature, which over longer tales gives a stepped progres-
sion in global temperature (as seen in Figures 10.7, 10.9,drfd 10.10). This process is
classified as homeorhetic adaptation because the set poumdawhich regulation occurs
Is subject to change.
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14.5.2 Flask model

The Flask model consists of an array of flasks, each contamimicrobial community
and receiving a steady chemical flux. The effect of the mi@obommunity on the
abiotic environment of a flask determines the growth ratéefrhicrobes, creating a bi-
directional feedback between the biota and their enviroim®lulti-level selection en-
abled by the spatial structure of the model may lead to theugwao of flask communities
that regulate their environment to the optimal conditiomsrhicrobial growth.

It has yet to be demonstrated that the Flask model displaygbstasis, and for this
reason we are unable to analyse it as a homeostatic adaysiess but the Flask model
as described contains the necessary ingredients for hdatiecadaptation. The essential
variables of the Flask system are the vectors specifyingctimposition of the abiotic
environments in each flask, and there are are target rangtsefie defined by the ranges
within which microbes can grow and reproduce. There are etyaof adaptive mecha-
nisms in the model, which include ecological dynamics witAnd between flasks, and
selection pressure at the individual level and at the lef/ét® flask community. Pertur-
bations to the essential variables come from within thekRlesrld in the form of genetic
drift at the individual level within flasks, and from the irstan and colonisation dynamics
between flasks.

However, any further speculation on the Flask world as a losta¢ic adaptive system
would be pure conjecture and we will stop at this affirmatibthe necessargonditions
for homeostatic adaptation within the Flask model. Furtealysis can be performed
only when the Flask conditions have also been shown teubigcientfor homeostatic
adaptation to occur.

14.5.3 The Earth system

Both Daisyworld and the Flask model are intended at somd teviee models of how
environmental homeostasis might be maintained by the matamanner consistent with
evolutionary theory. However, by necessity and design Ipobldels are hugely simpli-
fied in comparison to the real Earth system, and this mearnsihah caution must be
exercised in seeking to draw conclusions from these mod®isarning the dynamics
of the biosphere. Nonetheless, with this caveat in placeantbe argued that if Daisy-
world and/or the Flask model are good models of the Earthegaysit some level, and
are demonstrated to be homeostatic adaptive systems, thehould have the courage
of our convictions and hypothesise that the Earth systemiala homeostatic adaptive
system. It is certainly an adaptive system, by virtue of eime home for almost all
known adaptive systems, but whether or not it can be showe tmmeostatic is an open
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guestion.

14.6 Discussion

Having considered our case studies as homeostatic adagttems, we now try to build

from these examples and make general observations congdromeostatic adaptation.
In this section we look at some aspects of homeostatic agagyistems that allow them
to be differentiated and defined; our discussion here apm@imilarly to homeorhetic

adaptive systems.

14.6.1 Classification of perturbations

Perturbations to a homeostatic adaptive system can be eglanfo two categories: those
that cause a loss of homeostasis, and those that do not. éflbemeostasis will trigger a
response in the regulator, which will affect the behavidithe reacting part. This change
in behaviour may or may not result in the recovery of homesistaneaning that the class
of perturbations that cause a loss of homeostasis can bdigded into those perturba-
tions which cause a temporary loss of homeostasis thatisratovered by the action of
the regulator, and those which cause a loss of homeostagik grunrecoverable.

Let Q be the set of distinct parameter sets for the reacting pathmmeostatic adap-
tive system. Then for every parameterisatipn Q there is a sef®, of perturbations which
do not cause a loss of homeostasis when the reacting pamfigaeed with that param-
eterisation. With a se® of all possible perturbations, we can now define distincsstd
R, R andR,, that contain different sorts of perturbatioR. is the set that contains all
perturbations to the system that never cause a loss of htasen$), is the set of all
perturbations that cause loss of homeostasis for some ¢l parameterisations of
the reacting part, anBl;, is the set of perturbations that the system can thereforernev
adapt to since they cause loss of homeostasis for all pagaiseions inQ. These sets
are defined as follows:

= RURURy
R o= R
geqQ
A= UR-(PR
qeQ gqeQ

A = {RUR =R
deQ
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For example, in the Homeostat some displacements of a magihbe B perturbations
that do not cause any units to lose homeostasis. Other patioins will cause the magnets
of one or more units to go outside the target range. If a uatset setting is subsequently
found such that circuit dynamics return all magnets to tteeget ranges, the perturbation
is aP, perturbation. If there is no setting of the uniselector vahidll bring all magnets
back in bounds, the perturbation ifa perturbation. A further example ofRy, pertur-
bation is one that leads to a fundamental disruption to tls¢éesy, such as a blow from
a sledgehammer. This kind of perturbation is outside thenaboperating conditions of
the Homeostat, and there is no feature of the Homeostat'simay that can adapt to it.

14.6.2 Requisite variety

The variety of different parameterisations to the reacpag that the regulator can effect
is key to homeostatic adaptation. The set of possible pasarsations of the reacting part
determines the possible ways in which it can interact withghvironment. The variety
of parameterisations can be seen as the variety of modeteohation with the world.

