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hAbstra
t. This paper presents work on reprodu
ing 
omplex forms ofanimal learning in simulated Khepera robots using a behaviour-basedapproa
h. The work di�ers from existing behaviour-based approa
hes byimplementing a path of hypotheti
al evolutionary steps rather than usingautomated evolutionary development te
hniques or dire
tly implement-ing sophisti
ated learning. Following a step-wise approa
h has made usrealise the importan
e of maximising the number of behaviours and a
-tivities in
luded on one level of 
omplexity before progressing to moresophisti
ated solutions. We 
all this in
lusion behavioural holism andargue that su

essful approa
hes to 
omplex behaviour based roboti
smust be both step-wise and holisti
.1 Introdu
tionAfter abandoning traditional top-downma
hine learning (ML) methods for learn-ing novel robot behaviours be
ause of their inherent diÆ
ulties with expressinglearning biases and ba
kground knowledge, we have taken a behaviour-based(BB) [2℄ approa
h where 
omplex learning behaviours are implemented throughstep-wise in
reases and modi�
ations to already adaptive behavioural founda-tions.In order to 
ondu
t a number of experiments implementing basi
 adaptiveanimal behaviours, we developed a framework of programmable, learning, ar-ti�
ial neural 
ir
uits (PLANCS) [8℄. It provides a neural 
ir
uit 
lass whi
hemulates an independent 
omputational node. The neural 
ir
uit abstra
tion isalso a neuron-inspired extension of an obje
t oriented BB ar
hite
ture 
alledEdmund [5℄, that supports 
ir
uit level 
ognitive modelling.During this work we have developed two guidelines that extend traditionalBB roboti
s with respe
t to developing 
omplex behaviours, in parti
ular learn-ing behaviours. We 
all the development approa
h des
ribed by The guidelinesa step-wise and behaviourally holisti
 approa
h. The terms step-wise and be-haviourally holisti
 are further des
ribed in Se
tion 2. Two of the experimentswe 
ondu
ted on reprodu
ing animal behaviours are presented in Se
tion 3. Theexperiments are done using the Webots Khepera robot simulator [7℄. Se
tion 4suggests how an analysis of human evolution 
an be used to provide a road-mapfor step-wise, holisti
, BB roboti
s. Finally, Se
tion 5 dis
usses the relationship



between the holisti
 and the ALife approa
hes to roboti
s, and answers some
ommon 
riti
isms of our work.2 A Step-Wise, Holisti
 Approa
h to Roboti
s2.1 De�ning the Approa
hOur step-wise, holisti
 approa
h to implementing 
omplex behaviours in robots
ontains two additions to the re
ommendations of behaviour based roboti
s:1. Implement a hypothesised path of evolutionary steps to a desired animalbehaviour.2. In
lude a maximum number of di�erent behaviours and a
tivities on ea
hevolutionary level.2.2 A Step-Wise Approa
hBrooks' original rules for BB roboti
s [3℄, suggested taking inspiration fromevolution. We suggest a more extreme approa
h where rather than just tryingto implement a desired set of behaviours inspired by evolution, ea
h step ofa hypothesised histori
al evolutionary path to a desired set of behaviours isimplemented.The motivation for retra
ing evolution in implementation is that the 
omplexbehaviours found in animals and humans are so poorly understood that robustand eÆ
ient dire
t implementations are impossible. In these 
ases, retra
ingevolution for
es an investigation of the evolutionary history of the behaviour inquestion.Undertaking a 
omplete behavioural investigation 
an be preferable to imple-menting a brittle or ineÆ
ient approximation, something whi
h has often beenthe result of trying to implement 
omplex behaviours dire
tly.What we 
all 
omplex behaviours are behaviours that are not dire
tly im-plementable. Our failure to implement automated learning of novel robot be-haviours dire
tly was originally the inspiration for resear
hing a behaviour-basedapproa
h to su
h learning.An Evolutionary Theory of Learning One of the main sour
es of inspiration forour holisti
 development is the growing amount of knowledge of the physiologyand evolutionary history of biologi
al systems that is found in areas su
h asethology, neuro-s
ien
e, and the 
ognitive s
ien
es. There is 
urrently a wides
ope for using this knowledge in AI implementations.In parti
ular Moore [12℄ presents a 
lear theory of how in
reasingly 
omplexforms of learning might have developed. Below we list the main types of learningas presented by Moore, with 
ontributions from other theories added in itali
s.{ Imprinting{ Alpha Conditioning



