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Abstract

The body of a situatedagentplays an important
role in adaptive behavior asit enablessensorymotor
interactionswith the environment which can give
rise to emergent intelligent behavior. Using the
physicaldynamicsof thebody, theagentcanperform
behaviors with much simpler control than would
otherwiseberequiredfor thesametask.Thephysical
structureof the body, or the morphology, determines
its possiblesetof sensorymotor interactionsaswell
as its dynamics,and as a consequence,determines
thecomplexity of thecontrol required.This intrinsic
relationshipbetweenthe morphology and required
control has beenidentified as the morphology and
control tradeoff (7). What hasnot beenpreviously
considered, however, is that the controller is a
computational entity whereas the morphology a
physicalentity, andif a tradeoff existsbetweenthem,
it may be possiblefor the morphologyto subsume
a computationalrole. This paper introducesthe
ideathat a robot body canbe usedfor computation,
in addition to merely acting as an effector for the
controller. It shows how this computationmay be
used to reducethe computationaldemandson the
controller.
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1. Introduction

It is known in thestudyof adaptivebehavior thatthemorphol-
ogyof anagent’sbodycanbeusedto achievesimplifiedcon-
trol. Brooksshowed that embodimentwould enablethe use
of simplified controllersrequiringlittle or no representation
(2). Pfeiferhassimilarly discussedtheimportanceof consid-
ering the designof the morphologyof a robot, to reduceor
simplify the control required(7). The Braitenberg vehicles
(1) provideanexcellentexampleof thisconcept.In theseve-
hiclesthesimplepositioningof sensorsandmotorswith hard-
wired connectionsbetweenthem,canbeusedto achievevar-
ious “intelligent” behaviors. In a morebiologically inspired
system,Cruse(4) givesanexampleof how mechanicsof the
bodyareusedin biology, to simplify the coordinationof in-
sectlegs.However, althoughthesestudieshavediscussedthe

reducedcomputationalcomplexity of controlasaresultof the
dynamicsof thebody, they havenot consideredthatthis may
bethecasebecausein effect themorphologyperformssome
of the“computation”thatthecontrollerwouldotherwiseper-
form. Thegoalof this paperis to investigatethis unexplored
possibility.

2. The XOR Robot:
a thought experiment

Considera robotwhich is controlledby perceptronnetworks.
Theperceptronis a well-known neuralnetwork, which con-
sists of a single output neuron, with multiple inputs, ad-
justablesynapticweightsanda thresholdfunction. Theper-
ceptronconvergencetheorem,provedby Rosenblattshowed
thattheperceptroncouldbeusedto computeany function,as
longasit waslinearly separable(5). Thismeansthattheper-
ceptroncouldbeusedto computefunctionssuchasAND and
OR,for example,but not functionssuchasXOR or XNOR.

Considernow thattherearetwo perceptronnetworks,with
inputsA andB. The first oneperformsanOR function,and
the secondan AND function. The networks areconnected
to actuatedpartsof a simple robot body (Fig. 1). The first
network is connectedto

���
, which is a wheelat the center

of the baseof the robot which causesforward motion. The
secondnetwork is connectedto

���
, which lifts thewheeloff

theground.Now whenA andB arebothoff, bothnetworks
output0, which meansthat the wheel is on the groundbut
doesnot move, so the robot is stationary. Whenonly A is
active, the AND network outputsa 0, so the wheelremains
on the ground. TheOR network outputsa 1, andmakesthe
wheelturn, thuscausingforward motion. WhenB is 1, the
situationis the same,the AND network outputsa 0 andthe
OR outputsa 1, causingforwardmotion. However, whenA
andB arebothon, thentheOR network causes

� �
to move,

but the AND network causesthe wheel to lift off so that it
no longertouchesthegroundsothevehicleis onceagainsta-
tionary. Thefollowing tablesummarizesthebehavior of the
robotin thesefour conditions.� �

Behavior

F F stationary
F T moving
T F moving
T T stationary



But this tablelooks like the truth tableof the XOR func-
tion! How is thispossible?
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Figure1: The XOR Robot This robot hasonewheel,with
two actuateddegreesof freedom.ThemotorM

�
is responsi-

blefor turningthewheelsothattherobotmovesforward.The
motorM

�
is responsiblefor lifting thewheeloff theground.

Eachmotor is controlledby a separateperceptronnetwork,
which takesasinputsA andB. M

�
is controlledby anetwork

which computesA OR B, andM
�

by a network which com-
putesA AND B. Using only thesecontrollers,the robot is
ableto displaytheXOR functionin its behavior.

