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Abstract

In this pap er w e prop ose and justify a metho d-

ology for the dev elopmen t of the con trol systems,

or `cognitiv e arc hitectures', of autonomous mobile

rob ots. W e argue that the design b y hand of suc h

con trol systems b ecomes prohibitiv ely di�cult as

complexit y increases.

W e discuss an alternativ e approac h, in v olv-

ing arti�cial ev olution, where the basic build-

ing blo c ks for cognitiv e arc hitectures are adaptiv e

noise-toleran t dynamical neural net w orks, rather

than programs. These net w orks ma y b e recurren t,

and should op erate in real time. Ev olution should

b e incremen tal, using an extended and mo di�ed

v ersion of genetic algorithms. W e �nally prop ose

that, so oner rather than later, visual pro cessing

will b e required in order for rob ots to engage in

non-trivial na vigation b eha viours.

Time constrain ts suggest that initial arc hitec-

ture ev aluations should b e largely done in sim-

ulation. The pitfalls of sim ulations compared

with realit y are discussed, together with the im-

p ortance of incorp orating noise. T o supp ort our

claims and prop osals, w e presen t results from

some preliminary exp erimen ts where rob ots whic h

roam o�ce-lik e en vironmen ts are ev olv ed.

1 In tro duction

This pap er �rstly giv es an analysis whic h prop oses that

an ev olutionary approac h to the design of rob ots can b e

exp ected to sup ercede design b y hand; it then explores

issues arising from this, and presen ts results from some

preliminary exp erimen ts: using an extended genetic al-

gorithm, w e ha v e ev olv ed con trol arc hitectures for a sim-

ulated v ersion of a ph ysical rob ot constructed at Sussex.

An ev olutionary approac h to real rob otics w as dis-

cussed at a 1987 w orkshop (3), and in the con text of

subsumption arc hitecture b y a studen t of Bro oks (27);

but no practical results ha v e b een rep orted. A n um b er

of researc hers ha v e sho wn the metho d to b e viable for

sim ulated rob ots in highly simpli�ed sim ulated w orlds

(1), but ha v e not had to face the exp onen tial increase

in complexit y that follo ws with progress from to y w orlds

in to the real w orld.

Indep enden tly in 1991, w e (as mem b ers of the Prance

consortium) made a researc h prop osal to use an ev olu-

tionary approac h in dev eloping real autonomous rob ots

(24); and Bro oks prop osed at Ecal -91 in P aris a di�er-

en t ev olutionary approac h, using genetic programming

(9).

Straigh tforw ard Genetic Algorithms (GAs) use ev olu-

tionary ideas for function optimisation, and are not im-

mediately applicable to rob otics. Necessary adaptations

to GAs are discussed in (14). This pap er concen trates

on other issues, in particular whether the cognitiv e ar-

c hitecture of a rob ot should b e ev olv ed in the form of a

Beha vioural Language, as adv o cated b y Bro oks, or in the

form of arti�cial neural net w orks. W e argue that there

are go o d reasons for the latter approac h.

After setting the stage with these theoretical consider-

ations w e go on to rep ort on preliminary sim ulation ex-

p erimen ts in ev olving con trol net w orks for simple rob ots

equipp ed with a few touc h sensors. The sim ulations are

not naiv e { they are based on observ ations of a real rob ot

and attempt to mo del the ph ysics of its in teractions with

the w orld.

2 In teresting rob ots are to o di�cult to

design

T raditional approac hes to the dev elopmen t of au-

tonomous rob ot con trol systems ha v e made only mo dest

progress, with fragile and computationally v ery exp en-

siv e metho ds. This is largely b ecause of the traditional

implicit assumption of functional decomp osition | the

assumption that p erception, planning and action can b e

analysed indep enden tly of eac h other.

In con trast, recen t w ork at MIT bases rob ot con trol ar-

c hitectures around b ehaviour al de c omp osition (6, 8). In

theory , this in v olv es analysing indep enden t b eha viours

of a rob ot or animat ,

1

suc h that eac h b eha viour can b e

`wired in' all the w a y from sensor input to motor out-

put. Simple b eha viours are wired in at �rst, and then

more complex b eha viours are added as separate la y ers,

a�ecting earlier la y ers only b y means of suppression or

inhibition mec hanisms.

