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Abstract. This study presents an extended model of homeostatic adap-
tation designed to exploit the internal dynamics of a neural network in
the absenceof sensory input. In order to avoid typical convergenceto
asymptotic states under these conditions plastic changesin the network
are induced in evolved neurocontrollers leading to a renewal of dynam-
ics that may favour sensorimotor adaptation. Other measuresare taken
to avoid loss of internal variabilit y (as caused, for instance, by synaptic
strength saturation). The method allows the generation of reliable adap-
tation to morphological disruptions in a simple simulated vehicle using a
homeostatic neurocontroller that has beenselectedto behave homeostat-
ically while performing the desired behaviour but non-homeostatically in
other circumstances. The performance is compared with simple homeo-
static neural controllers that have only been selected for a positive link
between internal and behavioural stabilit y. The extended homeostatic
networks perform much better and are more adaptiv e to morphological
disruptions that have never been experienced before by the agents.

1 In tro duction

The use of homeostatic neurons as the basic building blocks for evolved neu-
rocontrollers proposedin [1] provides a novel approach to modelling adaptivit y
in arti�cial systems in a way that resembles the adaptive dynamics of living
organisms.The idea behind homeostatic adaptation is basedon that of the ul-
trastable system proposedby Ashby [7]. This is a system { open to interaction
with the environment { that will tend to changeits own con�guration plastically
whenever stabilit y is lost and until it �nds a new internal dynamics which will
make the system stable under the current conditions. Such systemsare capable
of remarkable adaptation and learning. They have beenapplied to leggedrobot
locomotion [3], extendedto di�eren t typesof plastic functions [4], applied to the
study of the minimal dynamics of behavioural preference[5], and as a model of
perseverative reaching in infants (A-not-B error) [10].

In the original model, a neural controller inspired by this system was com-
bined for the �rst time with the techniques of evolutionary robotics. In this
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model, local plastic mechanismschangethe incoming synaptic weights only when
neural activations move out of a bounded region that is de�ned in advance by
the designer.Plasticit y keepsworking until the neural activations return to the
homeostatic region resulting in a \stable" con�guration in the sensethat the
network weights do not changefurther as long the �ring remains bounded. This
mechanism wasimplemented in a simulated agent evolvedwith a �tness function
simultaneously rewarding phototaxis and the maintenanceof neural activations
within the homeostatic region. The useof intermitten t plasticit y in combination
with this dual selective pressureallows controllers to evolve where an associ-
ation is created between internal homeostasisand the desired behaviour. This
association is evolved to be positive: high homeostasis goes together with good
performance. By selective design, once a neurocontroller gives rise to the right
sensorimotorcoordination within a given environmental situation in a way that
results in internal stabilit y, synaptic weight changesno longer happen and the
agent behaves as desired. If the situation changes,such as in an inversion of
the visual �eld or some other sensorimotor perturbation, this causesa break-
down of coordination. Under thesecircumstancessomeevolved agents alsoshow
a breakdown of internal homeostasisdemonstrating that someagents evolve at
least onenegative association: lack of phototaxis induces lack of homeostasis. As
this happens,the local adaptivemechanismactivatesuntil it �nds a newsynaptic
con�guration which can sustain the activations within the homeostatic region.
In theseconditions, someevolved agents are alsoable to re-form the behavioural
coordination (even if they had not beentrained to adapt to the induced pertur-
bation). Theseagents are then able to re-createa positive association: regaining
homeostasis induces a recovery of the original behavioural performances.

However, the original work has a problem in that these necessaryfurther
associations betweeninternal and behavioural stabilit y that allow adaptation to
unseenperturbations are contingent. They may or they may not evolve in the
original setup. This contingency is demonstrated by the high �tness sometimes
achieved by solutions for which, under disruption of phototaxis, homeostasisre-
mains una�ected. This problem with the method was �rst noted in [2] where an
alternativ e model more closelyresembling Ashby's homeostatwaspresented asa
proof of concept. That model, however, was limited in that it usedBraitenberg-
style controllers. Improving the method to avoid contingent solutions using dy-
namical neural networks remains an important challengeif homeostaticadapta-
tion is to be applied more widely in other areasof autonomousrobotics. In this
paper we move closer towards this aim. We proposean extended homeostatic
neural controller where neurons are biased to have a strong resting membrane
potential and an additional �tness condition rewarding not only a positive link
between homeostasisand a desired behaviour but also a negative one between
the breakdown of homeostasisand undesiredbehaviour [6].

