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Abstract

In the brain, differentlevels of neuro-actie substancemodulatethe behaiour of neuronghat have
receptordor them,suchassensitvity-to-input, Koch (1999). An arti cial neuralnetwork is described
thatlearnswhich actionshave theimmediateeffect of minimising costandmaximisingrewardfor an
agent. Two versionsof the network are comparedpnethat usesneuromodulatiorand onethat does
not. It is shovn that althoughneuromodulatiorcan decreaseerformancdt agitatesthe agentand

stopsit from over- tting theernvironment.

1 Intr oduction

Fellous (1999) proposesthat emotion can be seen
ascontinuougatternsof neuromodulatiorof certain
brainstructureslt is arguedthattheoriesconsidering
emotiongo emanatdérom certainbrainstructuresind
from non-localisedliffusechemicaprocesseshould
beintegrated.Threebrainstructuregareconsideredn
this way; the hypothalamusamygdalaandprefrontal
COrtex.

Fellous (2004) further suggestdhat the focus of
study shouldbe on the function of emotionsrather
thanon whatthey are. Seenin this way, animalscan
be seenfunctionally ashaving emotions whetheror
not we empathisewith them. Giventhis, robotscan
functionally have emotionsaswell. Onefunction of
emotionsmentionedhathasa robotic counterparts
to achievze a multi-level communicatiorof simpli ed
but highimpactinformation.

Oneway of studyingthefunctionalityof emotions,
is to identify the extra functionality provided by neu-
romodulationcomparedto a non-modulatingsolu-
tion. Modulationis usedhereto signalagentneeds
in a neuralnetwork that is usedfor the purposeof
actionselection.The structuref both solutionsare
inherentlythe samebut the modulatingversionhas
the addedinteractionbetweenneuromodulatiorand
neuralnetwork.

Although neuromodulatorsand hormoneshave
beenemulatedor the purposeof actionselectiorbe-

fore, Avila-Garciaand Canamero(2004) Shenand

Chuong (2002), they have not beenapplied to a

purely neural network solution and have not been
comparedto non-modulatingversions. Husbands
(1998)evolvescontrollersinspiredby themodulatory
effectsof diffusingNO. This speedaup evolutionary
productionof successfutontrollers.

The dif culty is that what can be done with a
modulatingnetwork, can also be donewith a non-
modulatingnetwork if it hasbeenevolved for that
purpose Thereforethe comparisomeedgo be made
in anervironmentthattheagenthasnotbeenevolved
for.

2 Application of the model

An adaptie agentneedsa reasonto adaptin order
to doso. A commonreasoris to maximiseandretain
resourcesln thiscontext aresources asinglecontin-
uousscalarvaluethatcorrelateswith a characteristic
of the stateof the agentor ervironment. A resource
cancorrelatewith a singlequanti able level suchas
a batterychage level for a physicalrobot, or be an
estimationof a virtual non-measurabléevel suchas
utility or safety An adaptve agentis facedwith two
taskswhenmaximisingtheseresourcesthatof learn-
ing to performactionswhich resultin anincreasen
a resourcdevel, andthat of learningnot to perform
actionswhichresultin adecreasef resource.



Here, the Arti cial Life animat conceptis ab-
stractedto provide the simplestpossiblecontext for
testingthe effect of neuromodulatiorappliedto an
arti cial neuralnetwork. Theagentshave no external
sensego adaptto and canonly sensetheir internal
state.The choiceof outputdirectly andimmediately
altersthe internalstateof the agent,which therefore
altersthe strengthof theinput signalto the network.

The agenthasa body thatrequirestwo resources,
enegy andwater It keepdrackof thelargestincrease
anddecreasef each.Thecurrentchangen resource
level is thenscaledto thesemaximato be within the
rangel0,1] beforebeingpassedo the network.

The agentis givena setof actionsthatincreaseor
decreasdy oneor two resourcepointst, or areneu-
tral to, eitherthe enegy or waterlevel in the body:.
Thereis oneactionfor eachpermutationrmaking 10
in total.