It is extremely di�cult to foresee all p ossible in terac-

1

A nimat : sim ulated animal or autonomous rob ot (28).



tions with the en vironmen t, and b et w een separate parts

of the rob ot itself (8, 22). Designing appropriate cogni-

tiv e arc hitectures is a task with inheren tly explosiv e com-

plexit y . Complexit y is lik ely to scale m uc h faster than

the n um b er of la y ers or mo dules within the arc hitecture

| it can scale with the n um b er of p ossible in teractions

b et w een mo dules.

T o design cognitiv e arc hitectures for rob ots with emer-

gen t b eha viours hence requires either (a) a computation-

ally in tractable planning problem (10) or (b) a creativ e

act on the part of the designer | whic h is to b e greatly

admired, though imp ossible to formalise. In b oth cases

it seems lik ely that the limits of feasibilit y for real rob ots

doing useful things are curren tly b eing reac hed.

3 Let's ev olv e rob ots instead

If, ho w ev er, some ob jectiv e �tness function can b e de-

riv ed for an y giv en arc hitecture, there is the p ossibilit y of

automatic ev olution of the arc hitecture without explicit

design. Natural ev olution is the existence pro of for the

viabilit y of this approac h, giv en appropriate resources.

Genetic Algorithms (GAs) (12) use ideas b orro w ed from

ev olution in order to solv e problems in highly complex

searc h spaces, and it is here suggested that GAs, suitably

extended in their application, are a means of ev ading the

problems men tioned in the previous section.

The arti�cial ev olution approac h will main tain a p op-

ulation of viable genot yp es (c hromosomes), co ding for

cognitiv e arc hitectures, whic h will b e in ter-bred and m u-

tated according to a selection pressure. This pressure

will b e con trolled b y a task-orien ted ev aluation function:

the b etter the rob ot p erforms its task the more ev olu-

tionarily fa v oured is its cognitiv e arc hitecture. Rather

than attempting to hand-design a system to p erform a

particular task or range of tasks w ell, the ev olutionary

approac h will allo w their gradual emergence.

There is no need for an y assumptions ab out means to

ac hiev e a particular kind of b eha viour, as long as this

b eha viour is directly or implicitly included in the ev alu-

ation function. Bro oks' subsumption approac h w as men-

tioned ab o v e as a con trast to the dogmatic assumptions

of functional decomp osition implicit in m uc h of tradi-

tional rob otics. Nev ertheless, it is similarly not nec-

essary to b e dogmatically committed to an exclusiv ely

b eha vioural decomp osition. By allo wing either t yp e of

decomp osition, the ev olutionary pro cess will determine

whether in practice either one, or neither, should c har-

acterise the rob ots' cognitiv e arc hitecture.

4 An incremen tal, sp ecies approac h

An animal should not b e considered as a solution to a

problem p osed 4 billion y ears ago. Nev ertheless, in the

short term, adaptations in a sp ecies ma y b e usefully in-

terpreted as solving particular problems for that sp ecies.

So when using the ev olution of animals as a source of

ideas for the ev olution of animats , GAs should b e used

as a metho d for searc hing the space of p ossible adapta-

tions of an existing animat , not as a searc h through the

complete space of animats . The basis for extending stan-

dard GAs to cop e with this has b een w ork ed out in (14).

The implications are that the p opulation b eing ev olv ed

is alw a ys a genetically-con v erged sp e cies ; and that in-

creases in genot yp e length, asso ciated with increases in

complexit y , can only happ en v ery gradually .

This of course has strong resem blances to Bro oks' in-

cremen tal approac h, wherein `lo w-lev el' b eha viours are

wired in and thoroughly debugged, b efore the next la y er

of b eha viour is carefully designed on top of them. The

di�erence with the approac h w e adv o cate is that of sub-

stituting ev olution for design.