This paper will present the extended model of homeostatic adaptation and
compareit with morebasicversionsin terms of adaptivit y and evolvabilit y. It will
be shown that agents evolved in the extendedmodel are more adaptive against
unexperiencedmorphological disruptions and random initial weight connections.
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2 Mo del

Our proposedmethod is implemented in a simulated mobile agent with a plastic
neural controller. The simulated agent is faced with a single light source.The
task for the agent is to approach the light source. This task is deliberately
simple in order to understand the basicinteractions betweenneural mechanisms,
plasticit y, homeostasisand selectionpressuresbeforemoving into more complex
applications. Certain modi�cations are madeto the original method for studying
homeostatic adaptation [1] with the aim of improving the chancesof internal
homeostasisbeing linked with performance both in the positive and negative
senses.In all cases,the set of initial weights for a neural controller is given
randomly at the beginning of a trial. This modi�ed setting makesthe task more
di�cult than the original one. The agent is expected to adapt to a suitable
weight set by the plasticit y through interaction with the environment.

Agen t. An agent is modelled as a simulated wheeledrobot with a circular
body of radius 4 and two diametrically opposedmotors. The motors can drive
the agent forwards in a 2-D unlimited plane. The agent has four light sensors
mounted at angles � � =4; � 3� =4 radians to the forward direction. Light from
point sourcesimpinges on sensorswith a local intensity proportional to the
sourceintensity and the inverseof the distancefrom sensorto source.The model
includes the shadows produced by the agent's body.

Plastic controller. A fully connectedcontinuous-time recurrent neural net-
work (CTRNN) [8] with 8 neurons is used as the agent's controller. The equa-
tions are modi�ed from their ordinary form in order to enhancethe conditions
for homeostasisto be able to activate intermitten t plasticit y. In particular, a
result to avoid is that of evolved agents capable of moving away from lights
and remaining homeostatic. The lack on sensory activation (t ypically leading
a CTRNN to converge to some form of asymptotic dynamics) should have as
a consequencea breakdown of homeostasis.As before, the local homeostatic
condition is ful�lled if a node is �ring within a speci�ed range. In the absence
of sensoryactivation, certain parameterscontrolling resting potentials, synaptic
strengths and size of the homeostatic region should be chosen as to enhance
the chancesfor evolution to �nd solutions with the desired internal/in teractive
associations. To realize it, two parameters, � and � , are added in the typical
CTRNN equationsand another parameter 
 controls the sizeof the homeostatic
region.

In addition, a common problem in plastic neural networks is that of weight
saturation. Typically, Hebbian-like rules, will tend to drive synaptic strengths
either to their maximum or minimum values.This cansometimesbeavoidedwith
the useof directional damping factors [2]. But the problem is the more general
one of lossof variabilit y. In order to expand the range of possibleperturbations
that the system can adapt to, it is crucial that the ultrastable dynamics be
provided with enoughvariabilit y for its plastic recon�gurations. A possibleway
of achieving this is to map the weight valuesspeci�ed by the plasticit y rules into
a continuousbut non-monotonic space.Sincewe are interested in someminimal
transformation that will solve this problem while still using simple plastic rules
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we eschew biological plausibilit y and make connection strengths a sinusoidal
function of the weights. The time evolution of the states of neurons is then
expressedas:

� i _yi = � (yi � � ) +
NX

j =1

� sin(wj i )zj (yj ) + I i ; (1)

zi (x) = 1=(1 + e� x ); (2)

where yi represents the cell potential of neuron i , zi is the �ring rate, � i (range
[0:1; 10]) is its time constant, I i represents the sensory input, which is given
to only sensory neurons. The sensory input is calculated by multiplying the
local light intensity by a gain parameter (range [1; 100]), which is genetically
encoded. There are two neurons for controlling each motor. The motor output
is calculated from the ratio of �ring rates of the neurons,which is mapped onto
the range [� 5; 5] and is then multiplied by a gain parameter (range [1; 10]).
This is to avoid that the agent cannot move when the dynamics convergesto a
small value in the absenceof sensorystimulations. The synaptic strength for the
connection from neuron j to i is determined � sin(wj i ), where � is a network
constant given genetically that regulateshow much the pre-synaptic neuronscan
a�ect post-synaptic neurons.The parameter � (resting potential) determinesthe
equilibrium point for a node in the total absenceof input. The balancebetween
the two parameters, � and � , will becomevery important, becauseif � is too
small the �ring ratesconvergeto their resting potentials (notice that the equation
doesnot include bias terms), and if it is too big, � will not havea very signi�can t
e�ect on the dynamics. Therefore, if � is negative and with an appropriate � ,
�ring rates will tend to convergeto a small valuesunlessthere is enoughstimulus
coming from the sensors.The useof such a balancedcombination, together with
an appropriate choice of homeostatic region, will make it hard for networks to
remain within homeostatic bounds in the absenceof sensoryinput.

