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s Resear
h Institute, University of Leeds, Leeds LS2 9JT, UKhywelw�
omp.leeds.a
.ukAbstra
tRe
ent work in the neuros
ien
es has high-lighted the existen
e of homeostati
 plasti
ityme
hanisms that regulate the a
tivity in neuronalnetworks to a 
onstant level. Fun
tionally sim-ilar me
hanisms are applied to 
ontinuous-timere
urrent neural networks. Homeostati
 plasti
-ity is found to in
rease the sensitivity of neuralnetworks to 
hanges in input, giving ri
her dy-nami
s and robustness to severe 
hanges in themean level of input. Simulated robots 
ontrolledby 
ontinuous-time re
urrent neural networks us-ing homeostati
 plasti
ity display more 
omplexbehaviours than those 
ontrolled by non-plasti
networks. Synapti
 s
aling in randomly param-eterised networks is observed to generate photo-ta
ti
 behaviour without further adaptation.1. Introdu
tionWhen we are 
old, we shiver. When we are too warm,we start to sweat. Both of these me
hanisms help usto maintain our body temperature at a 
onstant level.Alternatively, we may move 
loser to the �re or shed alayer of 
lothing, or on a longer times
ale we may learnnew behaviours; jumping up and down to keep warm, adip in the pool to 
ool o�. Homeostasis is maintained bya 
ombination of physiologi
al response, behaviour andlearning.Re
ent work in the neuros
ien
es has identi�ed a num-ber of plasti
 me
hanisms by whi
h homeostasis of neu-ral a
tivity is maintained. This paper draws inspira-tion from these me
hanisms to explore the e�e
t ofhomeostati
 plasti
ity in dynami
 re
urrent neural net-works, su
h as those that are often used in evolutionaryroboti
s. The evolutionary optimisation of these net-works for dynami
 
ontrol tasks is a signi�
ant 
hallenge,and networks using homeostati
 plasti
ity may providean evolutionary substrate o�ering improved evolvabilityand greater robustness of evolved solutions.Se
tion 2 gives some ba
kground to the paper, des
rib-ing biologi
al neural homeostasis and relevant work inevolutionary roboti
s. Se
tion 3 
overs the experimen-tal method used, the results from whi
h are presentedin se
tion 4. Se
tions 5 and 6 attempt to interpret theresults and o�er some thoughts on their impli
ations.

2. Homeostati
 Adaptation2.1 Ashby's HomeostatThe 
onne
tion between homeostasis of internal vari-ables and adaptive behaviour was �rst re
ognised byAshby in the 1950s (Ashby, 1952). Ashby talked abouttwo kinds of homeostati
 adaptation: adaptive be-haviour that maintains homeostasis of internal variables,and adaptation by whi
h su
h homeostasis-maintainingbehaviour is 
reated. Ashby 
reated an analogue ele
tri-
al devi
e 
alled the Homeostat to demonstrate the ideaof ultrastability ; plasti
 
hange triggered by loss of home-ostasis and 
ontinuing until homeostasis is regained.2.2 Neural homeostasisIt is now a

epted in neuros
ien
e that many neu-ral 
ir
uits adapt to 
hanging patterns of a
tivityand appear to dynami
ally maintain their overall levelof a
tivity around some set point (Turrigiano, 1999,Turrigiano and Nelson, 2000). While the pre
ise featureof neural a
tivity that is regulated is not known (it maybe mean �ring rate, mean 
al
ium 
on
entration or someother feature) it is 
lear that neural a
tivity tends to-wards a 
onstant level in the long term. It is also 
learthat there are a variety of me
hanisms by whi
h thishomeostasis is a

omplished, amongst whi
h are me
ha-nisms a�e
ting the strength of synapti
 
onne
tions andthe intrinsi
 ex
itability of individual neurons.2.2.1 Synapti
 s
alingOne way of maintaining a relatively 
onstant level ofa
tivity in the fa
e of a prolonged in
rease or de
reasein �ring rates is by altering the strengths of ex
itatorysynapti
 
onne
tions. If the overall level of �ring of aneuron falls too low, an in
rease in the strength of all itsex
itatory 
onne
tions should help to raise it; similarly, ifthe level of �ring gets too high a de
rease in the strengthof ex
itatory 
onne
tions should help to redu
e it. Thisform of homeostati
 plasti
ity is known as synapti
 s
al-ing and spe
i�
 me
hanisms that enable it have beenidenti�ed (Turrigiano et al., 1998, O'Brien et al., 1998).It is thought that the trigger signal is some fun
tionof post-synapti
 �ring rate (Leslie et al., 2001), whi
h
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Figure 1: Homeostati
 plasti
ity: (a) synapti
 s
aling in-
reases/de
reases the e�e
t of input, (b) intrinsi
 plasti
itytranslates the a
tivation 
urve.
auses a multipli
ative s
aling of the strengths of allthe neuron's a�erent synapti
 