5 The use of sim ulation

Arti�cial ev olution requires that the mem b ers of a size-

able p opulation m ust b e ev aluated o v er the course of

man y generations. In the case of the ev olution of au-

tonomous rob ot con trol systems, to date it has b een as-

sumed it w ould tak e far to o long to do all of these ev alua-

tion in the real w orld (15, 9, 24, 3). Instead it is suggested

that most ev aluations should b e done in sim ulation. In

the short to medium term this seems a sensible strategy

but w e ha v e strong doubts ab out its long term viabilit y .

Assuming the use of sim ulation for the time b eing, it

is crucial that it is k ept as closely in step with realit y

as p ossible. A n um b er of tec hniques can b e used to this

end. Firstly , the sim ulation can b e calibrated at regular

in terv als b y carefully testing the arc hitectures ev olv ed in

the real rob ot. Serious discrepancies should b e ironed

out. Secondly , accurate sim ulations of the inputs to the

rob ot sensors and the reactions of the actuators should b e

based on carefully collected empirical data. Thirdly , and

ab o v e all, noise m ust b e tak en in to accoun t at all lev els.

In order to acquire the desired lev el of accuracy it ma y b e

necessary to use a mixed hardw are/soft w are sim ulation

in whic h sim ulated signals are fed in to hardw are sensors

or actuators and the resp onse is read directly . The use

of lo w resolution sensing mak es this approac h feasible. It

is imp ortan t to remem b er that it is not our w orld that

is b eing sim ulated, but the rob ot's.

A range of unstructured dynamic en vironmen ts should

b e used in the sim ulation. A cognitiv e arc hitecture that

has ev olv ed to cop e with a range of suc h en vironmen ts

is m uc h more lik ely to b e robust than one ev olv ed to

op erate in a single w ell structured w orld.

If adaptiv e noise-toleran t units, suc h as neural nets,

are used as the k ey elemen ts of the con trol system, then

100% accuracy is not required. Discrepancies b et w een

the sim ulations and the real w orld, as long as they are

not to o big, can b e treated as noise; the system can adapt

to cop e with this.



In the long term, as the rob ots b ecome more sophisti-

cated and their w orlds more dynamic, will the sim ulation

run out of steam? The sim ulation of a medium resolution

visual system with, for instance, motion detection pre-

pro cessing is painfully slo w on to da y's hardw are. T ec h-

niques to test man y generations of con trol systems in real

w orlds will ha v e to b e dev elop ed. W e are curren tly pur-

suing the dev elopmen t of one suc h tec hnique: see (11)

for further details.

6 What should w e ev olv e?

So far w e ha v e not addressed the question of what exactly

it is that is b eing ev olv ed. There are at least three useful

w a ys to implemen t the con trol system of an autonomous

rob ot:

� An explicit con trol program, in some high lev el lan-

guage;

� A mathematical expression mapping inputs to out-

puts, e.g. a p olynomial transfer function;

� A blue-prin t for a pr o c essing structur e , a net w ork of

simple pro cessing elemen ts.

6.1 High L evel Pr o gr ams

In (9), follo wing a suggestion b y Langton, Bro oks pro-

p oses using an extension of Koza's genetic programmi ng

tec hniques (18) as the metho d for ev olving a ph ysical or

sim ulated rob ot.

One p oten tial problem with ev olving a programmi ng

language is that, if it supp orts partial recursion, pro-

grams to b e ev aluated ma y nev er halt, unless some ar-

bitrary `time-out' is imp osed. Bro oks' Beha viour Lan-

guage (7) do es not use partial recursion, and hence can

b e ev olv ed without this problem. Sub ject to the quali�-

cation that Genetic Programming should ha v e genot yp e

length c hanges restricted to small steps his approac h at

�rst sigh t seems reasonable, but w e ha v e t w o broad ob-

jections.

The �rst is that an y suc h programmi ng approac h

treats the `brain' as a computational system, pro ducing

a set of motor outputs for an y giv en set of sensor in-

puts. This snapshot view of cognition has b een the main

paradigm in AI, but w e supp ort an alternativ e view of

agen ts as dynamical systems rather than computational

systems, whic h are p erturb ed b y their in teractions with

the en vironmen t, whic h is also a dynamical system. This

view is expressed in (19, 5, 26), and will not b e dev elop ed

further here.