The number and types of perturbations a homeostatic adepstem can adapt to is
determined by the variety of parameterisations to the megqtart, and by the effect of
different perturbations on the essential variables fohgaarameter set. Each parameter-
isationqg € Q will generate an associated set of responses to perturbatithe reacting
part. Some of these responses will lead to a homeostatiomeatcwhile others will lead
to a non-homeostatic outcome. Every parameteqseQ for the reacting part therefore
has an associated g@tof perturbations for which homeostasis is maintained, acaha-
plementary set of perturbatio@a“ of perturbations that cause a loss of homeostasis. The
process of homeostatic adaptation can be thought of agisglecsuitable parameter st
from Q so that homeostasis is maintained in the current conditiansso that the current
perturbation is a member &,

We can illustrate this concept with a simple example syst8uppose a homeostatic
adaptive system exists that is subjected to a small dissettef perturbation®, and has
a reacting part which produces discrete responses thageldependent on its parameter-
isation from a seQ. Let P = {pl, p2, p3, p4, p5} andQ = {g1,92,q3}. Each parameter
set inQ has a set of possible outcomes associated with the diffperturbations irP.
We can tabulate this scheme as shown in Table 14.1.

Looking at Table 14.1 we can see that the sets of perturlmtidnch do not cause
a loss of homeostasis for each parameter sePare- {pl, p2, p3}, Py = {pl, p2, p4}
andPy3 = {p2, p3, p4}. We can also use the table to derive the set of perturbatitwshw
never cause a loss of homeostasiBas { p2}, the set of perturbations which cause a loss
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ql 92 g3
pl O O X
p2 O O O
p3 O X O
p4 X O O
p5 X X X

Table 14.1:0utcomes resulting from perturbatiopdor different parameter setsfor the reacting part
in an example homeostatic adaptive systéddenotes homeostatic outcomédenotes non-homeostatic
outcome. Perturbatiop2 never causes a loss of homeostasis, while perturbpSaiways causes a loss of
homeostasis. Perturbatiop&, p3 andp4 all cause a loss of homeostasis with some parameter setstut
with others; the system can adapt to these perturbatiohsyfd¢ause a loss of homeostasis.

of homeostasis with some (but not all) parameter seB as { p1, p3, p4}, and the set of
perturbations which always cause a loss of homeostasig as { p5}. We can observe
that these sets accord with the rules for the membersh &f; andR,, that were stated
above in Section 14.6.1.

Successful maintenance of homeostasis in a homeostat&rsgepends on sufficient
variety in the responses of the regulator, in accordande Ashby’s Law of Requisite Va-
riety [6]. For every perturbation, the interaction of theacéng part with its environment
and the perturbation will determine the values of the essevdriables. For homeosta-
sis to be maintained against a perturbation there must bede mbinteraction for the
reacting part which leads to a homeostatic outcome for teegtibation. The variety of
modes of interaction is determined by the variety of resperaf the regulatory effector
mechanism, so that variety in the response of the effecteraines the variety of pertur-
bations that can be adapted to. The example given above issestd perturbations and
responses, but the same principle applies equally to hamateosmechanisms involving
continuously varying perturbations and responses.

14.6.3 Relation between first and second order systems

Second order homeostasis acts on the parameters to a fiestlwrheostatic regulator,
which in turn acts on the parameters of the reacting part afradostatic system. This
means that the variety of perturbations which a second aigltem can adapt to depends
not only on the variety of responses in the first order regujdiut also on the variety in
the second order regulator.

We can illustrate this concept with another simple exampitesn. Retaining our
notation from the previous section, suppose a second oaaebstatic adaptive system
exists that is subject to a set of perturbatiéhsLet the reacting part responses depend
on the its parameter sgf which is selected from the set of possibiliti€sby the first
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(a) First order regulator parameteri- (b) First order regulator pa-
sation Q1 rameterisation Q2
gll1 ql2 gi13 g21 q22
pl @) @) X pl X X
p2 X X X p2 X @)
p3 O X ©O p3 O X
p4 X X X p4 X X

Table 14.2:0utcomes resulting from perturbatiopdor different parameter setsfor the reacting part

in an example second order homeostatic adaptive sysDetenotes homeostatic outcomegdenotes non-
homeostatic outcome. There is one table of outcomes for efttte first order regulator parameter sets
Q1 andQ2. Perturbationpl, p2 andp3 can be adapted to by the combined effects of the first anchdeco
order regulators, since there is an entry in at least oneefdhles that gives a homeostatic outcome for
these perturbations. The system can never adapt to petiturh@l, since neither parameterisati@i or

Q2 allows the first order regulator to adapt to this perturdyati

order regulator. Furthermore, let the §¢be selected by the second order regulator from
another seR of parameterisations to the first order regulator. Pet {pl, p2, p3, p4},
R={Q1,Q2}, Q1= {gl1,g12gl3} andQ2 = {g21,922}. We can tabulate this scheme
as shown in Table 14.2.