The explanationis that the robot’s behavior is not simply
determinedby the output of the neuralnetworks, but also
by the actuatedcomponentsof the body. The body through
its structureprovidessomeadditionalcomputationalability,
which allows theXOR functionto bedisplayed.In this case,
the body providesthe computationalequivalentof a second
layerof neuralprocessing,in which it performsa NOT on its
first input, followedby anAND, asshown in Figure2. The
functioncanbewritten as

�	��

������� �
. Thus,theex-

ampleshows that throughits configurationa robotbodycan
performa quantifiablecomputationon its inputs.

3. The OR Robot

Althoughat first this seemslike a surprisingresult,it canbe
shown that this is by no meansan isolatedoccurrance. In
fact,varioussimplemorphologiescangive rise to computa-
tion. In order to show this a secondrobot exampleis pro-
vided. TheOR Robot(Fig. 3) is anothersimplemechanical
structure,with a rectangularbodyandandtwo wheelswhich
arealignedalongcentrallongitudinalaxis of the body, one
behindtheother. Eachwheelhasamotor, whichwhenturned
on, rotatesthewheelsothat thebodyis propelledin thefor-
warddirection.Whenthemotor is off, thewheelcanalsobe
passively driven.
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Figure2: Computational structure equivalent to the XOR
Robot Thebodyof theXOR robotactsasif it is performing
thecomputationalfunctionM

�
AND
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Figure3: The OR Robot This robothastwo wheelsbothof
which turn in thesamedirectionwhenactuated.Eachwheel
is actuatedby onemotorwhich is responsiblefor turningthe
wheel.Thewheelsarealsocapableof beingdrivenpassively.

In thisrobot,whenbothmotorsareoff, therobotis station-
ary. Whenonly

�	�
is active, onewheelturnsandpassively

drivestheotherwheelsotherobotmovesforward.Similarly,
whenonly

���
is active the robot, the robot alsomovesfor-

ward. Finally, if
�	�

and
���

are both active, both wheels
turn, andso the robot alsomovesforward. The behavior of
therobot in thesefour conditionsis summarizedin the table
below. �	� ���

Behavior

F F stationary
F T moving
T F moving
T T moving

It is clearthat this tableis the truth tableof the the famil-
iar OR operatorfrom Booleanlogic. The computationper-
formedby themorphologycanberepresentedusingthecon-
ventional � sign,andwrittenas



M 1 M 2
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Figure 4: Conventional neural network architecture for
Vaccuum Cleaning Robot Therobotis controlledby a neu-
ral network which has an input layer with sensoryinput
nodes,labelledS, input nodeI andbias nodeB. Thereare
two hiddenlayers,eachwith 4 hiddenneuronseach,labelled
H. The final layer is the output layer which hastwo output
nodesto sendmotorcommandsto therobot.
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4. Vaccuum Cleaning Robot

At first glance,it may be arguedthat the computationper-
formed by the morphologyof the OR andXOR robotsde-
scribedabove simply exists in the eyesof the observer, and
is not really a computation.However, adoptingthecommon-
sensedefinitionthata computationis real if it canbeusedas
acomputation,it canbeshown thatthecomputationis in fact
real.

Considerthisexample.Thebodyof theXOR Robotis now
to beusedasthebasisfor a VaccuumCleaningRobot(albeit
asimpleone,which is only suitablefor longandstraightcor-
ridors). It is enhancedwith camerasto sensetheenvironment,
a microprocessorfor computationalprocessingandbehavior
arbitration,an accelerometerandof coursea vaccuumunit.
Its taskis to survey its initial environmentanddecidewhether
to vaccuumor not. If thefloor doesnotlook particularlydirty,
it canwait. If thefloor is dirty, it candecideto startvaccuum-
ing down thelongstraightcorridor. Suchbehavior arbitration
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Figure5: Morphological computation used in the neural
control of the Vaccuum Cleaning Robot Therobot is con-
trolled by a neuralnetwork which hasan input layer with
sensoryinput nodes,labelledS, input nodeI andbiasnode
B. Therearetwo hiddenlayers.Thefirst hiddenlayerhas2
hiddennodes,representedby H, andtwo nodeswhich con-
vey motor commandsto the robot, representedby M

�
and

M
 
. Thesecondhiddenlayeralsohastwo hiddennodes,la-

belledH, anda nodewhich conveys the outputof the robot
accelerometerA. Thefinal layeris theoutputlayerwhichhas
two outputnodeswhich sendmotorcommandsto therobot.

requiresa certainamountof processing.A neuralnetwork
basedcontrollercouldbeusedfor sucha task(to take a par-
ticular exampleof a controller architecture),part of which
maylook likeFig. 4. This is astandardneuralnetwork archi-
tecturewith an input layer, two hiddenlayersandan output
layer. The input layer receivesinputsfrom therobotsvisual
sensorsS, a higherlevel signalI, anda biasnodeB. The in-
puts are processedthroughthreelayersof the network and
result in outputmotor commandsissuedto the robot. It is a
familiar computationalstructure.