The second ob jection, whic h is supp orted b y our sim-

ulation results, is that the primitiv es manipulated in the

ev olutionary pro cess should b e at the lo w est lev el p ossi-

ble, and this is in con trast to Bro oks' use of higher lev el

languages. The Beha vior Language, BL, is in e�ect a

blueprin t for a net w ork of Finite State Automata, and

the target language Bro oks prop oses for Genetic Pro-

grammi ng is an ev en higher lev el language, GEN, whic h

can b e compiled in to BL.

Our in tuitions are based on the notion that an y high

lev el seman tic groupings necessarily restricts the p ossi-

bilities a v ailable to the ev olutionary pro cess, compared

to the alternativ e of letting the lo w est lev el of primitiv es

b e manipulated b y genetic op erators. The h uman de-

signer's prejudices are incorp orated within their c hoice

of high-lev el seman tics, and these restrictions giv e rise

to a m uc h more coarse-grained �tness landscap e, with

steep er precipices. It migh t b e though t that the use of

lo w-lev el primitiv es necessitates enormously man y gen-

erations of ev olution with v ast p opulations b efore an y

in teresting high-lev el b eha viour emerges, but our sim u-

lations sho w that this is not the case at all.

A further factor concerning high-lev el languages is that

the injection of noise in to an ything other than the lo w est

lev els b ecomes di�cult to justify . F or a net w ork consid-

ered to b e mo delled at a ph ysical lev el it is easier to

justify the insertion of noise at man y p oin ts within the

system, and as will b e seen this app ears to ha v e v aluable

e�ects, not least in making the �tness landscap e more

blurred and hence less rugged for ev olution.

6.2 Polynomial T r ansfer F unctions

There are a n um b er of close relationships, in this con-

text, b et w een p olynomial transfer functions and arti�cial

neural net w orks, not least that the input-output asso ci-

ations of most neural net w orks can b e arbitrarily closely

appro ximated b y a p olynomial function and vice v ersa.

Clearly the problem of brittleness and halting is not an

issue, y et neither sc heme is computationally restricted.

Ev en for mo dest n um b ers of inputs and outputs, the

most useful transfer function ma y b e a highly complex

non-linear expression with man y terms; the searc h space

is p oten tially v ery large. Sim ulation results suggest

that the searc h space, except for lo w dimensions, lac ks

structure, resulting in the GA degenerating in to random

searc h. Similar results for the related problem of system

iden ti�cation ha v e also b een rep orted (16).

The robustness required for useful b eha viour in the

real w orld is almost certainly going to demand either

some degree of adaptation or an expression complicated

enough to co v er a wide enough range of situations. The

latter leads to the problems describ ed ab o v e. The former

will require auxiliary systems iden ti�cation algorithms

whic h will seriously complicate matters b y b eing compu-

tationally exp ensiv e (25) and requiring error measures.

6.3 Neur al Nets

Ev olutionary approac hes to designing connectionist net-

w ork arc hitectures are manifold, e.g. (17, 13, 21, 23); All



these ha v e used some form of genetic algorithm to searc h

through a pre-de�ned �nite space of p ossible net w ork ar-

c hitectures. In other w ords, at a more or less sophisti-

cated lev el, the basic arc hitecture has b een de�ned with

some parameters left as v ariables, and the GA has b een

used to t w eak the parameters to optimal v alues. It is

argued in (14) that for the equiv alen t of rob ot ev olution

it will b e necessary to extend this to op en-ended ev olu-

tion instead, with signi�can t implications. Nev ertheless,

the ev olv abilit y of connectionist net w orks in general is

clearly established.