Looking at Table 14.2 we can see that the sets of perturlsatuiich can be adapted to
by the first order regulator in each of its parameterisatiQhsindQ?2 arePy; = { p1, p3}
andPq, = {p2, p3} respectively. We can see from the table that for the wholtesysall
of the perturbations cause a loss of homeostasis in at leasbiQl or Q2, soR = 0,
the empty set. The set of perturbations that cause a tenyplass of homeostasis but
can be adapted to B, = {pl, p2, p3} since there is a response in at least on&®bfor
Q2 that gives a homeostatic outcome for these perturbatitaide 14.2 also giveR, =
{p4} since there is no response in eitligt or Q2 that gives a homeostatic outcome for
perturbationp4. We can observe that these sets accord with the rules fonéinebership
of B, R, andR,, that were stated above in Section 14.6.1.

Homeostatic adaptation in the second order homeostattigdaystem involves the
selection of an appropriate reacting part response by teiediider regulator, which may
in turn require a change of first order parameter set by therskorder regulator. In our
example, the first order regulator cannot adapt to pertiobal2 when in parameterisa-
tion Q1 since none 0§11,g12 g13 gives a homeostatic outcomep®. In this situation,
the second order regulator would re-parameterise the fidgraegulator with parame-
terisationQ2, allowing the first order regulator to choog22, which gives a homeostatic
outcome.
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14.6.4 Parameter selection mechanism

Itis not sufficient only forQ to contain a parameter set that leads to the recovery of home-
ostasis, since there must also be a mechanism for selebahgdlue. In the Homeostat
this mechanism is random selection, whereas in the honteoptastic neural networks
parameters are changed according to a continuous direadetianism. In the Daisy-
world models, population size changes according to a gregthation, while evolution-
ary change occurs as random mutations.

Different mechanisms for changing the parameters of thetirgapart will have dif-
ferent implications for adaptation. Random selection af values is likely to be slow
but has the advantage that it will eventually find a suitall@meter set if one exists. Di-
rected mechanisms are likely to be quicker, but have a dé&s#dyge in that they may make
certain parameter sets inaccessible at certain timescirgglthe scope for adaptation.

14.6.5 Organisation death and essential variables

Ashby’s definition of essential variables considers thenthasvariables related to sur-
vival; if homeostasis is lost in an essential variable thes $ystem cannot be said to
survive in its original state. In the Homeostat, the esséntriables are defined as the
angular deviations of the magnets, with a target range-4#°. However, there is no

concept of survival in the Homeostat, since the Homeostanatadie. This raises the

guestion of what the essential variables in the Homeosadlyreignify.

If the system is defined as having certain essential vasadhel then a perturbation
causes a loss of homeostasis in these essential varididaghe system so defined ceases
to exist. In the case of the Homeostat, the system that ‘dibeh this occurs is a particu-
lar form of organisation; it is the Homeostat with its curraniselector settings. A loss of
homeostasis triggers a ‘death of organisation’, but the dastatic adaptive mechanism
immediately causes the ‘birth’ of a new form of organisation

The physical form of the Homeostat can be seen as the substrahich a succession
of different organisations are created and then destrdyadh form of organisation (each
instantiation of the reacting part with a particular set afgmeters) survives until such
a time as a perturbation causes a loss of homeostasis intiabs@niables (pushes a
magnet out of bounds), at which point a new form is createces&Hforms may survive
only fleetingly, for instance if a new form is created whicledmot restore homeostasis.
Figure 14.6 shows organisation death and succession agmatib diagram.

The idea of organisation death resulting from a loss of h@tasis in a plastic homeo-
static adaptive system is general, and does not apply jtis¢ tdomeostat. The Homeostat
was chosen as an illustrative example because of the clstamalion between different
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Figure 14.6:Organisation death and succession in the Homeostat. Bifféfomeostat organisations
(different parameterisations) are arbitrarily compreste a single dimension, as are different perturba-
tions. Each circle represents the creation of a new orgaoishy the choosing of a new uniselector setting.
This organisation persists for a time shown by the attachwtzdntal line. The vertical lines represent
perturbations to the Homeostat, which sometimes causes afde®meostasis (short vertical tail to horizon-
tals line). A loss of homeostasis represents ‘organisaligath’ and is succeeded by a new organisation.
Organisations can be short-lived or long-lived dependimghe perturbations they experience.

Time

forms that results from its discrete step-changes in patemsiebut the concept also ap-
plies to continuous parameter changes.

14.6.6 Learning as second order homeostasis

Organisms are homeostatic adaptive systems. The conchphwostasis was originally
developed to describe the set of processes by which livimgshregulated their internal
environment so that they continued in a living form. At thersof this thesis, in Chapter 1,
we looked briefly at physiological homeostatic mechanisarsémperature and blood
glucose regulation, which by our definition are elastic hostatic adaptive systems.

The active behaviour of an organism can contribute to theteaance of homeostasis.
Animals, birds, fish, insects and various micro-organisthggeract purposefully with
their environment in order to satisfy needs such as hungeuirst, i.e., to regulate certain
internal variables. We can consider a fixed pattern of behavas a first order elastic
homeostatic adaptive system.