onne
tions. Contrast thiswith the synapse-spe
i�
 
hanges asso
iated with Heb-bian 
orrelation-based plasti
 me
hanisms su
h as long-term potentiation or depression. Synapti
 s
aling a�e
tsthe fun
tion of a neuron by altering its rate of �ring fora given amount of stimulus; in e�e
t it moves the neuronalong its input/output 
urve (see �gure 1).2.2.2 Intrinsi
 plasti
ityAnother way of regulating a
tivity around a 
onstantlevel is alteration of the intrinsi
 ex
itability of neu-rons. If �ring rate is 
onsistently too high, a redu
tionin the ex
itability of the neuron should redu
e it; if �ringrate is 
onsistently too low, in
reased ex
itability shouldraise it. Alteration of ex
itability assumes some intrinsi
plasti
ity of neurons; su
h plasti
ity has been reported(Turrigiano et al., 1994). The e�e
t of this plasti
ity onintrinsi
 ex
itability has also been demonstrated in 
ul-tured pyramidal 
orti
al neurons, where externally im-posed damping of a
tivity led to lowered spiking thresh-olds (Desai et al., 1999). Intrinsi
 plasti
ity of the ex-
itability of neurons a�e
ts the neuron's fun
tion by
hanging the �ring rate response to a given input; ef-fe
tively this translates the neuron's input/output 
urvealong the output axis (see �gure 1).2.3 Homeostati
 adaptation in neural networksfor robot 
ontrolTo the best of the author's knowledge there is only onepreviously published study of homeostati
 adaptation inarti�
ial neural networks, whi
h is the work presentedby Di Paolo (2000) . Using ideas from Ashby and Turri-giano, Di Paolo developed a system that in
orporated aform of homeostati
 adaptation into a 
ontinuous-time

re
urrent neural network used to 
ontrol a photota
ti
robot. In Di Paolo's s
heme, ea
h synapse in the networkhad a Hebbian learning rule asso
iated with it. Thelearning rules were only a
tivated when the �ring rateof the post-synapti
 neuron passed out of a pres
ribedrange, be
oming either too high or too low; when post-synapti
 �ring was inside the range there was no plas-ti
ity.Di Paolo's work was an exploration of the utility ofAshby's 
on
ept of homeostati
 adaptation for provid-ing robustness to sensorimotor disruptions. Networkswere evolved using a geneti
 algorithm to give photota
-ti
 behaviour in a simulated robot, with �tness awardedfor phototaxis and for maintenan
e of neural a
tivationwithin the target range. The su

essful 
ontrollers werethen tested for their robustness to inversion of their vi-sual �eld, performed by swapping the positions of thetwo light sensors. Di Paolo found that around half ofthe evolved 
ontrollers that gave long-term stable pho-totaxis were able to adapt to this disruption.While Di Paolo's work produ
ed some very interest-ing results, the types of homeostati
 plasti
 me
hanismimplemented in his experiment were qualitatively di�er-ent to those observed in neuros
ien
e. Di Paolo's use ofplasti
ity triggered when neural �ring is too high or toolow �ts in with the neuros
ienti�
 data, but the form ofthe plasti
ity does not. Di Paolo used Hebbian learn-ing, whi
h a
ts on the strengths of individual synapses.In 
ontrast, the synapti
 s
aling reported by Turrigianoa
ts upon groups of synapses a�erent to a node. Intrin-si
 plasti
ity does not operate on synapti
 strengths atall but on the ex
itability of the neuron. In addition,the homeostati
 plasti
ity observed in biologi
al neuralnetworks gives negative feedba
k, whereas Hebbian rulesare seen by neuros
ientists as likely to provide positivefeedba
k on both a
tivity levels and synapti
 strengths(Turrigiano and Nelson, 2000).3. MethodWhile this study is 
learly in
uen
ed by Di Paolo'swork and makes use of a similar experimental set-up forstudying robot behaviour, its aims and obje
tives aresigni�
antly di�erent. The intention here is to applythe kinds of homeostati
 plasti
ity observed in neuro-s
ien
e to 
ontinuous-time re
urrent neural networks(CTRNNs), of the type 
ommonly des
ribed in the evo-lutionary roboti
s literature (Beer and Gallagher, 1992,Beer, 1996, Harvey et al., 1997, Slo
um et al., 2000,Nol� and Floreano, 2000), and to examine the e�e
tof homeostati
 plasti
ity on network dynami
s and onthe behaviour of simulated robots 
ontrolled by thesenetworks.This se
tion des
ribes the networks used, the way inwhi
h the homeostati
 plasti
ity me
hanisms identi�edby Turrigiano are implemented, and the robot simula-