It migh t b e argued that in practice connectionist net-

w orks are sim ulated on a serial computer; and in turn

that a serial T uring mac hine can b e sim ulated with a

connectionist net w ork. This do es not mean that their

ev olv abilit y is the same. T o build a connectionist net-

w ork as a virtual mac hine on top of a con v en tionally

programmed computer do es not alter the fact that the

virtual mac hine ma y b e suitable for ev olutionary dev el-

opmen t whereas the underlying real mac hine is not | the

m utations of structure are at the virtual mac hine lev el

only . The price paid for this, ho w ev er, is the computa-

tional ine�ciency of sim ulating one t yp e of computation

with another.

Concise sp eci�cation on the genot yp e of sub-net w orks

or mo dules whic h ma y b e rep eatedly used is p ossible,

pro vided that there is a mec hanism to in terpret suc h

sp eci�cations sev eral times analogously to the w a y sub-

routines are called within a program. The desirabilit y

of adaptation has b een men tioned ab o v e, and ob viously

arti�cial neural net w orks allo w for this. The massiv ely

parallel nature of neural nets enables v ery fast implemen-

tation in the appropriate hardw are, in con trast to the

necessarily (lo cally) serial in terpretation of a b eha viour

language.

What sort of network?

There are go o d grounds for thinking that a generalised

form of connectionist net w ork could b e one v ery appro-

priate class. Let us start with three basic axioms:

1. The `brain' should b e a ph ysical system, o ccup ying

a ph ysical v olume with a �nite n um b er of input and

output p oin ts on its surface.

2. In teractions within the brain should b e mediated

b y ph ysical signals tra v elling with �nite v elo cities

through its v olume, from the inputs, and to the out-

puts.

3. Sub ject to some lo w er limit of an undecomp osable

`atom' or no de, these three axioms apply to an y ph ys-

ical sub v olume of the whole brain.

A justi�cation for the third axiom is that of the in-

cremen tal dev elopmen t of the whole b y alterations and

additions o v er ev olutionary timescales. The consequence

of these axioms, as can b e seen b y shrinking in an y

fashion the surface con taining the original v olume, is a

net w ork mo del where in ternal no des are the undecom-

p osable atoms, and connections b et w een inputs, in ternal

no des and outputs are through directed arcs b y signals

taking �nite times. Suc h a net w ork can b e arbitrarily

recurren t. The assumption of only a �nite n um b er of in-

put/output p oin ts on an y surface means that this is not a

�eld theory . It rules out of this mo del suc h more general

metho ds of ph ysical in teraction as migh t b e assumed to

b e in v olv ed with, e.g. di�use c hemical neurotransmitters

in the h uman brain.

No assumptions ab out the op erations of the no des

ha v e y et b een made. The simplest assumptions w ould

b e those of standard connectionist mo dels. Input signals

are w eigh ted b y a scalar quan tit y; all output signals are

iden tical when they lea v e the no de, b eing calculated from

the w eigh ted sum of the inputs. If this w eigh ted sum is

passed through a sigmoid or thresholding function, then

w e ha v e the non-linear b eha viour w e ha v e learn t to kno w

and lo v e. So far the only generalisation this mo del has

when compared with the picture giv en in (20) is that

timelags b et w een no des need to b e sp eci�ed. But a whole

new univ erse of p ossible dynamical b eha viours is op ened

up b y this extension.

Suc h net w orks are more di�cult to analyse than stan-

dard feedforw ard ones. Ho w ev er with an ev olutionary

approac h it ma y not b e necessary to analyse how it

works , but rather one should b e able to assess how go o d is

the b ehaviour it elicits . This is no short-cut recip e, but

requires that the in ternal complexit y of the `brain' (of

an organism or a mac hine) b e dep enden t on the history

of in teractions with its w orld; the more the complexit y

that is required, the longer the history that is needed to

mould it.

A particular t yp e of net w ork falling under this general

classi�cation, and used in the exp erimen ts describ ed in

this pap er, is describ ed in more detail in section 9.1.

7 Timing issues

The practical problems of timing should b e tak en note

of. The rob ot will ha v e timing circuitry to sync hronise

sensing, con trol and motor activities. This should not

cause an y undue problems for the implemen tation of

ev olv ed neural net w orks. As long as they op erate us-

ing discrete time in terv als, then ev en complex recurren t

net w orks can b e handled in a straigh tforw ard manner.

