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Abstract

The body of a situatedagentplays an important
role in adaptve behaior asit enablessensorymotor
interactionswith the ervironment which can give
rise to emegent intelligent behaior. Using the
physicaldynamicsof the body, the agentcanperform
behaiors with much simpler control than would
otherwiseberequiredfor thesametask. Thephysical
structureof the body; or the morphology, determines
its possiblesetof sensorymotor interactionsaswell
asits dynamics,and as a consequencegetermines
the compleity of the control required. This intrinsic
relationship betweenthe 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 atradeof existsbetweerthem,
it may be possiblefor the morphologyto subsume
a computationalrole. This paper introducesthe
ideathat a robot body can be usedfor computation,
in addition to merely acting as an effector for the
controller It shavs how this computationmay be
usedto reducethe computationaldemandson the
controller
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1. Introduction

It isknownin thestudyof adaptve behaior thatthemorphol-
ogy of anagents bodycanbeusedto achiese simplifiedcon-
trol. Brooksshavedthatembodimentvould enablethe use
of simplified controllersrequiringlittle or no representation
(2). Pfeiferhassimilarly discussedheimportanceof consid-
ering the designof the morphologyof a robot, to reduceor
simplify the control required(7). The Braitenbeg vehicles
(1) provide anexcellentexampleof this concept.n theseve-
hiclesthesimplepositioningof sensor&ndmotorswith hard-
wired connectiondbetweerthem,canbeusedto achieve var-
ious “intelligent” behaiors. In a morebiologically inspired
systemCruse(4) givesanexampleof how mechanicof the
body areusedin biology, to simplify the coordinationof in-
sectlegs. However, althoughthesestudieshave discussedhe

reduceccomputationatomplexity of controlasaresultof the
dynamicsof the body, they have not consideredhatthis may
bethe casebecausén effectthe morphologyperformssome
of the“computation”thatthe controllerwould otherwiseper
form. The goalof this paperis to investigatethis unexplored
possibility.

2. TheXOR Robot:
a thought experiment

Considerarobotwhichis controlledby perceptrometworks.
The perceptroris a well-known neuralnetwork, which con-
sists of a single output neuron, with multiple inputs, ad-
justablesynapticweightsanda thresholdfunction. The per
ceptroncornvergencetheorem proved by Rosenblatshoved
thatthe perceptrorcouldbeusedto computeary function,as
long asit waslinearly separabl€5). This meanghatthe per
ceptroncouldbeusedto computefunctionssuchasAND and
OR, for example,but not functionssuchasXOR or XNOR.

Considemow thattherearetwo perceptrometworks, with
inputsA andB. Thefirst oneperformsan OR function, and
the secondan AND function. The networks are connected
to actuatedpartsof a simplerobotbody (Fig. 1). Thefirst
network is connectedo M;, which is a wheelat the center
of the baseof the robot which causedorward motion. The
seconchetwork is connectedo M-, whichlifts thewheeloff
the ground. Now whenA andB areboth off, both networks
output 0, which meansthat the wheelis 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. The OR network outputsa 1, andmakesthe
wheelturn, thus causingforward motion. WhenB is 1, the
situationis the same the AND network outputsa 0 andthe
OR outputsa 1, causingforward motion. However, whenA
andB arebothon, thenthe OR network causesy/; to move,
but the AND network causeghe wheelto lift off sothatit
nolongertoucheghegroundsothevehicleis onceagainsta-
tionary. Thefollowing table summarizeshe behaior of the
robotin thesefour conditions.

| A| B | Behaior |

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




But this tablelooks lik e the truth table of the XOR func-
tion! How is this possible?
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Figure1l: The XOR Rabot This robot hasonewheel, with

two actuatedlegreesof freedom.Themotor M, is responsi-
blefor turningthewheelsothattherobotmovesforward. The
motor M, is responsibldor lifting the wheeloff the ground.
Eachmotor is controlledby a separatgerceptrometwork,

whichtakesasinputsA andB. M, is controlledby a network

which computesA OR B, andM, by a network which com-

putesA AND B. Using only thesecontrollers,the robot is

ableto displaythe XOR functionin its behaior.