The connection weights between neurons, wij , are randomly determined at
the beginning of a trial and a plastic mechanism allows for the lifetime modi�ca-
tion of the connections.A homeostaticregion is described asthe �nite zero-value
set of a plasticit y function of the post-synaptic �ring rate. This function is mod-
ulated by parameter 
 (range [0; 0:5]), which is genetically determined. Weights
from neuron i to j are updated according to :

�w ij = � ij (1 � zi )p(zj ); (3)

p(x) =
�

0 x > 

1 � x=
 else

(4)

where zi and zj are the �ring rates of pre- and post-synaptic neurons, respec-
tiv ely, �w ij is the changeper unit of time to wij , � ij is a rate of change(range
[� 1; 1]), which is genetically set for each connection,and p(x) is the plastic func-
tion that de�nes the homeostatic region. The reasonwhy this is called home-
ostatic is that if zj is more than 
 , the weight connection does not change.
Otherwise, the plasticit y works and the weight connection keepschanging until
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zj is stabilized in the homeostatic region (more than 
 ). Here we can seethat
the e�ect of the balance between � and � can be (if � is small enough and �
negative enough) to land the dynamics into the zone of active plasticit y. The
parameter, 
 , is also evolved, however, the trivial solution of evolving 
 = 0 so
that neurons are always homeostatic is prevented by the need to use plasticit y
to organize the weight con�guration at the beginning of a trial. The only way
this can happen is for �ring rates to move out of the homeostatic regions,hence
gamma may evolve to be small, but not zero.

3 Evolutionary setup

A population of agents is evolved using a rank-based genetic algorithm with
elitism. All �xed network parameters,� i , � ij , � , 
 and the gains are represented
by a real-valued vector ([0,1]) which is decoded linearly to the rangecorrespond-
ing to the parameters(with the exceptionof gain valueswhich are exponentially
scaled). Crossover and vector mutation operators, which adds a small random
vector to the real-valued genotype, are used[9].

In the extension of the original method presented here, half of trials during
the evaluation processcorrespond to the presenceof light and the other half are
carried out in the dark. The light condition consists of the serial presentation
of 8 distant light sourcesthat the agent must approach and remain closeto. A
singlesourceis presented at a time for a relative long time period of 1000.In the
dark condition, there is no light in the arena.Consequently , the network receives
no sensorystimulus. The agent can move freely in the unlimited arena for the
sameperiod as in the light condition. There will be a selective pressureto evolve
homeostaticdynamics in the light condition but to avoid homeostasisin the dark
condition. The schemeis expected to evolve networks for which lack of sensory
stimulation leads to non-homeostasis.Therefore, the agents are evaluated by
measuring three factors: the proportion of time that the agent spendsnear the
light source(at a distance lessthan 20 in this paper), f s, the time-averageof the
proportion of neuronsthat have behaved homeostatically in the light condition,
f h , and that have not behaved homeostatically in the dark condition, f N h . The
�tness function is given by this, F = � � f s � f h + (1 � � ) � avg:(f s) � f N h , where
� decidesthe weighted selective pressurebetweenlight and dark conditions.

4 Results

The performanceof the extended homeostatic neural controller is compared to
that of more basic forms of homeostatic neural controllers not using the biased
resting potential and that have only been evolved only in the light condition.
This basic homeostatic neural controller can be described in our formulations
with the two parameters,� and � , which areset to 0 and 1:0, respectively. For the
extendedversion, � and � are set to � 5 and 0:5, respectively. In order to con�rm
whether the basic homeostatic neural network with the evaluation of light/dark
conditions can evolve agents properly to link internal and behavioural stabilit y,
a controller with (� ; � ) = (0; 0:5) is also tested. It should be noted that this
basic homeostatic neural network has a di�eren t form to that of the original
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Fig. 1. Average �tness values of the best agents at each GA generation over 10 inde-
pendent runs evolved with three kinds of the evolutionary regimes.The empty triangles
are the results of agents with the extended method, (� ; � ) = (� 5; 0:5), and the �lled
onesare for homeostatic networks without the biased resting potential nor evaluation
in the dark condition, (� ; � ) = (0; 1). The crossesare for the one without the biased
resting potential and with evaluation of both conditions, (� ; � ) = (0; 0:5).

homeostaticneural network proposedby Di Paolo [1] but follows the samebasic
selectionscheme.