The more general and p ossibly more p o w erful class of

async hronous con tin uous time net w orks are a little more

di�cult but create no signi�can t problems. Arbitrar-

ily complex p olynomial transfer functions, whic h ma y

in v olv e a length y computation, are certainly more di�-

cult to handle than discrete time net w orks. P oten tially

non-halting high lev el programs with man y conditional
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Figure 1: Plan view of simple six-sensor rob ot.

branc hes are harder still.

8 Rob ots need vision

In autonomous rob ot na vigation, a n um b er of sensor

tec hnologies are commonly emplo y ed to enable the task

of na vigation. F or the purp oses of the discussion that

follo ws, it is useful to emplo y the distinction found in

the biology literature b et w een exter o c eptors and inter o-

c eptors . An extero ceptor is a receptor (i.e. sensor) whic h

detects stim uli external to an animal, e.g. ligh t or sound;

an in tero ceptor senses or detects stim uli that arise inside

the animal, e.g. blo o d pressure.

The dev elopmen t of a successful na vigating rob ot de-

p ends on �nding a satisfactory com bination of extero-

ceptors and in tero ceptors. Here the discussion fo cusses

on the extero ceptors w e en visage necessary for our rob ot.

The ma jorit y of recen t pro jects in autonomous

b eha vioural

2

rob otics ha v e not emplo y ed vision as a

primary extero ception mec hanism. Most commonly ,

mec hanosensory \whisk ers" and \bump ers", or activ e

ranging devices (suc h as ultrasound depth sensors or

laser ligh t-strip ers) ha v e b een emplo y ed. Suc h sensors

are essen tially pr oximal sensing devices. That is, they

only pro vide reliable data for the immediate surround-

ings of the rob ot. Suc h rob ots are th us forced to emplo y

primitiv e na vigation strategies. The most common suc h

strategy is \w all follo wing", where the rob ot m ust alw a ys

main tain sensory con tact with a sizeable static external

surface, suc h as a w all of the rob otics lab. W all-foll o wi ng

rob ots that lose sensory con tact with all external surfaces

often su�er from sensor-blindness, the c hief symptom of

whic h is a signi�can t degradation, or total loss, of na vi-

gation abilit y .

In some restricted b eha vioural or ecological nic hes,

w all-follo wi ng is a satisfactory na vigation strategy , and

sensor-blindness can b e o v ercome b y w andering un til sen-

sory con tact is re-established. The need for more sophis-

ticated na vigation comp etences, whic h w e tak e as man-

ifest, is only lik ely to b e o v ercome fully b y an increased

reliance on distal sensors | in particular, vision.

2

I.e., subsumption-b ase d or reactiv e-syst ems rob otics.

There is gro wing researc h in the �eld of moun ting com-

puter vision systems on mobile rob otic platforms { an

approac h referred to as animate vision (2). While man y

pro jects are underw a y in dev eloping animate vision sys-

tems, w e are not a w are of an y where ev olution is em-

plo y ed in preference to design.

Although using vision do es not eliminate problems

suc h as sensor-blindness, it do es pro vide a ric h source of

information concerning an agen t's external en vironmen t.

Whether designing or ev olving a visual system, a n um-

b er of factors ha v e to b e tak en in to accoun t. Signi�can t

factors include:

� The discretization of the sampling of the optic arra y ,

i.e. ho w man y pixels do w e w an t in the images our

rob ot samples, and what sort of geometry should the

image ha v e (a square raster is not necessarily con-

v enien t). The n um b er of pixels in the image has a

manifest e�ect on the bandwidth of the visual pro-

cessing c hannels.

� The angular exten t of the vision system's �eld of view

{ should the rob ot b e equipp ed with 360

o

vision or

will a more restricted �eld of view su�ce?

� The visual angular resolution of the rob ot's optics.

Should the vision system emplo y a uniform resolu-

tion, or ha v e some sort of spatially v arian t \fo v eal"

(non uniform) vision system? Man y animals ha v e res-

olution whic h v aries across the visual �eld. T ypically

this is a result of the need for high-resolution vision

for certain tasks (predation or iden tifying mates) cou-

pled with a need for a wide �eld of view, sampled at

a lo w er resolution.