The explanationis thatthe robot’s behaior is not simply
determinedby the output of the neural networks, but also
by the actuatedcomponent®f the body. The body through
its structureprovides someadditionalcomputationahbility,
which allows the XOR functionto bedisplayed.In this case,
the body providesthe computationakquivalentof a second
layerof neuralprocessingin whichit performsa NOT onits
first input, followed by an AND, asshawn in Figure2. The
functioncanbewrittenas MiA ~ M, — B. Thus,the ex-
ampleshaws thatthroughits configurationa robotbody can
performa quantifiablecomputatioronits inputs.

3. TheOR Robot

Although at first this seemdik e a surprisingresult,it canbe
shawvn that this is by no meansan isolatedoccurrance. In
fact, varioussimple morphologiesangive rise to computa-
tion. In orderto show this a secondrobot exampleis pro-
vided. The OR Robot(Fig. 3) is anothersimplemechanical
structure with arectangulabodyandandtwo wheelswhich
are alignedalong centrallongitudinal axis of the body, one
behindthe other Eachwheelhasamotor, whichwhenturned
on, rotatesthewheelsothatthe bodyis propelledin the for-
warddirection. Whenthemotoris off, thewheelcanalsobe
passvely driven.
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Figure2: Computational structureequivalent tothe XOR
Robot Thebody of the XOR robotactsasif it is performing
thecomputationafunctionM; AND M,
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Figure3: The OR Robot This robothastwo wheelsboth of
which turnin the samedirectionwhenactuated Eachwheel
is actuatedy onemotorwhich is responsibldor turningthe
wheel. Thewheelsarealsocapableof beingdrivenpassvely.

In thisrobot,whenbothmotorsareoff, therobotis station-
ary. Whenonly M, is active, onewheelturnsandpassvely
drivestheotherwheelsotherobotmovesforward. Similarly,
whenonly M- is active the robot, the robot alsomovesfor-
ward. Finally, if M; and M, are both active, both wheels
turn, and so the robot also movesforward. The behaior of
therobotin thesefour conditionsis summarizedn thetable
below.

| My | M, || Behavior |

F F || stationary
F T moving
T F maving
T T moving

It is clearthatthis tableis the truth table of the the famil-
iar OR operatorfrom Booleanlogic. The computationper
formedby the morphologycanberepresentedsingthecon-
ventionalV sign,andwritten as



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 nodel andbiasnodeB. Thereare
two hiddenlayers,eachwith 4 hiddenneuronseach labelled
H. Thefinal layer is the outputlayer which hastwo output
nodesto sendmotorcommanddo therobot.

M;V My — B.

4. Vaccuum Cleaning Robot

At first glance,it may be arguedthat the computationper
formed by the morphologyof the OR and XOR robotsde-
scribedabove simply existsin the eyesof the obsenrer, and
is notreally a computation However, adoptingthe common-
sensealefinitionthata computatioris real if it canbeusedas
acomputationjt canbe shovn thatthecomputatioris in fact
real.

Considetthis example.Thebodyof the XOR Robotis now
to be usedasthe basisfor a VaccuumCleaningRobot(albeit
asimpleone,whichis only suitablefor long andstraightcor-
ridors). It is enhancedvith cameraso senseheervironment,
amicroprocessofor computationaprocessingandbehaior
arbitration,an accelerometeand of coursea vaccuumunit.
Its taskis to surwey its initial ervironmentanddecidewhether
to vaccuunor not. If thefloor doesnotlook particularlydirty,
it canwait. If thefloor is dirty, it candecideto startvaccuum-
ing down thelong straightcorridor. Suchbehavior arbitration

Figure5: Morphological computation used in the neural

control of the Vaccuum Cleaning Robot The robotis con-
trolled by a neuralnetwork which hasan input layer with
sensoryinput nodes,labelledS, input nodel andbiasnode
B. Therearetwo hiddenlayers. Thefirst hiddenlayerhas?2
hiddennodes,representedy H, andtwo nodeswhich con-
vey motor commandgo the robot, representedy M; and
M,. Thesecondhiddenlayeralsohastwo hiddennodes |a-
belledH, anda nodewhich corveys the outputof the robot
accelerometed. Thefinal layeris theoutputlayerwhich has
two outputnodeswhich sendmotorcommandsgo therobot.

requiresa certainamountof processing.A neuralnetwork
basedcontrollercould be usedfor suchatask(to take a par
ticular example of a controller architecture) part of which
maylook like Fig. 4. Thisis a standardheuralnetwork archi-
tecturewith aninput layer, two hiddenlayersandan output
layer. Theinput layerreceiesinputsfrom the robotsvisual
sensorsS, a higherlevel signall, anda biasnodeB. Thein-
puts are processedhroughthreelayersof the network and
resultin outputmotor commandsssuedto therobot. It is a
familiar computationaktructure.