3 Implementation

3.1 Topology

Thenetwork consistof threelayersof adaptve leaky
integrateand re neurondearningvia spike timing-
dependenplasticity, G. Q. Bi (2002). The model
learnswhich outputsshouldbe mostfrequentlyand
strongly red to minimisethe level of input signal.
There is one output neuron per action. The ac-
tion hasan effect on the internal stateof the agent,
which determineghe strengthof the input signalto
the network. For the modulatingnetwork, the in-
put layer neurondgncreasanodulatorstrengthsvhen
red, while the middle layer neuronshave receptors
for thosemodulators.

There are situationsin which an effective be-
haviour for an agentmay decreasea needbut not
satisfyit. For example,if it is in an ervironment
whichis temporarilybereftof resourceshenwaiting
andconservingts currentlevels may be the optimal
behaiour. Alternatively there may be situationsin
which anagentneedgo storemoreresourceshanit
normally does.In this casethe needfor the resource
will be signalleddespitethatneedbeingsignalledas
satis ed. An examplewould beanagentexpectingto

nd itself in anenvironmentbereftof resources.

For eachresourcehe input layer hastwo neurons
that outputto the middle layer Oneneuronsignals
theneedfor theresourceandtheotherneuronsignals
the satisactionof thatneed.If apreviousactionper
formedby theagentresultsin adecreasé hungeror

Ipointsareusedasit is anarbitrarylevel thathasno correlation
with ary realphysicalquantity

anincreasen resourcesatiation thenthecorrespond-
ing inputsignalis momentarilydecreased.

The model usesa feed forward network that can
be iteratedover a numberof times within a single
turn, after which the winning output neuronis cho-
sen. Which neuronwins is determinedoy summing
up the total chaige of eachneuronover all the itera-
tionsandchoosingthe neuronwith the greatessum.
This stopsa neuronwith stronginputs from losing
becausét just hasspikedandthushaslow actiity or
is in arefractoryperiod.

3.2 Modulators

Two variantsof thenetwork werecreatedmodulating
andnon-modulatingThey werethe sameexceptthat
the modulatingnetwork hadin additiontwo modula-
tors,oneusedto signify hungerandthe otherthirst.
As usedhere,a modulatoris a global signal that
canin uence the behaiour of a neuronif that neu-
ron hasreceptordor it. Thesignaldecayovertime,
speci ed by the re-uptale rate,andcanbeincreased
by ring neuronghathave secretordor it.
Neuronswithin the middle layer are given a ran-
domnumberof receptorsThesecanbemodulatedhy
neuronsn theinput layerthat have secretors.These
neuronswere given a randomnumberof secretors.
Thereceptorsnodulateeitherthe neuronssensitvity
to input or probabilityof ring. Theextentof thisis
determinedby the level of the associatednodulator
and whetherthe receptoris inhibitory or excitatory.
The secretorsncreasean associatednodulator The
modulationrate of the receptorsand the increment
rateof the secretorss determinedy evolution.

4 Parameter Optimisation

The network hasa numberof parametersvhich must
be set correctly for it to adaptsuccessfully These
are parameterghat have no obvious value, suchas
the numberof neurondn the middle layer, secretion,
modulationratesetc. Automatedparameteioptimi-

sationwas performedfor the modulatingand non-

modulatingagents. Afterwardsthe parametersets
were hard-codedand testswere performedupon a

populationof agentausingthem.

The tness of anagentwasdeterminedy

Energy + Water + Age jEnergy W ater]

Thedifferencebetweentheenegy andwaterresource
was subtractedfrom the tness as both resources
wereessentiafor theagentto stayalive.



5 Results

After optimisation, a modulating and a non-
modulatingagentwerepickedfor furthertesting. The
tness of the genotypeswere equivalent and both
weretypical of the solutionsthatwere evolved. Be-
causeherewasa stochastianappingfrom genotype
to phenotypeandto provide multiple evaluationsthe
agentswere hard-codedso that they could be tested

asapopulation.