However, it could be possibleto replacepart of the com-
putationalstructureof the network by the body itself (Fig.
5). Themotor inputs

�	�
and

�� 
could recieve inputsfrom

the nodesof the previous layer, via weightedsynapticcon-
nectionsandthe outputof the body, asmeasuredby the ac-
celerometer) , couldserve asan input for the next layer. It
canbeseenthatif thisweredone,thenetworkwouldcontinue



to performasa computationalentity, which simply incorpo-
ratesthefunction

�	�*
+�,���"� �
into its function.There-

quiredmovementof thebodyduring thecomputationwould
besmall,a computationaltwitch soto speak,asit would last
for only two time stepsof processinguntil the final output
motorcommandsweresent.Thereaftertherobotcouldagain
proceedto useits body for its moreconventionalpurposeof
moving down thecorridorfor vaccuumcleaning.

Thisexampleis of coursea toy exampleandquiteimprac-
tical. PerformingtheXOR functionon a processorwould be
trivial from thepoint of view of processingtime andenergy
costscomparedto having to movethebody. But thatis notthe
point. The point is to demonstratethat the computationcan
beusedaspartof a standardcomputationalprocess,proving
thatit is in factreal.

5. Sensorimotor Control

In the above example, the morphologyof the XOR robot
served as the basisfor the VaccuumCleaningRobot. The
computationperformedby the body of the XOR robot was
easyto recognizeas a commonbinary function, and so it
could be shown that startingfrom a morphologywhich per-
formeda simplecomputation,a controllerarchitecturecould
bedesignedto utilize it. In morecomplex robotmorphologies
suchasmanipulatorsor leggedrobots,however, it is not triv-
ial to definethecomputationalfunctionof thebody. In robots
which have rotary joints actuatedby motorsandjoint angle
sensorsfor sensing,thecomputationperformedis a complex
analogfunctiondeterminedby thedynamicsof thebody. Yet,
it canbeunderstoodasacomputationalfunctionnonetheless,
in thesenseof defininga mappingfrom motorcommandsas
inputsto thephysicalconsequencesmeasuredby thesensors
asoutputs.

Considerfor examplea 2 DOF robotmanipulatorwith ro-
tary joints andjoint anglesensors,which is controlledby a
neuralnetwork with sensoryfeedback(Fig. 6). For simplic-
ity weassumethatinput - is 0 andtheweightsof thenetwork
areconstant.Thecontrolleris designedsuchthat it readsin
sensoryinput from the joint anglesensors,processesthe in-
formationthroughthenetwork, sendsmotorcommands,and
only thenreadsin thenext valueof sensoryinput for thenext
iterationof neuralprocessing.It is clear to seethat in each
suchiterationtherearetwo stagesof computation.Oneis the
transformationof thesensoryinputsto motoroutputsthrough
theneuralnetwork. Thesecondis thetransformationof mo-
tor outputsto sensoryinputs throughthe forward dynamics
of themanipulator. Thus,theentiresystemformsacomputa-
tionalentity.

Viewing the systemfrom this perspective, it is clearhow
a morphologyandcontrol trade-off canexist in an embod-
ied agentwith sensorimotorcontrol. Changingthe physical
characteristicsof the robot, including even simple parame-
terssuchas link lengthor massdistribution, will affect the
dynamicsof themanipulator. This will, in effect, changethe
computationalrelationshipbetweenthemotorcommandsand
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Figure6: Sensorimotor control or a robot manipulator A
2 DOF manipulatoris is controlledby a neuralnetwork with
sensoryfeedback.Thenetwork hasaninput layerwith 2 sen-
soryinput nodes,labelledS,aninput nodeI, anda biasnode
B. Thesensorynodesrecieve proprioceptive inputsfrom the
manipulatoron joint angles.Thereis onehiddenlayerwith
four hiddennodesrepresentedby H. Theoutputlayerhastwo
outputnodeswhich sendmotorcommandsto thetwo actua-
torsof therobot,M

�
andM

 

its physicalconsequencesmeasuredby thesensors.Inssome
casesthis changemaybefor theworse,but in othersit may
be for the betterwith regardsto the task,andreducethe re-
quirementsoncontrol.