However, it could be possibleto replacepart of the com-
putationalstructureof the network by the body itself (Fig.
5). Themotorinputs M; and M, couldrecieve inputsfrom
the nodesof the previous layer, via weightedsynapticcon-
nectionsandthe outputof the body, asmeasuredy the ac-
celerometerd, could sene asaninput for the next layer It
canbeseerthatif thisweredone thenetwork would continue



to performasa computationakntity, which simply incorpo-
ratesthefunction M; A ~ My — B intoits function. There-
quiredmovementof the body during the computationwould
be small,a computationatwitch soto speakasit would last
for only two time stepsof processinguntil the final output
motorcommandsveresent.Thereaftetherobotcouldagain
proceedo useits body for its more corventionalpurposeof
moving down the corridorfor vaccuumcleaning.

This exampleis of courseatoy exampleandquiteimprac-
tical. Performingthe XOR functionon a processowould be
trivial from the point of view of processingime andenegy
costscomparedo having to movethebody. Butthatis notthe
point. The pointis to demonstratéhat the computationcan
be usedaspartof a standarccomputationaprocessproving
thatit is in factreal.

5. Sensorimotor Control

In the above example, the morphologyof the XOR robot
sened as the basisfor the VaccuumCleaningRobot. The
computationperformedby the body of the XOR robot was
easyto recognizeas a commonbinary function, and so it
could be shawvn that startingfrom a morphologywhich per
formeda simplecomputationa controllerarchitecturecould
bedesignedo utilize it. In morecomplex robotmorphologies
suchasmanipulatorsor leggedrobots,however, it is nottriv-
ial to definethecomputationafunctionof thebody. In robots
which have rotary joints actuatedoy motorsandjoint angle
sensorgor sensingthe computatiorperformeds a complex
analogfunctiondeterminedy thedynamicsof thebody. Yet,
it canbeunderstoodisa computationafunctionnonetheless,
in the senseof defininga mappingfrom motorcommandsas
inputsto the physicalconsequencaseasuredy the sensors
asoutputs.

Considerfor examplea 2 DOF robot manipulatomwith ro-
tary joints andjoint anglesensorswhich is controlledby a
neuralnetwork with sensoryfeedback(Fig. 6). For simplic-
ity we assumehatinput I is 0 andtheweightsof thenetwork
areconstant.The controlleris designedsuchthatit readsin
sensoryinput from the joint anglesensorsprocesseshe in-
formationthroughthe network, sendsmotorcommandsand
only thenreadsn the next valueof sensoryinputfor the next
iteration of neuralprocessing.lt is clearto seethatin each
suchiterationtherearetwo stagef computation Oneis the
transformatiorof thesensoryinputsto motoroutputsthrough
the neuralnetwork. The seconds the transformatiorof mo-
tor outputsto sensoryinputsthroughthe forward dynamics
of themanipulator Thus,the entiresystemformsa computa-
tional entity.

Viewing the systemfrom this perspectie, it is clearhow
a morphologyand control trade-of canexist in an embod-
ied agentwith sensorimotorcontrol. Changingthe physical
characteristic®f the robot, including even simple parame-
terssuchaslink length or massdistribution, will affect the
dynamicsof the manipulator Thiswill, in effect, changethe
computationatelationshipbetweerthemotorcommandsnd

Figure6: Sensorimotor control or a robot manipulator A

2 DOF manipulatoris is controlledby a neuralnetwork with

sensonyfeedback Thenetwork hasaninputlayerwith 2 sen-
soryinputnodesJabelledS, aninputnodel, andabiasnode
B. The sensorynodesrecieve proprioceptve inputsfrom the
manipulatoron joint angles. Thereis one hiddenlayer with

four hiddennodegepresentetly H. Theoutputlayerhastwo

outputnodeswhich sendmotor commandgo the two actua-
torsof therobot,M; andM,

its physicalconsequencaneasuredby the sensorsins some
caseghis changemay be for the worse,but in othersit may
be for the betterwith regardsto the task,andreducethe re-
quirementson control.