tion. Networks using the two types of homeostati
 plas-ti
ity (synapti
 s
aling and intrinsi
 plasti
ity) will be
ompared with non-plasti
 networks throughout.3.1 CTRNNThe CTRNNs used here are made up of arti�
ial neuronsde�ned by the equations 1 and 2 given below. Neuronstate is governed by equation 1, in whi
h y is the neuronpotential, � is a 
onstant governing the de
ay of potentialwith time, wi and zi are the 
onne
ting synapse strengthand �ring rate respe
tively of the ith a�erent neuron,and I is any external input the neuron re
eives.� _y = �y + NXi=1 wizi + I (1)The �ring rate z of a neuron is given by equation 2,in whi
h b is the bias term for the neuron. Firing rate isthus given by a sigmoid fun
tion of potential returningvalues in the range [0; 1℄ as shown in �gure 2(a).z = 11 + e�(y+b) (2)The networks used are all fully 
onne
ted, in
ludingself-
onne
tions. Synapses 
an be inhibitory or ex
i-tatory depending on their sign, and may have varyingstrengths; this is represented by an asso
iated signedreal weight value w. Values are initialised from thefollowing ranges: � 2 [0:4; 4:00℄; b 2 [�3:00; 3:00℄; w 2[�8:00; 8:00℄. Networks are updated using Euler inte-gration with a time step of 0:2. Certain nodes are des-ignated as input or output (sensor or motor) nodes asappropriate and are the only nodes that dire
tly inter-a
t with the external environment; all other nodes arehidden nodes and only intera
t with the external envi-ronment via input/output nodes.3.2 Homeostati
 plasti
ity me
hanismsHomeostati
 plasti
ity is in
orporated into the CTRNNby de�ning a permitted range for the �ring rates of neu-rons, 
orresponding to Turrigiano's postulated set levelof a
tivity about whi
h homeostasis is maintained. Plas-ti
ity is triggered whenever the �ring rate of a neuron istoo high or too low and is proportional to the amountby whi
h the �ring rate has ex
eeded its range. This no-tion is 
aptured by the use of a plasti
 fa
ilitation fun
-tion that varies with �ring rate (Di Paolo, 2000); plasti
fa
ilitation � is zero when the �ring rate is within thetarget range and rises or falls to �1 outside this range,as shown in �gure 2(b). The target range is arbitrarilyset to [0:3; 0:7℄.
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ilitation as afun
tion of �ring rateFigure 2: Plasti
 fa
ilitation depends on �ring rate3.2.1 Synapti
 s
alingWhen the �ring rate of a neuron goes outside the pre-s
ribed range all a�erent synapses to that neuron aremultipli
atively s
aled. The s
aling is dire
tional; it a
tsso that weights are 
hanged in the dire
tion most likelyto bring the neuron �ring rate ba
k into bounds. S
alingis applied to both inhibitory (negative weight) and ex
i-tatory (positive weight) synapses. If the �ring rate is toohigh, then ex
itatory synapse strengths are s
aled downand inhibitory synapse strengths are s
aled up. If the �r-ing rate is too low, ex
itatory inputs are s
aled up andinhibitory inputs are s
aled down. S
aling up or downhere refers to the absolute value of the synapti
 weight,so that s
aling down a negative weight makes it less neg-ative. The size of the 
hange is determined by the plasti
fa
ilitation �, by a node learning rate parameter �, andby the 
urrent magnitude of the weight. The plasti
ityrule for synapti
 s
aling is therefore expressed by equa-tion 3, with � 2 [0:00; 0:10℄. Weight values are restri
tedto the range [�8:00; 8:00℄ and are 
lipped where they gooutside this range. �w = ��w (3)



3.2.2 Adaptive biasThis me
hanism is an implementation of the intrin-si
 plasti
ity des
ribed by Turrigiano (Turrigiano, 1999,Turrigiano and Nelson, 2000). When a neuron's �ringrate goes outside the pres
ribed range, the bias term ofthe neuron is shifted to make the neuron more or lesslikely to �re depending on what is required to bring the�ring rate ba
k into bounds. If �ring rate is too lowthe bias is in
reased, e�e
tively translating the sigmoida
tivation fun
tion so that the neuron is more ex
itableand hen
e more likely to �re. If �ring rate is too highthe bias is de
reased, making the neuron less ex
itable.The size of the 
hange depends on the plasti
 fa
ilitation� and the node learning rate �. The plasti
ity rule forintrinsi
 plasti
ity is therefore given by equation 4, with� 2 [0:0; 0:10℄ �b = �� (4)3.3 Robot simulatorThe behavioural e�e
t of homeostati
 plasti
ity at anagent level is studied by in
orporating the plasti
 me
h-anisms into CTRNNs used to 
ontrol a simple simulatedrobot. The robot is pla
ed in a featureless in�nite planealong with a single light sour
e. The robot's light sen-sors and 
ontrol network are then sequentially updated,with network output being used to 
al
ulate the motionof the robot relative to the light sour
e.3.3.1 Simulated robotThe robot is modelled as a 
ir
ular body with two motorsmounted at either ends of an axle along its diameter andtwo light sensors mounted at angles of PI=3 radians fromthe forward dire
tion, as shown in diagram 3.
ICC