Some kinds of organism, such as mammals and birds, can alddyntioeir pattern
of interaction with the environment by learning. These oigas make long term and
persistent changes to the way they behave, in addition tshlbe term changes that
occur as they attend to different needs. Learning can beae#re process by which the
organisation of the animal changes from a hon-adaptive taptive state. This process
involves successive changes in organisation, each imglthe ‘death’ of one form of
behaviour and the ‘birth’ of another. Each change is cauged lbss of homeostasis in
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one or more of the essential variables associated with thavieur-producing part, but
this does not imply a loss of homeostasis in the essenti@hlas associated with life.
Through separation of the essential variables of the behayroducing subsystem from
the essential variables of life, an animal may learn by agss®f plastic homeostatic
adaptation, without dying in the attempt.

Since the behaviour-producing subsystem of an animal isicatpd in homeostatic
regulation of essential variables related to the survifadhe organism as a living sys-
tem, and since learning acts on the parameters of the behgwioducing subsystem,
learning is a form of second order plastic homeostatic adegpt (cf. Ashby [7] and Di
Paolo [46, 48]). The essential variables that are involveithé learning mechanisms can
be the same as those which determine the overall survivakeobtganism, since the nec-
essary separation between a loss of homeostasis trigdeangng and a loss of home-
ostasis meaning death can be achieved by making the horeoataye for the essential
variables for the learning mechanism wider than that fovisat.

14.6.7 Evolution as second order homeostasis

Here we argue that in a similar way to how learning can be vitaga form of home-
ostatic adaptation [7, 46, 48], evolution can also be seenspecial case of homeostatic
adaptation. The survival of an organism depends on the erante of homeostasis in the
variables essential for life; failure to do so means deatte physiology and behaviour
of the organism can be seen as a system for maintaining hoaseos the face of per-
turbations that are either generated internally (such agéw thirst or old age) or come
from the external environment (such as extreme conditionsedation). The organism
(and its form of organisation) will survive as long as it caat@mmodate perturbations
without losing homeostasis. This view of an organism as adindger homeostatic adap-
tive system implies a view of evolution as a second order mgamechanism acting on
the parameters of the first order regulator.

Here the organism is seen as a homeostatic system with a figadisation deter-
mined by its genetic code. Lifetime learning is seen as agidite homeostatic organisa-
tion, since it does not alter the genetic code. Reproducti@am organism also reproduces
its genetic code and hence its organisation, i.e., the mbaearganism’s interaction with
the world is reproduced in its offspring, along with its plogd form. Mutation and re-
combination play the role of mechanisms for altering theapaeters of the organisation
from generation to generation. Some forms of organisatibiroe better at withstanding
perturbations than others and will therefore survive longdso, some forms of organ-
isation will be better than others at reproducing themselw&'e would expect forms of
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organisation that are good at surviving and good at repriodito proliferate.

Selection pressure takes the role of the second order haateasdaptive mechanism,
allowing variations of the first order regulator that maintaomeostasis to prosper and
removing variants that do not. Reproduction adds new iddizis to the population and
(by mutation) suggests new variants of the first order systenplicitly, this considers
a population as a vehicle for perpetuating a certain kindomhéostatic organisation and
adapting that organisation to changes in the environmdmtsd& changes (which may be
due to environmental or coevolutionary change) are expeeé as new kinds of pertur-
bation to the first order homeostatic system, which will @ssme of the variants of the
organisation to fail but allow others to maintain homeastasd continue.

Tracing any lineage through evolutionary history givesk-strand progression that
looks very similar to the progression of the Homeostat shmwigure 14.6. The process
of evolutionary adaptation can be seen as a process of inmgrtive organisation of the
homeostatic system so that it can accommodate a greateg ngerturbations from
the environment. If we make the assumption that a lineageafessive organisational
forms can be seen as repeated instantiations of differeanpeerisations of the same
underlying structure, we have a process of temporally elddrhomeostatic adaptation.
The homeostatic adaptor is not an identifiable physicatye(itke the uniselector in the
Homeostat) but it instead an iterative process of variagioth selection.

The view of evolution described above can be likened to tloegss by which the
Homeostat deals with perturbations, but one in which margmidostats’ adapt in par-
allel. Where the Homeostat is a substrate in which differeniné of organisation are
serially created and destroyed, a population is a subtnateatlows many forms of a cer-
tain kind of organisation to adapt in parallel. The evolataf the population is similar to
a parallelised version of the trial-and-error adaptatibthe Homeostat.

14.7 Conclusion

In this chapter we have considered the case study systesernped in this thesis as home-
ostatic adaptive systems. We have found that both the afiglomeostat and the simu-
lated Homeostat are first order plastic homeostatic adagirgtems, as are homeostatic
plastic CTRNNSs. The two-species Daisyworld model is a firgieorelastic homeostatic
adaptive system. The evolutionary Daisyworld model is @sdorder homeostatic adap-
tive system, in which evolutionary adaptation performssptaadaptation on the elastic
first order ecological regulatory mechanism. More specowght, we have suggested that
the Flask model and the Earth system contain the necessangarents to be homeo-
static adaptive systems, but pointed out that these systamesyet to be shown to display
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homeostasis.

In the latter section of the chapter we have looked at horadosadaptive systems
more generally. It was noted homeostatic adaptation is @gsof selecting an appropri-
ate parameterisation for the reacting part so that the stiperturbation does not disturb
homeostasis, and that the variety in both the reacting paktlze regulatory mechanism
determine which perturbations can be adapted to and whizhotaThe interpretation of
essential variables in terms of system survival was dismissend we argued that home-
ostatic adaptation involves ‘organisation death’ triggeby loss of homeostasis in the
target variables. This view led to a way of thinking aboutlbgical learning and evolu-
tion as forms of second order homeostatic adaptation.