{ Pavlovian Conditioning{ Operant Conditioning{ Skill Learning{ Imitation{ Language LearningThis list of learning types is not 
omplete, and interesting questions are raised
on
erning types of learning not in
luded in this hierar
hy su
h as 
lassi�
ationand insight.2.3 Behavioural HolismThe se
ond re
ommendation re
e
ts the realisation that 
omplex behavioursthat involve learning always relate to more basi
 underlying behaviours support-ing a number of a
tivities. Complex behaviours 
annot be thoroughly exploredwithout being emerged in a ri
h behavioural 
ontext. The evolutionary historiesof behaviours are highly interrelated, and looking at a limited number 
an notreveal all the details ne
essary for a 
omprehensive understanding.Learning is also a problem that needs to be stri
tly biased if it is to besu

essful. The way biases are introdu
ed in biologi
al systems is through ahierar
hi
al stru
turing of data and 
ontrol [6℄. This kind of stru
turing is doneby pre-existing neural 
ir
uitry, and the more e�e
tive biases we need, the moreunderlying 
ir
uitry we must provide.Below we present the three main arguments for the need of behaviouralholism.Con
lusions from Our Own Work As we analysed in
reasingly 
omplex formsof 
onditioning, it be
ame diÆ
ult to design natural learning problems to testthe di�erent learning types due to the poverty of the underlying 
ontrollers. Indesigning an experiment for demonstrating alpha 
onditioning, we needed therobot to re
ognise that a 
ertain stimulus would regularly o

ur together withfood. The underlying 
ontroller 
ould only re
ognise other robots and food, sowe had to invent an arti�
ial pink box sense.If a holisti
 approa
h had been taken, we would have had a number of sensesrelated to other basi
 behaviours to 
hoose from so that our alpha 
onditioningexperiment would have been more natural and perhaps brought up issues ofbehaviour integration that were missed be
ause of the arti�
ial nature of ourpink box sense.Our BB analysis of 
onditioning points out that in
reasingly 
omplex learn-ing behaviours learning need an in
reasing number of underlying behaviours tosupport it.Arguments from Cognitive Roboti
s In 1997, Brooks 
riti
ised work in BBAIfor not having a wide enough behavioural repertoire [4℄. He re
ognises the vastlyri
her set of abilities needed by robots in order to a
t like a human, and suggestswork be done on a
tivity intera
tion and 
ontrol.



Brooks expli
itly lists 
oheren
e as an issue to be 
onsidered in 
ognitiveroboti
s. Coheren
e is a 
omplex and poorly understood problem that involvesmany di�erent sub-systems. A step-wise, holisti
 approa
h provides a study of in-
reasingly 
omplex manifestation of problems spanning many sub-systems, su
has 
oheren
e, learning and 
ommuni
ation. For 
omplex behaviours, this kind ofstudy is ne
essary to provide solutions of a

eptable quality.In Se
tion 4 we suggest analysing human evolution in order to 
reate a road-map of human behavioural evolution as a means to support a holisti
 approa
h.Arguments from Evolution Zoologists have provided one of the strongest argu-ments for a holisti
 approa
h to AI:No single 
hara
teristi
 
ould evolve very far toward the mammalian
ondition unless it was a

ompanied by appropriate progression of allthe other 
hara
teristi
s. However, the likelihood of simultaneous 
hangein all the systems is in�nitesimally small. Therefore only a small advan
ein any one system 
ould o

ur, after whi
h that system would have toawait the a

umulation of small 
hanges in all the other systems, beforeevolving a further step toward the mammalian 
ondition.T.S. Kemp [11℄This quote was also used in [1℄, whi
h in addition presents the following exam-ple. In order to maintain a 
onstant body temperature and extend their periodsof a
tivity, warm blooded animals need to 
onsume an order of magnitude morefood than 
old-blooded animals. As a result, they have 
hanged the way they
hew food, their breathing, their lo
omotion, their parenting behaviour, theirsenses, their memory 
apa
ity, and their brain size.In 
ognitive modelling, we 
an make simultaneous 
hanges, but we 
annotmake large 
hanges to some types of behaviour without appropriately advan
ingothers.3 Experiments on Adaptive Behaviours3.1 Reprodu
ing Animal LearningWhat our experiments show is that it is possible to implement 
ertain types oflearning using a step-wise BB approa
h rather than a dire
t implementation. Thegoal of our work is to provide new eÆ
ient solutions to learning problems where
urrent solutions are ineÆ
ient or brittle solutions, in parti
ular the learning ofnovel behaviour patterns, but also traditional problems su
h as natural languagea
quisition.As ne
essary in a step-wise approa
h, we �rst looked at low level learningme
hanisms. We 
ondu
ted four experiments on habituation learning, spatiallearning, behaviour re
ognition, and basi
 asso
iation. The experiments were
hosen in order to re
e
t both di�erent types of learning and di�erent typesof a
tivities. The habituation and spatial learning experiments are 
on
erned