VR

VL

w

(x,y)

Figure 3: Diagram of photosensitive robot

3.3.2 Robot kinemati
sThe simulated robot kinemati
s are adapted from Dudekand Jenkin (2000) . Di�erential drive steering is a

om-plished by the two motors, whi
h may give thrust bothforwards and ba
kwards, allowing the robot to spin whilestationary or to move forwards or ba
kwards with anyinstantaneous angular velo
ity. Robots are assumed tohave negligible mass, so that the motor output 
an betaken as the tangential velo
ity of the robot at the motormount point. The instantaneous angular velo
ity ! ofthe robot is 
al
ulated using equation 5, and this is usedto 
al
ulate the motion of the robot using the system ofequations 6, where VL and VR are the instantaneous ve-lo
ities of the left and right motors respe
tively, d is thelength of the axle, ICC denotes the instantaneous 
entreof 
urvature (the imaginary point about whi
h the robotorbits at any given instant), � is the 
urrent heading ofthe robot, and (x; y) is the robot's position. Details ofhow this system is derived 
an be found in Dudek andJenkin (2000). The equations are updated using timestep Æt = 0:2. ! = (VR � VL)=d (5)x0 = (x� ICCx)
os(!Æt)� (y � ICCy)sin(!Æt) + ICCxy0 = (x� ICCx)sin(!Æt) + (y � ICCy)
os(!Æt) + ICCy�0 = � + !Æt (6)3.3.3 Light sensorsLight sour
es are of �xed intensity 1000 unless otherwisestated. The light sensors return a signal value propor-tional to sour
e intensity and the inverse square of thedistan
e between the sour
e and the sensor. Sensors areassumed to be mounted on top of the agent, so that theyare never in the shadow of the robot's body.3.3.4 Control networkThe robot is 
ontrolled by a fully 
onne
ted 6-nodeCTRNN of the type des
ribed above. Two nodes aredesignated sensor nodes and ea
h re
eive the signal fromone of the light sensors modi�ed by an agent-symmetri
algain parameter (drawn from the range [0; 10:00℄) as ex-ternal input. Two other nodes are designated motornodes, and the output from these nodes is mappedto the range [�1:00; 1:00℄ and modi�ed by an agent-symmetri
al gain (again drawn from the range [0; 10:00℄)to give the instantaneous velo
ity 
reated by that mo-tor. Both sensory input and motor output have noiseadded before the gain is applied, drawn from a uniformdistribution in the range [�0:25; 0:25℄.



4. Results4.1 Network dynami
sThe �rst experiments were performed on stand-aloneCTRNNs, that is, without embedding the networks inthe robot simulation environment. These tests were toget a feel of how network dynami
s varied with the di�er-ent forms of homeostati
 plasti
ity. Random sets of net-work parameters (weights, bias terms, de
ay 
onstants,learning rates) were generated and networks formed fromthem. Network behaviour was observed with randominput 
u
tuating around a mean level of zero and withrandom input 
u
tuating around a steadily in
reasingbase level. The results reported are for fully-
onne
ted3-node networks with a single input node and two hiddennodes.4.1.1 Random input with zero meanRandomly generated networks were updated for 400timesteps (2000 Euler integration steps). The input sig-nal to the input node was reset every 20 time steps toa value randomly drawn from a uniform distribution inthe range [�1:00; 1:00℄ and remained 
onstant betweenea
h 
hange. Samples of network behaviour are givenin �gures 4, 5 and 6, whi
h show the dynami
s of threetypi
al examples of ea
h network type. As 
an be seenfrom these plots, the behaviour of the plasti
 and non-plasti
 networks was signi�
antly di�erent. The plotsshow the �ring rates of the the three nodes over time, aswell as plasti
 
hanges where appropriate. The dashedhorizontal lines on the plots mark the upper and lowerboundaries of the target range; above and below theselines plasti
ity is triggered.Non-plasti
 CTRNNs typi
ally settle to a steady equi-librium with ea
h neuron giving a 
onstant output. Theinput node is sometimes a�e
ted by 
hanges in inputsignal, but the other nodes typi
ally do not 
hange theira
tivity in response to a 
hange in input to the network;even when the �ring rate of the input node 
hanges inresponse to a 
hange in input signal these 
hanges arerarely transmitted to the other nodes. This is be
ausein a randomly generated �xed-weight CTRNN there is astrong 
han
e that the nodes will rea
h an equilibriumwith �ring rate 
lose to the maximum or minimum level,whi
h be
ause of the sigmoid shape of the a
tivationfun
tion means that 
hanges in input have little e�e
ton output.The dynami
s of networks with both forms of home-ostati
 plasti
ity are more 
omplex than those of non-plasti
 networks. The homeostati
 plasti
ity fun
tionsto keep the �ring rates of all the nodes within the tar-get range, as 
an be seen by inspe
tion of the 
hanges insynapti
 weights or biases whi
h o