The stated intention of this chapter (and the thesis as aeyia@s to work towards a
‘general theory of homeostatic adaptive systems’. Here aue Ipresented a framework
for categorising different kinds of homeostatic adaptiystem, which we have applied
to the case study systems covered in the earlier parts ohédsest However, the question
remains of whether we have made any progress towards cotisga unified theory. We
have proposed a method of characterising homeostaticiaeaystems that allows us to
construct a taxonomy of the different forms that homeostadiaptation can take, and this
is a valuable first step in the construction of a grander thebtowever, good theories
make predictions, and the framework for characterisatidmoneostatic systems that we
have proposed cannot be said to have any predictive powethiforeason we feel that
we have fallen short of creating a general theory.

The utility of considering certain kinds of systems as hostatic adaptive systems
lies in the way it can guide our exploration of their behaviowhere we observe con-
stancy in the face of perturbation, we should look for regataand homeostasis. Where
we see homeostasis, we should look for homeostatic adaptalti we can ascribe dif-
ferent parts of an observed system to different roles in thadostatic adaptive system
framework, we can move forward to a better understandingstesn behaviour.
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Conclusion

15.1 Overview

In this final chapter we briefly summarise the material of ®&itio V, before drawing
some final conclusions from the thesis as a whole.

15.2 Part I: Introduction

Chapter 1 began with an anecdote about different ways of agggltemperature in the
home, which led into a statement of the main theme of thisghé&®meostatic adaptive
networks. The concept of homeostasis was introduced withed listory of the idea
and a few examples of homeostasis from physiology, ecologyggnetics. The idea of
homeostasis as an organising principle that could play ammaile in the determination
of system behaviour was then discussed. A contrast was nmetdedén the traditional
‘adjective’ view of homeostasis and the ‘verb’ viewpoingaed for in this thesis. Here
we treat homeostasis as a dynamic process shaping systefogleent.

Different forms of homeostatic adaptation were identifiethistic homeostatic adap-
tation (where the system returns to its original state afti&apting to perturbation), and
plastic homeostatic adaptation (where the changes madeddaptation are persistent).
After this informal discussion, some more rigorous defonis were given for homeosta-
sis, elastic and plastic homeostatic adaptation. More t&xrgchemes were described,
such as systems with multiple homeostatic feedbacks, tersgswvith second order home-
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ostatic adaptive mechanisms. These definitions wereréltest with examples from a toy
model of a minimal homeostatic system.

The research aims of the thesis were then identified. These the study of three
homeostatic systems as case studies, followed by an alistratkey properties from the
case studies to build a general theory of plastic homeostaiptation. The three case
study systems were briefly introduced: the Homeostat, heta&o plasticity in neural
networks, and environmental regulation by the biota. Thention was stated to study
each system as an independent piece of research, befargtttg to compare and con-
trast the different systems in the final section of the thesis

Part | concluded with a few comments on simulation modelhmgthodology and a
plan of the thesis layout.

15.3 Part ll: The Homeostat

The first case study system was the Homeostat. The originaiddetat was an elec-
tromechanical device constructed by Ashby in the 1950s tocshestrate the principle of
ultrastability. Ashby wanted to explain learning and ad#ipth in mammals, and sug-
gested a theory where the target of learning was homeostiasssential variables related
to survival. Such a system could be created if the system \t@stable to begin with; if
its stability required all essential variables to be in hostasis and exploratory parameter
changes were triggered when homeostasis failed.

In Chapter 2, we developed a simulated Homeostat that wasretiff to the original
Homeostat in mechanism, but which operated along simileacijmles. The simulated
Homeostat consisted of a number of units connected in a @dhynected network ar-
chitecture, with the activation of each unit determined tygut from the other units and
itself. If activation went outside a prescribed range, mndhange was triggered in af-
ferent connection strengths and transfer function pararseflThe simulated Homeostat
was ultrastable, reliably converging to stability with atides in bounds. We showed that
the time taken for convergence to stability after initiatisn varied inversely with the
number of units and with the tightness of the target rangadtivation. We also showed
that the simulated Homeostat could adapt to perturbatiotisa form of external inputs
to the units and that it could be used for simple control tasks
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15.4 Part lll: Homeostatic plasticity in neural networks

Part Il of the thesis described the development and agmitaf homeostatic plastic
mechanisms in neural networks for robot control. The aimsev@improve evolutionary
and neural robotics methodology by determining the progeuf this novel mechanism,
and if possible to gain insight into the role of neural hontasis in biological nervous
systems.

Chapter 3 gave the necessary background for this study. &woéwy and neural
robotics were introduced, with particular emphasis on icaus-time recurrent neu-
ral networks (CTRNNS) for robot control. Some issues with élielutionary design of
CTRNN controllers were discussed, in particular the probtdmode saturation. Node
saturation occurs when the range of input to a neuron isrelitteehigh or too low, lead-
ing to hyper-excitation or quiescence respectively. Naateration means that much of
CTRNN-space contains inert and unresponsive networks that@ suitable for use as
controllers.