6. Discussion

Theprevioussectionshave illustratedthecomputationalpo-
tentialof morphology, andshown how understandingthispo-
tential canelucidatethe complex interactionsbetweenmor-
phologyandcontrolobservedin embodiedagents.Thereare
many implicationsof this for understandingnatural intelli-
gence,aswell asthedesignof artificial agents.Thesewill be
discussedbelow.

6.1 Morphological Computation

Thethoughtexperimentsof Sections2 and3 demonstratethat
it is theoreticallypossiblefor themorphologyof anagentto
performa computationalfunction. Suchcomputationwhich
canbe latently performedby the morphologycanbe called
morphological computation. The knowledgethat physical
structurecan perform such computationis as old as Bab-
bage’s design for his Analytical Engine, a massive brass,
steam-powered mechanicalcomputer, from 1837. But as



computationhasgrown moresiliconizedin the20thcentury,
a divide hasarisenbetweenthe computationalandphysical
hardwarein roboticsandAI. Thebodyis viewedasaneffec-
tor for thecomputationsperformedby thecontrolhardware.
While this approachis convenientasit allows for a cleardi-
vision betweenmechanicalandcontrollerdesign,it hasled
to a separationwhich is somewhatartificial. Moreover, it has
occludedthe understandingof the interactionbetweenmor-
phology andcontrol in both biology and engineering.The
descriptionof the XOR robot serves to remove this occlu-
sion, andshow that computationalpropertiescanariseeven
in very simplephysicalstructures.It suggeststhat it is not
simply a rarephenomena,but perhapsa pervasive character-
istic of physicalstructures.Thus,it shouldbeacknowledged
andscientifically investigatedin the context of roboticsif a
realunderstandingof thephysicalworld is to beacheived.

6.2 Explicit morphological computation

TheVaccuumCleaningRobotdemonstratesthatwhenarobot
with latentmorphologicalcomputationis augmentedwith a
sensorwhichcansensethebehavioral consequences,it makes
the computationalfunction definedby the morphologyex-
plicit, suchthat it canbe usedasa standardcomputational
sub-unit,atany stageof processing.

The fact that this is possibleshows that morphological
computationis not simply a way of viewing the transforma-
tion of motorcommandsto physicalbehavior asa computa-
tionalprocess,but thatit is a realcomputationasis tradition-
ally understood,andcanbeusedaccordingly.

6.3 Using computational and motor functions

The VaccuumCleaningRobot also shows that in a system
whereappropriatesensingenablesthe explicit useof mor-
pohologicalcomputation,a controller can exploit both the
computationalandmotor functions.This canbeacheivedby
separatingthetwo functionsin time,andalternatingbetween
them.

6.4 Duality

In engineering,it is traditionalto think of asinglecomponent
of asystemperformingasinglefunction.Thus,in mostcases
in humanengineeredtechnologyeachcomponentusuallyhas
a singlefunction, andif it hasmorethanonefunction, it is
usuallyusedto performonly oneof thematatime. Thismod-
ular approachto designis the basisof humanengineering,
which leadsto a tacit belief in the ideathat naturalsystems
may also be designedaccordingto theseprinciples. How-
ever, in the caseof an intelligent embodiedagent,this does
not needto be the case. Although, it is difficult for human
engineersto conceptualize,it is possiblefor a singleaction
of anagentto serve bothmotorandcomputationalfunctions
at the same time. In fact,many physicalactionperformedby
anembodiedagenthavetheinherentpossibilityfor duality of