ur at times when the�ring rate of a node goes outside the target range. This
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TimestepFigure 4: Behaviour of three typi
al non-plasti
 3-nodeCTRNNs. Input signal 
hanged every 20 timesteps, ran-domly drawn from the range [�1:00; 1:00℄. There is a ten-den
y towards saturated/
onstant �ring rates, and 
hangesin the �ring rate of the input node do not a�e
t the �ringrates of the hidden nodes.restri
tion means that the inputs to ea
h node are 
u
tu-ating around the region of the sigmoid a
tivation 
urvewhere the gradient is greatest; at this point the nodes aremost sensitive to 
hanges in input. All nodes are sensi-tive to 
hanges in ea
h other's �ring rate, and the inputnode is additionally sensitive to 
hanges in the input sig-nal. Thus a 
hange in the input signal is almost alwaystransmitted via the input node to the hidden nodes.The in
reased sensitivity of the homeostati
 networksis shown in �gure 7, whi
h shows the mean 
hange inthe �ring rate of ea
h node in the network 
aused by a
hange in the input signal. This statisti
 is 
al
ulatedby measuring the 
hange in the �ring of ea
h node fol-lowing ea
h 
hange in the input signal. Readings aretaken just before the next 
hange in input signal so thatthe network has time to settle on a steady a
tivationlevel following the previous 
hange. The mean 
hange in�ring rate was 
al
ulated for 1000 randomly generatednetworks of ea
h type to give an overall mean value plot-ted in �gure 7. The plots show that randomly generatednon-plasti
 CTRNNs typi
ally have a very low sensitiv-ity to 
hanges in external input, whereas the CTRNNswith homeostati
 plasti
ity have mu
h greater sensitiv-ity.CTRNNs with synapti
 s
aling showed higher sensitiv-
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TimestepFigure 5: Behaviour of three typi
al 3-node CTRNNs withsynapti
 s
aling. Input signal 
hanged every 20 timesteps,randomly drawn from the range [�1:00; 1:00℄. Plots in theleft-hand 
olumn show node �ring rates, plots in the right-hand 
olumn show the 
onne
tion weights for the network.Horizontal dotted lines in the plots of �ring rates show theupper and lower bounds of the target range. Firing rates arekept within the target range by the synapti
 s
aling; 
hangesin 
onne
tion weights are 
orrelated with periods when �ringrates leave the target range. Dynami
s are ri
her than thoseof non-plasti
 CTRNNs.ity to input 
u
tuations than the non-plasti
 CTRNNson all nodes. The input node is more sensitive than thehidden nodes, whi
h is explained by its dire
t exposureto the 
hanging input signal; the hidden nodes are onlya�e
ted by the 
hanging input indire
tly through theirintera
tion with the input node. CTRNNs with adap-tive bias are the most sensitive of all the network types,with all the nodes showing relatively large 
hanges in �r-ing rate in response to 
u
tuating network input. Thisis be
ause the adaptive bias translates the sigmoid a
ti-vation 
urve for ea
h node so that its point of steepestgradient is positioned roughly at the mean level of in-put to the node, giving the largest possible 
hange in�ring rate in response to a given 
hange in input. Thein
reased sensitivity of the CTRNNs with adaptive bias
ompared to those with synapti
 s
aling perhaps sug-gests that adaptive bias is more e�e
tive in adjustingthe nodal response than synapti
 s
aling.
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al 3-node CTRNNs withadaptive bias. Input signal 
hanged every 20 timesteps, ran-domly drawn from the range [�1:00; 1:00℄. Plots in the left-hand 
olumn show node �ring rates, plots in the right-hand
olumn show the bias terms for ea
h node. Horizontal dottedlines in the plots of �ring rates show the upper and lowerbounds of the target range. Firing rates are kept withinthe target range by the adaptive bias; 
hanges in node biasterms are 
orrelated with periods when �ring rates leave thetarget area. Dynami
s are ri
her than those of non-plasti
CTRNNs.
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) CTRNNwith adap-tive biasFigure 7: Mean 
hange in node �ring rates 
aused by a 
hangein external input signal. Input signal randomly drawn fromrange [�1:00; 1:00℄, applied to node 1 (left-most 
olumn inea
h graph). Homeostati
 plasti
ity in
reased network sen-sitivity. Sensitivity of networks using synapti
 s
aling wasgreater than that of non-plasti
 networks, while networks us-ing adaptive bias were most sensitive of all.4.1.2 Random input with in
reasing meanRandom networks were generated as before and testedfor their sensitivity to 
u
tuations in input around an