6. Discussion

The previous sectionshave illustratedthe computationapo-
tentialof morphology andshovn how understandinghis po-
tential can elucidatethe complex interactionsbetweenmor-
phologyandcontrolobsenedin embodiedagents.Thereare
mary implicationsof this for understandingaturalintelli-
genceaswell asthe designof artificial agents Thesewill be
discussedbelow.

6.1 Morphological Computation

Thethoughtexperimentof Section® and3 demonstratéhat
it is theoreticallypossiblefor the morphologyof an agentto
performa computationafunction. Suchcomputatiorwhich
canbe latently performedby the morphologycanbe called
morphological computation. The knowledge that physical
structurecan perform such computationis as old as Bab-
bages designfor his Analytical Engine, a massve brass,
steam-pwered mechanicalcomputey from 1837. But as



computatiorhasgrown moresiliconizedin the 20th century
a divide hasarisenbetweenthe computationabnd physical
hardwarein roboticsandAl. Thebodyis viewedasan effec-
tor for the computationgperformedby the control hardware.
While this approachs corvenientasit allows for a cleardi-

vision betweenmechanicalnd controllerdesign,it hasled

to a separatiorwhich is someavhatartificial. Moreover, it has
occludedthe understandingf the interactionbetweenmor-

phology and control in both biology and engineering. The
descriptionof the XOR robot senesto remove this occlu-
sion, and shav that computationapropertiescanariseeven
in very simple physicalstructures.It suggestghatit is not
simply a rarephenomenahut perhapsa penasie character
istic of physicalstructuresThus,it shouldbe acknawledged
and scientifically investigatedn the context of roboticsif a
realunderstandingf the physicalworld is to beacheved.

6.2 Explicit morphological computation

TheVaccuuntCleaningRobotdemonstratethatwhenarobot
with latentmorphologicalcomputationis augmentedvith a
sensowhichcansensehebehaioral consequenceit,makes
the computationaffunction definedby the morphologyex-
plicit, suchthatit canbe usedasa standardcomputational
sub-unit,atary stageof processing.

The fact that this is possibleshowns that morphological
computationis not simply a way of viewing the transforma-
tion of motor commandgo physicalbehaior asa computa-
tional processbhut thatit is a realcomputatiorasis tradition-
ally understoodandcanbe usedaccordingly

6.3 Using computational and motor functions

The VaccuumCleaningRobot also shaws that in a system
where appropriatesensingenablesthe explicit use of mor-
pohologicalcomputation,a controller can exploit both the
computationahndmotor functions. This canbe achevedby
separatinghetwo functionsin time, andalternatingoetween
them.

6.4 Duality

In engineeringit is traditionalto think of a singlecomponent
of asystermperforminga singlefunction. Thus,in mostcases
in humanengineeredechnologyeachcomponentisuallyhas
a singlefunction, andif it hasmorethanonefunction, it is
usuallyusedo performonly oneof thematatime. Thismod-
ular approachto designis the basisof humanengineering,
which leadsto atacit belief in the ideathat naturalsystems
may also be designedaccordingto theseprinciples. How-
ever, in the caseof anintelligentembodiedagent,this does
not needto be the case. Although, it is difficult for human
engineerdo conceptualizeit is possiblefor a single action
of anagentto sene both motorandcomputationafunctions
at the same time. In fact, mary physicalactionperformedby
anembodiedagenthave theinherentpossibilityfor duality of

function.

In orderto illustratethe conceptandshow thatit is rele-
vantfor naturalintelligence,a simple examplefrom human
behaior is given. Considerthe casewhentherearea large
numberof coinson a deskwhich mustbe countedmorethan
canbe countedthrougha cursoryvisualinspectionjandthey
mustbe put away in a drawer underthe desk. Notice that
thereare two componentgo the task requirements.Oneis
the computationataskof countingthe coins,which involves
thedevelopmenbf anabstractepresentatiofnumber)based
ontheenvironmentalcondition. Theseconds aphysicaltask
of relocatingthe coinsfrom the desktopto thedrawer. There
are multiple ways of accomplishingthis, but one common
approacho thetaskthathumansause,is to slide the coinsoff
the desktopinto the drawver one by one, countingeachone
in the process.In this simplebehaior, the actionof sliding
the coin into the drawer hasduality of function. One func-
tion is computational:it senesto separatehe coin which
hasalreadybeencountedirom the setof coinswhich hasnot
beencounted.Thesecondunctionis physical:relocatingthe
coinsfrom thedesktopto thedrawer. Thesetwo functionsare
seamlesslyntegratedinto oneaction,without any conscious
forethought. The exampledemonstratethatif the opportu-
nity arisesto utilize duality of function, naturalintelligence
hasbeendesignedo beableto exploit it.