That man y animals, particularly insects, successfully

o ccup y their ecological nic hes using lo w-resolution lo w-

bandwidth vision as a primary source of extero ception in-

formation indicates that suc h an approac h (as opp osed to

high resolution and bandwidth) is w orth exploring within

an ev olutionary rob otics con text, in the �rst instance at

least.

Simulation vs. R e ality in Vision

F or the ev olutionary approac h to b e successful, metho ds

of v arying the details of the visual sampling and the sub-

sequen t pro cessing of the visual signal are imp erativ e.

Ev olutionary learning can b e accelerated if the p op-

ulations undergoing ev olution exist within a sim ulated

system. The problem here is in ensuring that the sim-

ulated visual systems corresp ond in a useful manner to

the ph ysical visual systems with whic h the rob ot will b e

equipp ed. While suc h sim ulations are p ossible in princi-

ple, the computational demands so on b ecome consider-

able and, unless the necessary pro cessing hardw are (e.g.
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Figure 2: Noisy neuron transfer function.

sp ecialised graphics pip eline pro cessors) is readily a v ail-

able, it is en visaged that ph ysical instan tiation of the

visual systems w ould b e required at an early stage.

F or a ph ysical rob ot to b e equipp ed with a vision sys-

tem that has v ariable sampling bandwidth, geometry ,

visual exten t, and angular resolution, requires that the

camera(s) moun ted on the rob ot are capable of o�er-

ing p erformance at the upp er limits of what is en visaged

necessary . F or example, a high-resolution image can b e

subsampled (with a v eraging or smo othing) to pro vide a

lo w er-resolution image. This could b e done under genetic

con trol, whic h is a v ery crude �rst step to w ards ev olving

sensors.

Whether the image-capture mec hanism is real or vir-

tual, the image-pro cessing sc heme can b e sim ulated (i.e.

the parallelism can b e sim ulated rather than em b o died in

truly parallel hardw are). But as the imaging bandwidth

increases, or if the rob ot's sp eed of reaction is critical,

sp ecialised image pro cessing hardw are (with suitably ad-

justable parameters) w ould b e required.

En visaging what is necessary for the rob ot is lik ely only

to b e p ossible after some exp erience with it: a circularit y

whic h rev eals that some iteration is required b et w een

the sim ulation w ork and the building of real rob ots { a

pluralist approac h will b e the most fruitful.

9 Preliminary Exp erime n ts

A real rob ot assem bled in the Engineering Departmen t

at Sussex has b een sim ulated using the metho dology es-

tablished ab o v e. The b eha viour of the motors prop elling

the wheels has b een mo delled for the outputs, as ha v e

inputs from whisk er and bump er touc h sensors. Sim u-

lation of a lo w resolution insect-t yp e visual system has

b een added and results using that are describ ed in an-

other pap er (11). This is part of an ongoing pro ject at

Sussex to dev elop an ev olutionary approac h to rob otics,

with increasingly sophisticated tasks leading to na viga-

tion using learn t visual landmarks.

The �rst phase of the w ork explored the metho dol-

ogy using careful sim ulations. Results from this are pre-

sen ted here. W e are no w in to the second phase of the

w ork whic h will directly calibrate the sim ulations using

the real rob ot. A further phase, describ ed in (11), also

just b egun, will lo ok at the ev olution of visually guided

b eha viours without using sim ulations at all.

A plan view of the rob ot used in the sim ulation exp er-

imen ts is sho wn in Figure 1. The rob ot is cylindrical in

shap e with t w o wheels to w ards the fron t and a trailing

rear castor.

The wheels ha v e indep enden t driv es allo wing turning

on the sp ot and fairly unrestricted mo v emen t across a 
at


o or. The signals to the motor can b e represen ted as a

real v alue in the range [ � 1 : 0 ; 1 : 0]. This range is divided

up in to �v e more or less equal segmen ts, dep ending on

whic h segmen t the signal falls in to, the wheel will either:

remain stationary; rotate full sp eed forw ard; full sp eed

bac kw ard; half sp eed forw ard; or half sp eed bac kw ard.