in
rementally in
reasing base input level. Every runstarted with input base level base = �20. During therun the base level was in
remented through the seriesf�20;�19:5;�19; :::; 19; 19:5; 20g. After ea
h base levelin
rement, network sensitivity was tested as before, butin this 
ase with input drawn from a uniform distribu-tion with range [base � 1:00; base + 1:00℄. Base levelwas in
remented every 100 time steps and input signalre-assigned every 10 timesteps. Figure 8 shows mean
hange in node �ring rates against input base level, mea-sured a
ross 1000 randomly generated networks of ea
htype.The non-plasti
 CTRNNs were relatively insensitiveto 
hanges in input signal; they were only sensitive to
hanges in input signal for input base levels 
lose tozero, and for more extreme levels of input they were
ompletely insensitive. The explanation is that at veryhigh or very low levels of external input the input nodeof the non-plasti
 CTRNNs gives a saturated responseand the small 
u
tuations in the input signal have noe�e
t on its �ring rate, so the 
hange in input signal isnot 
ommuni
ated to the hidden nodes. Even when theinput node is not saturated, these networks are relativelyinsensitive for the reasons outlined above.CTRNNs with synapti
 s
aling were more sensitivethan the non-plasti
 CTRNNs for the whole range ofinput base levels, but were still signi�
antly less sensi-tive at extreme levels of network input. At very high orlow levels of input the input node is a
tually less sensi-tive than the other nodes to input 
u
tuations; this ini-tially seems 
ounter-intuitive, but 
an be explained bythe saturation of its response. The hidden nodes are notdire
tly a�e
ted by the external input and so do not sat-urate, retaining their sensitivity. Synapti
 s
aling a
ts tomake them more sensitive, so that even a small 
hangein the signal they re
eive from the input node 
an 
ausea signi�
ant 
hange in their a
tivation.The �ltering of the input signal through the inputnode helps the hidden nodes to remain sensitive whenthe base level is extreme, but also stops them from be-
oming as sensitive as the input node when the inputsignal is moderate. The skew of the peak in �gure 8(b)to the left of the origin is hard to a

ount for (it mightbe expe
ted to be 
entred on the origin). This may be afeature of the way the synapti
 s
aling was implemented.Possible explanations involving the dire
tion of the in-
remental 
hange in input base level (from low to high)
an be ruled out as the same skew appears when inputbase level is 
hanged in the other dire
tion.CTRNNs with adaptive bias remained highly sensi-tive a
ross the whole range of input base level. This isbe
ause the bias term 
an dire
tly 
an
el out the ex-ternal input, as 
an be seen from equations 1 and 2;the external input translates the a
tivation 
urve in onedire
tion and the adaptive bias term translates it ba
k
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(b) CTRNN with synapti
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(
) CTRNN with adaptive biasFigure 8: Mean 
hange in node �ring rates 
aused by a 
hangein external input signal. Input signal randomly drawn fromrange [base � 1:00; base + 1:00℄ and applied to node 1, forbase in
remented from -20 to 20 (step size 0.5). Compared tonon-plasti
 networks, networks with synapti
 s
aling showedgreater sensitivity a
ross the whole range of base input level.Networks with adaptive bias showed the greatest sensitivity,with a high level of sensitivity 
onsistent a
ross the wholerange (the early lower level is due to the time needed foradaptation).again. Thus the input node does not saturate and thenetwork retains its sensitivity. The dip in sensitivity atthe leading edge of the plots in �gure 8(
) is a

ountedfor by the time taken for the plasti
 me
hanism to adaptto the initial low level of input.



4.2 Robot behavioursThe next set of experiments were performed with thesimulated robot des
ribed previously. Parameter setsfor 6-node CTRNNs and sensor/motor gains were ran-domly generated and instantiated as robot 
ontrollers.It is hard to quantify robot behaviour; instead this se
-tion will try and give a des
riptive a