Chapter 3 also gives a brief overview of homeostatic plagtiai biological nervous
systems. Homeostatic plasticity has recently been idedtds an important mechanism
in the brain, and involves the regulation of neural actiayya variety of mechanisms.
The overall functional effects of homeostatic plasticitg ancertain, but it is thought to
play a role in counter-balancing the positive feedbacke@ated with Hebbian learning.

Prior to the work presented in this thesis there have beerafesmpts to incorporate
homeostatic mechanisms into artificial neural network#h wiose that exist either being
based around Ashbyan homeostatic adaptation or being flamteeir execution. There
is thus a useful contribution to be made by a principled stfdiie effects of biologically
inspired homeostatic plastic mechanisms in artificial aknetworks.

In Chapter 4 we developed homeostatic plastic mechanisnusé&in CTRNNSs. First
of all, we identified the generic properties of the biolodjicameostatic plastic mecha-
nisms most suited for implementation in CTRNNs. Then we @erisimple mathemati-
cal forms for two different plasticity rules, one which ingphented synaptic scaling and
another based on an adaptive bias term. These rules wernedpplheuron parameters
when firing activity was too high or too low.

The utility of these mechanisms for preventing node satumatas explored in Chap-
ter 5. The nature of the constraints imposed on the CTRNN bynitlasion of home-
ostatic plasticity was explored analytically, before sosimaple experiments were per-
formed to demonstrate that homeostatic plasticity willamove a CTRNN away from
saturation and towards a non-saturated constraint-gagsfegion of parameter space
(though external perturbations and initialisation coiodis might prevent this region from
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being reached).

The effects of homeostatic plasticity on network behaviware examined in Chap-
ter 6, which looked for effects at the levels of node, netwarkl agent. It was found
that homeostatic plasticity makes nodes and networks nemrgts/e to input, and allows
signals to propagate much further through a network. At tprenalevel this makes the
coupling between agent and environment much stronger,haliagss demonstrated using
a simple simulated photo-sensitive agent. Homeostatstipiey also makes networks
more likely to display oscillatory dynamics.

It was noted in Chapter 6 that adding homeostatic plasticiy@TRNN makes a qual-
itative change to the dynamics of the system. While homaogtédsticity used purely
as a developmental mechanism (i.e., applied for a periodtzamd switched off) has the
effects described in the preceding paragraph, leavingdheelostatic plastic mechanisms
active adds new properties to the network. Slow oscillatiare possible in a single node
(when the plasticity is unable to find a stable attractor waithivation in bounds and con-
tinually overshoots), and a new slower timescale is addeetwork dynamics.

Chapter 7 studied the utility of homeostatic plasticity fmprroving the evolvability of
CTRNNSs for robot control. A series of experiments was perfedrto test whether the ap-
plication of homeostatic plasticity to CTRNNs would lead tomarapid or more reliable
evolution of good robot controllers. A test platform was eeped in which a simulated
agent oriented its movement using an array of distance semsorder to successfully
catch a falling object or discriminate between differerads. CTRNN controllers were
evolved with homeostatic plasticity used either as a dg@ratntal mechanism, or as a
continually active mechanism. Results were compared t@#émormance of standard
non-plastic CTRNN controllers.

The results of the evolutionary experiments were incongtus When homeostatic
plasticity was used purely as a developmental mechanisng amprovement was ob-
served in the speed of evolution of good controllers for ohthe tasks, and a lesser im-
provement on the other task. When the plasticity was lefracthe speed and consistency
of evolution were improved, but there was a reduction in ttienate level of performance
achieved. A comparison with the evolutionary performanteemtre-crossing CTRNN
controllers suggested that the improvement offered by lusta¢ic plasticity stemmed
largely from its ability to move networks towards the belwawnirich region of parameter
space around the centre-crossing condition.

The mixed set of results suggested that more evolutionalg tivere needed to con-
clusively establish the utility of homeostatic plasticftyr improving evolvability. The
properties of increased sensitivity, improved signal pggttion, and increased likelihood
of oscillation, are often thought to be useful in adaptiv@deour, making the incon-
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clusive nature of the evolvability results puzzling. It wasncluded that the static task
environment in the evolvability trials performed had fawed the non-plastic CTRNNs

over the networks with plasticity, and that homeostatisitity might be most useful in

situations were the environment or task parameters wernecuio perturbation. Plastic

networks offer a greater optimisation challenge than niastc networks due to the in-

creased complexity of their dynamics. The static task envirent used for the evolvabil-
ity testing did not call for online adaptation and thus ndaspic controllers were easier
to evolve. However, since homeostatic plasticity activelgintains network sensitivity

and signal propagation during the network lifetime, it ntigk very useful for allowing a

robot to operate in a variety of different environments ofmtaining function in the face

of perturbations, situations where traditional non-ptasetworks would fail.