with navigation and feeding, the basi
 asso
iation experiment 
on
erns withfeeding and avoiding danger by re
ognising poison. The behaviour re
ognitionis 
on
erned with �ghting and 
ourtship displays. From the four F's of animalbehaviour, feeding, 
eeing, �ghting and pro
reation, we have tou
hed on all butpro
reation.Below we present only the experiment on behaviour re
ognition, as it bestdisplays the working of the step-wise approa
h.3.2 Demonstrating Behaviour Re
ognitionThe Experiment Our �rst attempt at modelling a more 
omplex form of learningwith two intera
ting adaptive layers, was a 
ourtship display experiment. In thisexperiment, two robots used a display behaviour to avoid the injuries of physi
al�ghting. These kinds of displays are 
ommon in animals and are one of thesimplest forms of animal 
ommuni
ation [10℄.The Environment In order to simulate 
on
i
t behaviours, it was ne
essary toprovide a simulated environment with a number of features. To support physi
al�ghting, we gave ea
h robot a 
ertain strength and we simulated physi
al damageby making energy levels drop noti
eably and proportionally to the opponentsstrength whenever the Kheperas were in physi
al 
onta
t.3.3 A Step-Wise SolutionThe solution to this restri
ted form of behaviour re
ognition 
onsisted of threeevolutionary steps or layers: the rea
tive intera
tion layer, the learning from�ghting layer and the display layer.Rea
tive Intera
tion As a basis for more 
omplex intera
tions, we implementeda rea
tive behaviour where a robot always tries to get in physi
al 
onta
t with,i.e. atta
k, its opponent when is sees it 
lose by. In Figure 1 we present the
ir
uits that implement the rea
tive intera
tion. These 
ir
uits illustrate howwe build more 
omplex learning behaviours on top of simpler solutions. TheApproa
hFeederPositionController that the rea
tive intera
tion behaviour is puton top of is the solution to the mapping experiment. Up to this level, the robotstake no noti
e of other robots.A Khepera sense was added whi
h re
ognises when the opponent is in athreatening position, i.e. near by and fa
ing our robot. In su
h 
ases, a tou
hKhepera drive whi
h inhibits all other behaviour, approa
hes the other robot ina simulated �ghting behaviour. This simple rea
tive behaviour would in the longterm lead to the simulated death of the weakest robot.Learning from Fighting The �rst adaptive layer implemented to support be-haviour re
ognition was a layer where the robots learn whi
h one is the strongestby the amount of damage they take. A memory 
ir
uit is then used in thisbehaviour to remember the pain of being the weakest robot. This memory is
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Fig. 1. Rea
tive Robot Intera
tionsupported by a pain sense whi
h pi
ks up losses of energy and a fear emotionwhi
h is a
tivated by the pain sense. After a fear based memory is established,an avoidan
e drive ensures that the weakest robot avoids its opponent in thefuture. The 
ir
uits involved in the �ghting behaviour are presented in Figure 2.
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Fig. 2. Learning from FightingLearning from Courtship Displays On top of the �ghting layer, we implementeda 
ourtship display layer whi
h took the form of a stand-o� initiated by theKhepera sense. In a stand o�, the robots remain motionless for an amount oftime 
orresponding to their strength. This behaviour needed a strength senseand a memory 
ir
uit to keep tra
k of how long the robot had been displaying.These two 
ir
uits were used to support a Khepera stronger sense whi
h wasa
tivated when it be
ame 
lear that the other Khepera was stronger.



This use of memory 
an be des
ribed in the habituation type learning frame-work as in
reased sensitisation of a yielding behaviour, where the strength sensea
ts as a threshold.The stand-o� was over when one robot re
ognised the opponent as stronger.This re
ognition �red the fear emotion and a basi
 memory was 
reated usingthe same 
ir
uit that was used in the physi
al �ghting layer.The �nal addition was to let the avoid Khepera fear drive inhibit the displaydrive in order to yield and as a result break up the stand-o� by no longer takinga threatening stand. The 
ir
uits used to implement the display behaviour ontop of the �ghting behaviour are displayed in Figure 3.
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Fig. 3. Learning from Courtship Displays3.4 Con
lusionsOur experiments show that a number of di�erent forms of animal learning 
anbe reprodu
ed in simulated Khepera robots using a step-wise approa
h. Theexperiments together with a PLANCS based analysis of the 
lass of learningproblems 
alled 
onditioning [15℄ indi
ate that a step-wise and behaviourallyholisti
 approa
h is suÆ
ient for implementing these forms of learning. More
omplex forms of learning however would need to be studied expli
itly before we
an evaluate the feasibility of �nding a solution using this approa
h.4 A Road-Map from EvolutionWhen hypothesising a path of evolutionary steps to a desired behaviour, it ishelpful to have a 
lear pi
ture of the evolutionary ba
kground of that behaviour.