Parameteroptimisation corverged upon a fully
hebbiametwork for thenon-modulatinghetwork and
a hybrid anti-hebbian hebbiametwork for the mod-
ulatingnetwork.

5.1 Initial tests

Whenviewed over the courseof the agentlifetime it
canbe seenthata typical agentlearnswhich actions
provide minimal disturbanceo its inputs. It initially
chooses neutralaction beforesettling on the most
rewardingwateraction. Theagentthenalternatede-
tweenthis andthe mostrewardingenepgy action;see
gure 1. Figure2 shows theinitial learningprocess
beforeoneoutputneuronwins over all the others.
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Figure 1. Actions chosenover lifetime of a single
modulatingagent.

The performanceof the non-modulatingand the
modulatingagentswveresimilar althoughon average
the non-modulatinghetwork would reachhigherlev-
elsof tness andwould be optimisedby the parame-
ter searchmorequickly.

5.2 Extendedtests

During parameteroptimisation,eachgenotypewas
testedfor 1,000turns before being evaluated. The
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Figure2: The rst 40 cyclesof therunin gure 1
shaving theinitial learningprocess.
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Figure 3: Non-Modulating agentrun over an ex-
tendedperiodof time (10,000turns).

evaluationwascutshortif theagentdiedprematurely
becausaresourcéhaddecreasetb nothing.

After parameteoptimisation,whentestinga pop-
ulation of hard-codednon-modulatingagents for
longerthan 1,000turns, the actiity in the network
ceasedvertime. The chage of the outputneurons
would slowly decayover time with the winning ac-
tion remainingthe sameeachtime; see gure 3.

Thelimited useof arti cial evolutionfor parameter
optimisationhadsettledupona brittle strateyy which
dependedn how long eachagentwasevaluatedor.

A population of hard-codedmodulating agents
werethentestedor thesameextendedperiodof time.
They were shawvn to continuetransitioningbetween
the sametwo winning output neuronsthat causeda
maximumincreasein enegy and water with other
neuronsvery occasionallybeing chosen;see gure
4. Modulationhad preventedthe arti cial evolution
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Figure4: Modulatingagentrun over sameextended
periodof time.

usedfor the parametepptimisationfrom over- tting
thetestervironment.

6 Discussion

It was discoveredthat the network performedmost
effectively whenthe actionsit chosecould minimise
input activity. Worgotter and Porr (2004) provide
anoverview of the eld of temporalsequencédearn-
ing. They discusshow the learningparadigmof dis-
turbanceminimisation, as opposedto reward max-
imisation,remaovesthe problemof credit structuring
and assignment.The two paradigmsare not equi-
alent. Whereagnaximalreturnis associatedavith a
few pointsonadecisionsurface minimaldisturbance
usesall of the points. Every input into the system
drivesthelearningandwhenthereareno inputsthen
thesystemis in adesirablestablestate.

Modulationagitatesthe network, stoppingit from
settlinginto a stablestatefor too long or letting ac-
tivity declineto a point wherebythe network stops
alternatingbetweenactions. When testedusing an
extendedrun, the modulating network, unlike the
non-modulatingversion, continuesto alternatebe-
tweenthe actionscausingthe leastinput disturbance
throughouits lifetime. Figure4 shavsthatotherac-
tionsalwayshave a chanceof beingselected.

When comparing the modulating and non-
modulatingagentsn ervironmentghatthey werenot
evolved for, in this caseevaluatedfor an extended
lengthof time, thenit is shovnthatmodulationrmakes
theagentmorerobust. This robustnesgarrieswith it
aperformanceost.

This suggestshat one functionaluseof emotions
is to provide agitationto theagentin orderto notlet it

settleinto astablestate.Eventhoughtheervironment
may allow for it or make this the optimal behaviour.
An explanationfor this could be that naturalagents
have notevolvedfor suchenvironmentsbecausehey
rarely exist andcannotberelieduponto last.
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