The implications of this work for neuroscience were alsa@dssed in Chapter 8. It
was acknowledged that the neural and plastic models useddnrerhighly abstracted
from their biological inspiration, so that extreme cautimoist be used when trying to
draw conclusions from these simulations concerning bicklghervous systems. With
these caveats acknowledged, it was then argued that oundmdupport the view in neu-
roscience that homeostatic plasticity could play a roleaarter-balancing the effects of
Hebbian learning. However, it was also suggested that thdtsepresented here contra-
dict the view in neuroscience that homeostatic plasticty & stabilising effect on network
dynamics. Some neuroscientists suggest that the regulaitactivity at individual nodes
will also stabilise activity at the network level, but oustdts suggest the opposite; when
the activity of individual nodes is regulated by homeostatasticity, network dynamics
actually become less stable. Since homeostatic plaspotyents node saturation, each
node is made more sensitive to input and is forced to be aativeetwork dynamics,
making the network more likely to propagate signals andldispscillations, and raising
overall levels of correlated activity.

15.5 PartIV: Homeostatic regulation of the environment
by the biota

Part IV of the thesis is a study of homeostatic regulatiorhefénvironment by the biota.
It is largely centred on Gaia theory, the idea that life reges the biosphere to conditions
suitable for life, but it is intended that more general iroptions should be drawn.
Chapter 9 presents a review of Gaia theory, from its incepéisrthe controversial
Gaia hypothesis, through to its current status as a valiid fop scientific research. Gaia
theory rests on the existence of two-way feedback betwesehitta and its physical envi-
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ronment, and states that the collective effect of individeael selection for environment-
altering traits is global regulation. The main area of comrsy over Gaia theory con-
cerns its compatibility with Darwinian evolution. Suppeng claim that the continued ex-
istence of a habitable environment on Earth in the face diigeations (such as changes
in solar luminosity and asteroid impacts) is strong evidsior the presence of regulatory
feedbacks between life and its environment. They also cthahglobal regulation can
emerge from individual-level selection without any needdonscious control. Critics of
the Gaia theory claim that it would be vulnerable to ‘chesiteihat destabilising feed-
backs are just as likely to occur as regulatory ones, andhleatontinued presence of life
on Earth is nothing more than a criterion for the evolutiorsehtient observers.

Chapter 9 moves on to describe the Daisyworld model, givingildeof the origi-
nal model and describing the various extensions to it the¢ @ppeared in the literature
since then. Daisyworld displays regulation of global terapgre through ecological com-
petition between black and white daisy species, in the fhaecoeasing solar insolation.
The Guild model is also described, which is based on simdaumptions to Daisyworld,
but includes the formation of regulating ecologies.

Chapter 9 finishes with a statement of the research aims for\Rawhich are defined
as gaining a full understanding of the conditions under Wwhiggulation will evolve in
Daisyworld and developing the Flask model, a new model wietdxes the assumptions
of Daisyworld and allows for the evolution of environmentagulation by multi-level
selection in microbial communities.

A simplified Daisyworld model is developed in Chapter 10, inieththe physics is
stripped down and an individual-based approach is usediitdée the easy inclusion of
Darwinian evolution. The simplified Daisyworld model is fitssed to replicate known
results from more conventional Daisyworld models, suchcadogjical regulation of tem-
perature by competition between black and white daisied,the failure of regulation
when the preferred temperature for growth is allowed to teufiiely. Next the model is
used to explore the importance of contraints on adaptatiothe evolution of regulation.
The main finding is that constraints on adaptation of growthgerature are essential for
regulation to occur. If there are no constraints on adapmtatif preferred growth tem-
perature, daisies simply evolve to prefer the current anthiEmperature and do not use
albedo to moderate their local environment. When two posgibéferred growth tem-
peratures coexist, competitive exclusion leads to reguiaround one of them. When
adaptation of growth function is unconstrained in rangd,dmcurs much more slowly
than adaptation of albedo, regulatory epochs occur in wtachpetitive exclusion causes
regulation around a particular growth temperature unts ihade non-viable by changes
in external forcing.
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We also found that regulation fails when two of the core agstions of the Daisy-
world model are relaxed. If daisies cannot create a locdEbaigainst the environment,
or if selfish adaptations are permitted to have a non-regul@nvironmental impact, reg-
ulation of global temperature does not occur. These assongpalso apply to the Guild
model, and it is argued that a new model is needed to studyos$elplity of environmen-
tal regulation in an evolving ecosystem where these assangpdo not hold.

The Flask model is introduced in Chapter 11 in the form of adkef its logical
structure and the assumptions it is based on. The Flask modsists of microbial com-
munities inhabiting an array of flasks, each of which is sigapWith a flow of nutrients.
Competition, reproduction, and mutation of microbes alltvespossible formation of sta-
ble ecologies in each flask. Microbes have an effect on théatia environment, which
in turn has an effect on growth, creating a double feedbatkd®n a flask community
and its environment. Limited migration between flasks afidar colonisation of neigh-
bouring flasks by successful microbial communities, and #liows the possibility of
higher-level selection on the interaction between a conityamd its environment. The
main hypothesis of the Flask model is that multi-level sidec(enabled by the spatial
structure of the Flask world) can select for communities thgprove their environment;
the global effect of this will be environmental regulation.