The VaccuumCleaningRobot, however, wasan example
of “humandesign”in thatthe computationatole of thebody
wasseparatedrom thephysicalrolein time. Thishadthead-
vantagehatit highlightedthe useof the computationafunc-
tion of the body, by separatingt from its physicalrole. How-
ever, theoretically no suchseparations necessaryit should
be possibleto designsystemsawvhich usetheir physicalstruc-
turefor bothphysicalandcomputationapurposestthesame
time.

6.5 Effect of the environment

The environmentplays an importantrole in morphological
computationln thethoughtexperimentsof Section2 and3,
the systemswvereembeddedn a single environment. How-
ever, whenthe ervironmentof the systemchangesthefunc-
tions describingthe systemwill also change. This is very
clearto seein the examplespresented. Considerthe case
whenthe OR robot is placedon a downhill incline. Now,
the robot movesforward regardlesof whetherthe actuators
areactive or not. The computationafunctionof the structure
changed.Thus,the ecologicalnicheis crucialfor the partic-
ular characteristicef the morphologicalcomputatiorwhich
arise.

6.6 Morphology and Control

It hasbeenunderstoodn the studyof adaptie behavior that
embodimentanleadto simplified control. However, therea-
sonsfor this have not beenclear It hasbeenknown thatin-
teractionof looselycoupledsensorimotoprocessewith the



dynamicsof the body givesriseto emergent behaviorswhich
arenotexplicitly representeth thecontroller(3)(6)(7). How-
ever, the mechanisnof emegenceitself hasnot beenfurther
investigated.By shaving herethat the body canperforma
computationakole, the basisof suchemegencecan begin
to be understood.In somecasesat leastit is canbe under
stoodthat the body provides the “computationalglue” be-
tweenlooselycoupledsensorimotoprocesses.

Thereis still, however, a long way to go in understand
ing the relationshipbetweenmorphologyand control. Par
ticularly it needgo be understoodvhatcharacteristicef the
morphologyaffect controlrequirementsandhow. It is likely
thatfurtherinvestigationinto this areawill requirethe devel-
opmentof new analyticaltechniquego identify andquantify
the computationatontributionsof a morphology

If suchanunderstandinganbe acheved, however, it will
open a whole newv realm of possibilitiesto designrobots
whichincorporatéintelligence” in their bodies.By utilizing
smartmorphologiesvhich areknown to optimize dynamics
for control, morerobustand adaptve agentswill be ableto
bedesigned.

7. Conclusion

This paperintroducedthe conceptof morphological compu-
tation, computatiorperformedoy themechanicastructureof
arobotbody To show the existenceof suchcomputationan
example of a robot controlled by perceptronnetworks was
given, which utilizing the structureof its morphologywas
ableto displaythe XOR functionin its behaior. The XOR
function beinglinearly inseparablevould have beenimpos-
sible to acheve with only a perceptronnetwork, and thus
provesthatthemorphologycanperformacomputationatole.

This wasfollowed by the descriptionof a vaccuumclean-
ing robotwhich usedthe computatiorperformedby its body
in its own neural control. The example demonstratedhat
the computationperformedby the body is both explicit and
real. Furthermorejt explicitly illustrateda situationwhere
the morphologyreplacedpart of the computationakontrol.
Theillustration shedsnew light on how smartmorphologies
couldreducecontrol.

Futurework will focuson developinga theoreticalframe-
work for morphologicacomputatiorwhichwill provide ana-
lytical methoddor studyingthecomputationatole of arobot
body This could be usedto guidethe designof smartme-
chanicalstructures,which will be able to exploit the mor-
phologyto reducecontrol.
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