ount of the typi
albehaviours of robots 
ontrolled by ea
h kind of CTRNN.Figures 9, 10, 11 and 12 show examples of the robot be-haviours des
ribed; these plots show motion for 4000time steps ( 20000 Euler integration steps) where thelight sour
e was randomly repositioned every 800 timesteps. The symbol � marks the position of light sour
esand the symbol + marks the start position of the robot.Note the di�erent s
ales of the plots.Robots 
ontrolled by randomly generated non-plasti
CTRNNs almost always rotated on the spot and ignoredthe light sour
e. Sometimes they moved in 
ir
les, buttheir motion was 
onsistently a steady rotation. This isexplained by the observations of the behaviours of �xedrandom CTRNNs; they are not generally sensitive to ex-ternal input and tend to rea
h an equilibrium state withea
h neuron �ring at a 
onstant rate. If the motor neu-rons �re at a 
onstant rate the di�erential drive kinemat-i
s will produ
e a 
onstant angular velo
ity for the robot,whi
h gives the types of rotational movement observed.An example of this is shown in �gure 9. The rotation
annot be seen in the plot as the robot was spinningabout its axis almost without any movement relative tothe light sour
e. The net distan
e travelled by the robotis very small, and is due to gradual drift as the robotsrotation is very slightly in
uen
ed by the di�erent lightintensities its sensors experien
e as it rotates.
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ontrolled by random non-plasti
 CTRNN.In 
ontrast to the non-plasti
 CTRNNs, robots 
on-trolled by the CTRNNs with synapti
 s
aling displayedquite 
omplex behaviours. Sin
e the synapti
 s
alingensured that they were sensitive to external input (lightintensity being at a low enough level not to for
e inputnode saturation ex
ept when very 
lose to the sour
e),these agents were strongly in
uen
ed by the light sour
e.Their motion, as seen in �gure 10, is 
omplex; the easiest

des
ription is to liken it to that of a moth near a 
ame.The robot approa
hes the sour
e, then veers away, thenapproa
hes, then spends some time moving errati
allyaway from the light sour
e. Periods of photota
ti
 be-haviour o

ur, but then 
ease, as do periods of photo-aversion. The di�eren
e in behaviour for di�erent ran-domly generated networks is 
onsiderable, but the plotshown is representative of the general 
lass of behavioursobserved.
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-100 -50 0 50 100 150Figure 10: Behaviour of robot 
ontrolled by random CTRNNwith synapti
 s
aling.Interestingly, while many of these agents showed o
-
asional periods of phototaxis, some (roughly 10% byvisual inspe
tion) of the agents 
ontrolled by CTRNNswith synapti
 s
aling displayed stable phototaxis. Inthese 
ases the typi
al pattern was an early period oferrati
 behaviour, while the synapti
 s
aling 
on�guredthe network to be sensitive to external input, followedby 
onsistent phototaxis. An example of this is shownin �gure 11, where the robot approa
hes and then 
ir
lesthe light sour
es.
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-80 -60 -40 -20 0 20 40 60 80Figure 11: Phototaxis by robot 
ontrolled by randomCTRNN with synapti
 s
aling.Robots 
ontrolled by CTRNNs with adaptive bias alsodisplayed interesting behaviours, whi
h were generallysome form of 
y
loidal motion (see �gure 12). The 
y-
loidal motion is 
aused by the intera
tion of the adap-tive bias with the random set of �xed weights. With-out the adaptive bias term the network is non-plasti
and would tend to produ
e a rotational movement as



des
ribed above, but with the adaptive bias the rotationis modulated by the 
hanging bias term to be
ome 
y-
loidal. In most 
ases the bias term a
tually be
omes apart of the network dynami
s, os
illating in phase withthe os
illations of neural �ring rates. The 
y
loidal mo-tion means that the robot moves relative to the lightsour
e, in 
ontrast to the near-stationary rotation of thenon-plasti
 CTRNN 
ontrollers. The 
y
loidal motiondisplayed was generally the same irrespe
tive of how farthe agent was from the light sour
e (�gure 12), whi
h
an be explained by referen
e to the dynami
s of theCTRNNs with adaptive bias des
ribed earlier. In a simi-lar manner to how it was able to negate the large 
hangesin external input base level in the previous se
tion, theadaptive bias negates the 
hange in the base level of lightintensity so that the motion 
aused by the �xed set ofweights remains un
hanged.
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ontrolled by random CTRNNwith adaptive bias.5. Dis
ussionWe have seen that homeostati
 plasti
ity in CTRNNsmakes them mu
h more sensitive to 
hanges in theirinput signal. Synapti
 s
aling signi�
antly in
reasesthe sensitivity of all nodes. Plasti
ity of intrinsi
 ex-
itability (implemented here as an adaptive bias term)makes a still bigger in
rease in sensitivity while also al-lowing the network to 
ope with extreme 
hanges inthe level of external input re
eived. When these net-works are randomly parameterised and used as 
on-trollers for a photosensitive robot, they produ
e more in-teresting behaviours than randomly parameterised non-plasti
 CTRNNs. Random non-plasti
 networks makerobots rotate, random networks with adaptive bias 
auserobots to display 
y
loidal motion, and random networkswith synapti
 s
aling give 
omplex behaviours in
luding
onsistent phototaxis.It is tempting to think that the networks with synap-ti
 s
aling would be a good substrate for the evo-lution of robot 
ontrollers using geneti
 algorithms,