function.
In orderto illustratethe concept,andshow that it is rele-

vant for naturalintelligence,a simpleexamplefrom human
behavior is given. Considerthe casewhentherearea large
numberof coinsonadeskwhichmustbecounted(morethan
canbecountedthrougha cursoryvisual inspection)andthey
must be put away in a drawer underthe desk. Notice that
thereare two componentsto the task requirements.One is
thecomputationaltaskof countingthecoins,which involves
thedevelopmentof anabstractrepresentation(number)based
ontheenvironmentalcondition.Thesecondis aphysicaltask
of relocatingthecoinsfrom thedesktopto thedrawer. There
are multiple ways of accomplishingthis, but one common
approachto thetaskthathumansuse,is to slidethecoinsoff
the desktopinto the drawer oneby one, countingeachone
in the process.In this simplebehavior, the actionof sliding
the coin into the drawer hasduality of function. Onefunc-
tion is computational: it serves to separatethe coin which
hasalreadybeencountedfrom thesetof coinswhich hasnot
beencounted.Thesecondfunctionis physical:relocatingthe
coinsfrom thedesktopto thedrawer. Thesetwo functionsare
seamlesslyintegratedinto oneaction,without any conscious
forethought.The exampledemonstratesthat if the opportu-
nity arisesto utilize duality of function, naturalintelligence
hasbeendesignedto beableto exploit it.

The VaccuumCleaningRobot,however, wasan example
of “humandesign”in thatthecomputationalrole of thebody
wasseparatedfrom thephysicalrole in time. Thishadthead-
vantagethatit highlightedtheuseof thecomputationalfunc-
tion of thebody, by separatingit from its physicalrole. How-
ever, theoretically, no suchseparationis necessary. It should
bepossibleto designsystemswhich usetheir physicalstruc-
turefor bothphysicalandcomputationalpurposesatthesame
time.

6.5 Effect of the environment

The environmentplays an importantrole in morphological
computation.In thethoughtexperimentsof Sections2 and3,
the systemswereembeddedin a singleenvironment. How-
ever, whentheenvironmentof thesystemchanges,thefunc-
tions describingthe systemwill also change. This is very
clear to seein the examplespresented.Considerthe case
when the OR robot is placedon a downhill incline. Now,
the robot movesforwardregardlessof whethertheactuators
areactiveor not. Thecomputationalfunctionof thestructure
changed.Thus,theecologicalnicheis crucial for thepartic-
ular characteristicsof themorphologicalcomputationwhich
arise.

6.6 Morphology and Control

It hasbeenunderstoodin thestudyof adaptive behavior that
embodimentcanleadto simplifiedcontrol.However, therea-
sonsfor this have not beenclear. It hasbeenknown that in-
teractionof looselycoupledsensorimotorprocesseswith the



dynamicsof thebodygivesriseto emergent behaviors which
arenotexplicitly representedin thecontroller(3)(6)(7). How-
ever, themechanismof emergenceitself hasnot beenfurther
investigated.By showing herethat the body canperforma
computationalrole, the basisof suchemergencecan begin
to be understood.In somecasesat leastit is canbe under-
stood that the body provides the “computationalglue” be-
tweenlooselycoupledsensorimotorprocesses.

Thereis still, however, a long way to go in understand-
ing the relationshipbetweenmorphologyandcontrol. Par-
ticularly it needsto beunderstoodwhatcharacteristicsof the
morphologyaffect controlrequirements,andhow. It is likely
thatfurtherinvestigationinto this areawill requirethedevel-
opmentof new analyticaltechniquesto identify andquantify
thecomputationalcontributionsof a morphology.

If suchanunderstandingcanbeacheived,however, it will
open a whole new realm of possibilities to designrobots
which incorporate“intelligence” in their bodies.By utilizing
smartmorphologieswhich areknown to optimizedynamics
for control, morerobust andadaptive agentswill be ableto
bedesigned.

7. Conclusion

This paperintroducedtheconceptof morphological compu-
tation, computationperformedby themechanicalstructureof
a robotbody. To show theexistenceof suchcomputation,an
exampleof a robot controlledby perceptronnetworks was
given, which utilizing the structureof its morphologywas
ableto displaythe XOR function in its behavior. The XOR
function beinglinearly inseparablewould have beenimpos-
sible to acheive with only a perceptronnetwork, and thus
provesthatthemorphologycanperformacomputationalrole.

This wasfollowedby thedescriptionof a vaccuumclean-
ing robotwhich usedthecomputationperformedby its body
in its own neuralcontrol. The exampledemonstratedthat
the computationperformedby the body is both explicit and
real. Furthermore,it explicitly illustrateda situationwhere
the morphologyreplacedpart of the computationalcontrol.
The illustrationshedsnew light on how smartmorphologies
couldreducecontrol.

Futurework will focuson developinga theoreticalframe-
work for morphologicalcomputationwhichwill provideana-
lytical methodsfor studyingthecomputationalroleof arobot
body. This could be usedto guide the designof smartme-
chanicalstructures,which will be able to exploit the mor-
phologyto reducecontrol.
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