4.1 Ev olv abilit y and adaptivit y

All homeostatic neural controllers are evolved for 4000 generations. Ten inde-
pendent runs weremadefor each of the three conditions. Extending the number
of generationsto 10000has not produced any observable increasein �tness.

The averageof the best �tness values across10 runs are shown in Fig. 1.
It is clear that the extendedhomeostatic networks evolve better than the other
conditions which becomesaturated at �tness ceilingsof about 0.2and 0.3 in each
case.The main observed di�erence between these conditions and the extended
one (� ; � ) = (� 5; 0:5) is that agents are not able to sustain a con�guration that
allows them to perform phototaxis reliably.

In order to study the homeostatic controllers evolved by the three condi-
tions, we selectonesuccessfulagent at the 4000th generation from each run and
investigate them in terms of their adaptivit y.

First, we study adaptivit y against variation of the initial weights by measur-
ing the performancesby the bestagents for di�eren t initial weight con�gurations.
The performancesfor phototaxis and neural homeostasisin 100independent tri-
als are shown in Fig. 2.

The best agents evolved using � = 0 can in somecasesestablish phototaxis
but fail to adapt against the many initial weight con�gurations. It can also be
observed that the time-averagesof the homeostaticneural �ring are always high
regardlessof the behaviour. This exempli�es the contingency of the link between
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Fig. 2. A comparison of the performancesfor random initial weights of the best agents
evolved with di�eren t evolutionary regimes, i.e. our proposedmethod (left), the basic
homeostatic network (center), and the basic onewith light/dark evaluation (righ t). The
solid lines show the proportion of time that the agent spends within 30-units distance
to light sources(initial distances to the light when it appearsare 60). The dashedlines
represent the time-averagesof the proportion of neurons that have behaved homeostat-
ically in each trial. A single trial consists of the serial presentation of 50 distant light
sources.Trial numbers indicate di�eren t random seedsfor weight connections.

the two selectedevolutionary aims: homeostasisremains una�ected even under
disruption of phototaxis since the two are realized independently . On the other
hand, the extended condition adapts more widely to the initial random con�g-
uration. Depending on the initial weight values, the network has a good chance
of establishing an appropriate sensorimotor coordination that results in photo-
taxis. Notice how the level of homeostasiscorrelates with phototaxis success.
This indicates that agents that do not perform the correct behaviour will also
tend to be non-homeostatic.

In the original homeostaticadaptation model agents show adaptation to radi-
cal unexperiencedperturbations such asswapping sensorpositions left and right.
Although it is not always guaranteed that such perturbations can be adapted to,
the extendedmodel should be able to adapt more reliably than the basic home-
ostatic controllers becauseit decreasesthe chancesof internal and behavioural
stabilit y being independent of each other. Adaptation to sensory inversion is
measuredby checking how much the agent can return to phototactic behaviour
in the new condition after having adapted to the random initial weights. A re-
covery of phototaxis is de�ned as approaching at least 10 lights in sequenceat
somepoint after the sensorinversion.

Oncehaving adapted to the initial weights, each pair of the diagonal sensors
are swapped left and right (� � =4 $ � 3� =4). If the agent is able to recover pho-
totactic behaviour by the 300th light sourcepresented, it is counted asa success.
The successrate is calculated over 100 trials after having adapted successfully
to the initial weights. Results are shown in Fig. 3. All controllers evolved with
the extendedmethod can return to the phototactic behaviour with high proba-
bilities. Having evolved under a pressureto behave non-homeostatically in the
absenceof sensorinput has induced a condition where plasticit y remains active
until sensorsbecomeactive again. The systembehavesin the desiredultrastable
manner and plastic changesstop only as phototaxis is recovered.
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Fig. 3. A comparison of adaptivit y to a new sensorcon�guration after the best agents
have established the normal sensorimotor coupling. The new condition is achieved by
swapping each pair of diagonal sensors(� � =4 $ � 3� =4). The vertical axis shows the
rate of each best agent successfullyshowing the phototactic behaviour after the disrup-
tion. From the left, the bars meansthe results of the best agent using the homeostatic
neural controller with (� = � 5; � = 0:5), (� = 0; � = 1:0), and (� = 0; � = 0:5),
respectively. Seetext for details.