The assumptions that the Flask model is based on are discasfiee end of Chap-
ter 11, and in Chapter 12 some experimental modelling worlegcdbed that seeks to
establish the validity of one of these assumptions. An ewpatt is described in which
flask communities are artificially selected for the compogitof their abiotic environ-
ment. Over time, a significant response to selection is @bgedemonstrating that heri-
tability can exist between a parent flask community and itsrast offspring. The size of
the response to selection is inversely proportional to theunt of time for which each
flask community is allowed to develop before selection ocgcur

The implications of the results presented in Part IV areulised in Chapter 13. Itis
argued that the simplified Daisyworld model is useful beeatallows clear understand-
ing of the necessary conditions for regulation to occur, als because its simplicity
makes it more general than the original Daisyworld modele Tibw results concerning
competitive exclusion and regulatory epochs are also novidle Daisyworld literature,
as is the recognition of the fundamental importance of thisyweorld assumptions of a
local buffer and selfish adaptation contributing to glolegulation.

It is suggested that the Flask model can have a significaritilbotion to the Gaia
debate if it is developed to fruition, but that in its curretatus as a thought experiment
its main contribution to Gaia theory is in the hypothesisit®dies. Itis also possible that
the Flask model can be useful for studying multi-level sibecin evolutionary theory,
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particularly as its basis in microbial ecology means thatétates hypotheses testable by
laboratory experiments with real microbial communities.

15.6 PartV: Discussion

In Chapter 14 we drew together the different strands of rebganesented in the thesis and
analysed each case study system in terms of homeostatitaidap We found that both
the original and simulated Homeostats studied in Part llewast order plastic home-
ostatic adaptive systems, as were the homeostatic plastRNGE studied in Part 11l
The models of environmental regulation by the biota we stddin Part IV had different
properties. The two-species Daisyworld model was a firstioethstic homeostatic adap-
tive system, while the evolutionary Daisyworld was a secortter homeostatic adaptive
system with both plastic and elastic adaptive mechanisrs.eVolutionary Daisyworld
could also be a homeorhetic adaptive system in the casewhdtiple targets for regu-
lation existed. The Flask model and Earth system were obddovcontain the necessary
components to be homeostatic adaptive systems, but it vied titat these systems have
yet to be shown to be homeostatic.

The latter section of Chapter 14 considered some propehasgsare general to all
homeostatic adaptive systems. Homeostatic adaptatiordessibed as the process of
selecting an appropriate response to perturbation so tmaebstasis is maintained. Va-
riety of response in both the reacting part and the regulats identified as important
for regulation, since this variety determines which pdraitions can be adapted to. Some
discussion of different classes of perturbation was givering that some perturbations
never cause loss of homeostasis, while some perturbatieagscause loss of homeosta-
sis. The relationship between first and second order homsissvas examined, before
some discussion of the concept of ‘organisation death’ revhdoss of homeostasis in a
plastic homeostatic adaptive system means that the systecease to exist in its current
form of organisation. This led to some speculation thatriegy and evolution could be
viewed as second order homeostatic adaptive systems.

The remainder of Part V consists of the summary of the thésisis given in this
chapter.

15.7 Conclusion

The aim of the thesis was to study homeostatic adaptive miesntbrough the study of
three case studies. This aim has been met; we have lookeal ldbtheostat, homeostatic
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plasticity in neural networks, and environmental regolatby the biota, and drawn some
general conclusions concerning homeostatic adaptation.

Of the case studies, the most important contributions adenrathe studies of home-
ostatic plasticity in neural networks and environmentglttation by the biota. The work
on the Homeostat is valid, and useful as a didactic tool tda@xgome of the concepts
of homeostatic adaptation, but breaks little new sciengifeund. In contrast, the imple-
mentation in artificial neural networks of homeostatic ptasiechanisms based on those
found in biology is a novel contribution to the literaturehé results from this section
should be of interest to the evolutionary robotics commurahd suggest new avenues
for future research. Likewise, the work presented in sifgpig and extending the Daisy-
world is a useful contribution to the Gaia theory literatuaed the development of the
Flask model is an original contribution that may hope to arstive call for new models
in the Gaian debate.

In hindsight, the wide remit of the thesis (i.e., the studyhomeostatic adaptive net-
works) has been both liberating and problematic. While tipéctof homeostasis allows
for study of a variety of interesting systems, it has beefiadilt to study each of these
systems in sufficient depth to do useful research withoutfgang the overall aim. Other
homeostatic systems might have been studied in place of tttussen here, or a greater
number of systems might have been studied in less detail. dfle to have struck a bal-
ance between the depth of research into each case studyeahcetdth of different case
studies chosen, so that useful results were achieved framiadividual piece of work
as well as from the thesis as a whole. A major regret is thafFthsk model could not
be developed fully here, but as mentioned previously, time $pace constraints did not
allow this to be done.

Concerning the central theme of homeostatic adaptive nksyeve do not pretend
to have discovered any new phenomena or created a new thewtead we hope to
have highlighted the significance of homeostatic adapta® an organising principle
in biology (and in other systems) and to have gone some wagrttsvclarifying the
different forms homeostatic adaptation can take. Thetytif this work, as with most
cybernetic research, lies less in the new theories and igebs it produces than in the
way of thinking it puts forward. The view of systems as hontetis adaptive networks is
useful in the way it can aid understanding and suggest drector future research.
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