sin
e randomly generated networks of this kind pro-du
e interesting behaviours before any evolutionary op-timisation has taken pla
e. The networks with adap-tive bias might also be seen as a good evolutionarysubstrate be
ause of their sensitivity, espe
ially giventhe improved evolvability of 
entre-
rossing re
urrentneural networks for the generation of rhythmi
 be-haviours (Mathayom
han and Beer, 2002). The adap-tive bias serves to make the CTRNN a dynami
ally
entre-
rossing network. However, a 
autionary note isrequired.In some preliminary work that there is not spa
e toreport on fully here, CTRNNs were su

essfully evolvedfor phototaxis in the same simulated robot s
enario usedabove, a
hieving good results in few (< 10) generationswith a population size of 50. It was found that thenetworks with homeostati
 plasti
ity were a
tually lessevolvable than the networks without plasti
ity, giving
onsistently lower �tness s
ores. There are several pos-sible reasons for this, many of whi
h are 
on
erned withthe design of �tness fun
tions that allow a fair 
ompar-ison of evolvability, whi
h is not straightforward. Plas-ti
 networks have more parameters than non-plasti
 net-works, and require longer trials to allow the plasti
ity to
on�gure the network, amongst other problems.A more general reason why homeostati
 plasti
 net-works may not ne
essarily be more evolvable is to dowith the utility of sensitivity. Intuitively, it seems thatmore sensitive networks should be more use; networksmust 
hange their behaviour in response to 
hangingstimuli if they are to perform any non-trivial fun
tion.However, the sensitivity given by homeostati
 plasti
-ity as implemented here 
omes at a 
ost; it pre
ludesthe networks from making use of the bene�
ial e�e
ts ofnode saturation. An example of su
h a bene�
ial e�e
tis given by the non-plasti
 CTRNNs evolved to performphototaxis, whi
h all made use of a simple strategy: haveone motor node 
onstantly saturated (thus giving a �xed
ontribution to the angular velo
ity of the agent) andthe other motor node sensitive to 
hanges in the a
tiva-tion of one of the sensor nodes. Put another way, useone motor node to give forward motion and the other tosteer. This strategy gives the robot a 
y
loidal motionthat slowly spirals towards the light sour
e, the angularvelo
ity in
reasing as it draws near until it rotates on thespot when 
lose to the sour
e. 1 This 
heap and robustphototaxis strategy is not available to the networks withhomeostati
 plasti
ity, sin
e their plasti
ity a
ts to stopany of their nodes be
oming saturated.Another point of interest is that the evolved 
ontrollersin
orporating homeostati
 plasti
ity were more robust1As an aside, it was found that agents with only one sensor
ould reliably perform phototaxis by this method. The agentsthat had two sensors only made use of one of them, meaning thatsensor inversion was a trivial disruption (sin
e either sensor 
ouldsupply the required stimulus).



than the non-plasti
 
ontrollers. The networks withadaptive bias were able to 
ope with dramati
 
hangesin the intensity of the light sour
es, whereas the othernetworks were mu
h less able to do so. The adaptive biasnetworks 
ontinued to perform phototaxis when lightsour
e intensity was s
aled up or down by as mu
h as2 orders of magnitude, whereas the synapti
 s
aling andnon-plasti
 networks were able to 
ope only with 
hangesup to around �50% in most 
ases. This �ts in with theresults presented above showing the ability of the adap-tive bias networks to 
ope with large 
hanges in the levelof external input. Another example of the robustnessof the homeostati
 plasti
 networks is that the synapti
s
aling networks were often able to re
over phototaxis af-ter sensor inversion, despite having phototaxis strategiesthat relied on the use of both sensors. This is reminis
entof the results a
hieved by Di Paolo (2000).One signi�
ant area that demands further explorationis that of the times
ales of the plasti
ity me
hanisms. Inthe experiments reported upon here the plasti
 me
ha-nisms operate at times
ales that are mu
h slower thanthe times
ales of neural a
tivation, but they are stillvery fast 
ompared to the biologi
al me
hanisms that aretheir inspiration. The impli
ations of di�erent times
alesfor network dynami
s will be examined in future work.6. Con
lusionThe results des
ribed in this paper are modest, but areenough to suggest that homeostati
 plasti
ity is a worth-while avenue of exploration. Both synapti
 s
aling andadaptive bias terms make CTRNNs more sensitive to
hanges in input, and adaptive bias also gives robust-ness to large 
hanges in the mean level of input. Simu-lated roboti
 agents 
ontrolled by CTRNNs with homeo-stati
 plasti
ity are more sensitive to their environmentand display more 
omplex behaviours than those 
on-trolled by non-plasti
 CTRNNs. Randomly generatedCTRNN 
ontrollers using synapti
 s
aling to maintainhomeostasis of neural �ring were repeatedly observed toperform stable phototaxis after an initial period of adap-tation. Also, evolved solutions based on homeostati
plasti
 CTRNNs display greater robustness to some sortsof perturbation.A
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