4.2 Homeostatic adaptation at work

An exampleof the lifetime adaptation to the initial weight con�guration by the
best agent with the extended method is shown in Fig. 4. At the beginning of
the trial, weight connectionsare randomly set so that the resulting behaviour
cannot be approaching the light source.If too little light stimulus is provided the
neurons cannot maintain the neural dynamics in the homeostatic region. This
is the combined e�ect of using a biased resting potential and the extra �tness
constraint for the dark condition. Following the plastic rules, the network starts
changing the network structures that can lead to homeostasisand phototaxis at
the sametime. Regardlessof the initial weight values,the best agent can success-
fully establish both phototactic behaviour and homeostasis.Converged weight
valuesare very di�eren t each time the agent is re-initialized sincethe established
sensorimotorcoupling is dynamically constructed through the interaction.

The best agents alsoshow adaptivit y to inversionof visual �eld. After having
adaptedthe normal positionsof sensors,the left-righ t swapping is applied. Figure
5(left) shows the distancesfrom the agent to the light sources.The light sources
appear at a new place in every 1000stepsand the sensorsare swapped when the
13th light sourceappears. Adaptation to the initial weight set happens before
swapping sensors.When the sensorsare swapped, the agent movespredictably
away from the light source.This causesa breakdown of internal homeostasisand
synaptic plasticit y is turned on. After a period of adaptation the network �nds
a new homeostatic state that can approach the light. Once an appropriate new
sensorimotorcoupling has beenestablished,weights becomesstable again (Fig.
5(center)). Re-adaptation is also tested. The measuresthat enhancedynamical
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of the sameagent starting from di�eren t initial con�gurations.
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Fig. 5. Left: Distance from robot to sources.The vertical dashed line shows onset of
swapping diagonal sensors (� � =4 $ � 3� =4). All initial con�gurations are same as
Fig. 4. Center: Synaptic changes over time. Right: Re-adaptation to swapped sensor
positions. The sensorsare swapped at the appearance of 13th light source and are
returned to original con�guration when the 30th light appears.

variabilit y in the extended model allow the agent to re-adapt when sensorsare
returned to the original con�guration, something that was not observed in the
original model (Fig. 5(right)).

5 Conclusions

This paper presents an extendedhomeostaticadaptation method capableof im-
proved adaptive performance.The method works by addressingthe problem of
contingent associations betweeninternal and behavioural stabilit y in the original
homeostatic adaptation model. The contingent link between these two require-
ments could always lead to solutions wherebehavioural disruption leavesinternal
stabilit y una�ected. This situation, presumably doesnot occur soeasily in living
systemsthat must behave in a goal-directed manner in most casesin order to
guarantee continued inner stabilit y. Our proposedmethod movescloser to this
natural situation by explicitly selecting an association between the undesired
behaviour and lack of homeostasisand using a strong negative resting poten-
tial for neurons that contributes to this association. It also movescloser to the
original Ashbyan idea of ultrastabilit y by preventing loss of variabilit y during
the adaptation process(through avoidanceof synaptic strength saturation). As
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a result, evolved agents show improved adaptivit y to previously unseenradical
perturbations such as sensorinversions.

This result leads to wider lessonsdespite the simplicit y of the task. In con-
ventional evolutionary robotics models, sensorimotor connections as low level
descriptions are tightly related to the behavioural performancesas macro ob-
servations. Even in those caseswhere sensorimotor coordination is allowed to
changeplastically, the appropriate relation is establishedby an external process
of arti�cial selection. In the homeostatic adaptation models, the sensorimotor
coupling is intermitten tly recon�gured by the system to maintain the internal
requirement of homeostasis,which is associated with the desired behaviour by
the external selective process.Therefore, the bottom-up construction from the
sensorimotor dynamics and the top-down regulation from the behavioural per-
formances are mutually coupled processesintrinsic to the system. It is their
`high-level' link that is constructed by arti�cial evolution. The careful construc-
tion of this link can produce systemsthat are more adaptive and more lifelike.
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