To in
lude appropriate behaviours with sensible levels of sophisti
ation atea
h step in a holisti
 manner, it is helpful to have an idea of what types ofbehaviours and levels of sophisti
ation are likely to have 
oexisted during evo-lution.We suggest that an analysis of human evolution in terms of 
o-existing be-haviours of di�erent evolutionary sophisti
ation as well as bodily 
omplexity 
anbe a helpful road-map for a step-wise, holisti
 approa
h to BB roboti
s.Figure 4 gives an idea of what su
h a road map might look like. It presents sixnumbered evolutionary stages. Between the stages are behaviours and physi
alattributes that are likely to have 
oexisted during evolution. Figure 4 is roughlyput together from an introdu
tory level text on evolution [16℄ and is only meantto 
onvey the idea of how a road-map would look. It is not meant to ex
lude anydimension of behaviour that has an evolutionary history if a better knowledgeof that dimension would fa
ilitate development.
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Fig. 4. Human Evolution as a Road-Map to Roboti
sCommuni
ation Communi
ation is a dimension of behaviour whi
h was notin
luded in Figure 4. This aspe
t of behaviour spans all of evolution, has a dra-mati
ally in
reasing 
omplexity and on a human level 
onstitutes the importantareas of produ
tion and re
ognition of spee
h and text.The holisti
 approa
h was developed to study learning, another type of se
-ondary behaviour. It should also provide results in the area of 
ommuni
ationsin
e the evolutionary histories of the two behaviours are 
losely interrelated.



Presumably, there are other dimensions of behaviour or in
uen
es on be-haviours that 
ould be added to Figure 4. We 
ontinue to seek dis
ussion aboutour analysis and also aim to update it with new results from the relevant s
ien
es.Currently Unrea
hable Problems In roboti
s, resear
h is 
urrently taking pla
eon issues on all the di�erent levels of 
omplexity presented in Figure 4 and verylittle work has been done on integrating behaviours in holisti
 frameworks. Thebehaviours on the lower levels might be studied in isolation with some 
redibility,while in the levels further up, one-dimensional resear
h gets less and less usefulin an AI 
ontext.Existing resear
h in areas like planning, reasoning, and language re
ognitionand produ
tion, has produ
ed important s
ienti�
 results and impressive soft-ware engineering tools, but it is not obvious that any of these tools have a pla
ein 
omplex roboti
 systems.5 Dis
ussionStep-Wise, Holisti
 Approa
hes and ALife Our reason for not taking an auto-mated sear
h approa
h to evolutionary roboti
s the way the ALife 
ommunitydoes [14℄ is primarily be
ause we believe that it is more eÆ
ient to implement
urrent theories from the relevant s
ien
es dire
tly, than it is to express thosetheories in the form of �tness fun
tions and environments in order use auto-mated sear
h to �nd solutions. It 
an be argued that the solutions found usingautomated sear
h are more robust and 
an take into a

ount parameters that arenot known to the developers. Automated sear
h might also provide new knowl-edge about spe
i�
 problem domains. We believe that these possible results donot warrant the abandonment of our approa
h. Our approa
h has an engineer-ing emphasis rather than an automated sear
h emphasis, but we see the twomethods as 
omplimentary and believe that the automated sear
h approa
h toevolutionary roboti
s would also bene�t from adopting our holisti
 prin
iples.Common Criti
ism It has been suggested to us, and from our results it is some-times tempting, to try to 
reate a neural 
ir
uit based model for high levellearning in order to 'solve' the problem of high level learning. We think theutility of su
h an e�ort would be limited. Our experiments are an explorationof basi
 forms of learning and do not test a pre-formulated hypothesis aboutlearning. We do not want to 
ommit to a general theory of learning su
h as e.g.arti�
ial neural networks or reinfor
ement learning. Our e�ort seeks to restri
tthe sear
h spa
e for 
ommon animal learning problems by providing supportingneural stru
tures. The learning problems that remains should be solvable usingany learning te
hnology.The ba
kground for this reasoning is that be
ause of the evolutionary 
ostof adaptability, it is likely that any evolved learning me
hanism will be a simpleform of learning pla
ed in a 
omplex behavioural 
ontext, rather than a moreun
onstrained 
omplex learning me
hanism with a larger probability of learning



the wrong things. This belief is reinfor
ed by the way many form of learning,previously thought to demand 
omplex learning frameworks, su
h as spatiallearning and imitation, turn out to be implementable using simple adaptive
ir
uits strategi
ally pla
ed within 
omplex behavioural 
ir
uitry. It is furthersupported by the presen
e of the ne
essary 
ontextual neural 
ir
uitry in animals[13, 9℄.Referen
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