The aim of the exp erimen ts w as to ev olv e `neural-st yle'

net w orks to con trol the rob ot in a v ariet y of en viron-

men ts. Before going on to describ e the exp erimen ts in

detail, the particular t yp e of neural net w orks used, and

their genetic enco ding, will b e describ ed.

9.1 The neur al networks

As explained in Section 6.3 w e adv o cate the use of con tin-

uous real-v alued net w orks with unrestricted connections

and time dela ys b et w een units. These can b e though t of

as something lik e analogue circuits with real-v alued sig-

nals con tin uously propagating through the connections.

Our exp erience, and also that of others (4), is that this

sort of net w ork can supp ort a range of b eha viours, de-

p ending on its exact couplings with the w orld, and so

is highly adaptiv e without using Hebbian-t yp e w eigh t

c hanges or the lik e.

The particular net w orks used in the exp erimen ts ha v e

a �xed n um b er of input no des, one for eac h sensor, and

a �xed n um b er of output units, t w o for eac h motor. As

all the units are linear threshold devices with outputs in

the range [0 : 0 ; 1 : 0] � R , t w o units are needed to giv e

the motors a signal in the range [ � 1 : 0 ; 1 : 0] � R . If the

output signals from these four output units are lab elled

S

o 1

, to S

o 4

then, the left motor signal is giv en b y S

o 1

�

S

o 2

, and the righ t motor signal is giv en b y S

o 3

� S

o 4

.

Eac h unit is a noisy linear threshold device. In ternal

noise w as added b ecause w e felt it w ould pro vide further

useful and in teresting dynamical prop erties. An y ph ysi-

cal implemen tation of our nets w ould b e lik ely to include

naturally o ccurring noise an yw a y . The input-output re-

lationship for suc h a no de is sho wn in Figure 2, whic h

w as generated b y plotting the output for a �xed set of

inputs ten times and o v erla ying them.
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Figure 3: The genetic enco ding sc heme

Within the net w orks t w o t yp es of connection are al-

lo w ed: normal and v eto. A normal connection is a

w eigh ted link joining the output of one unit to the input

of another. A v eto connection is a sp ecial in�nitely in-

hibitory connection b et w een t w o units. If there is a v eto

connection b et w een units a and b , and a 's output exceeds

its v eto threshold, then all normal connection outputs

from b are turned o� (though in the curren t implemen-

tation, further v eto outputs are not a�ected). The v eto

threshold is alw a ys m uc h higher than the lo w er thresh-

old for the normal signal. The v eto mec hanism is a crude

but e�ectiv e mo del of phenomena found in in v ertebrate

nerv ous systems.

3

As w ell as the input and output units, eac h net w ork

will ha v e some n um b er of `hidden' units. This n um b er is

not presp eci�ed { the genot yp es can b e a v ariable length.

The genetic enco ding sp eci�es prop erties of the units and

the connections and connection-t yp es emanating from

them. It is no w describ ed in more detail.

9.2 The genetic enc o ding

The genetic enco ding used is illustrated in Figure 3.

The genot yp e is in terpreted sequen tially . Firstly the

input units are co ded for, eac h preceded b y a mark er.

F or eac h no de, the �rst part of its gene can enco de no de

prop erties suc h as threshold v alues; there then follo ws a

v ariable n um b er of groups eac h represen ting a connec-

tion from that no de. Eac h group sp eci�es whether it is

a normal or v eto connection, and then the target no de

3

F or example, feed-forw ard inhibition of the lo cust lgmd visual

in terneuron acts as a v eto to prev en t the lgmd from pro ducing

transien t resp onses caused b y dela ys in earlier pro cessing. See e.g.

(29, pp.77-78).
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Figure 4: Results of simple exp erimen t. See text for further

explanation .

indicated b y jump-t yp e and jump-size. The jump-t yp e

allo ws for b oth relativ e and absolute addressing. Rela-

tiv e addressing is pro vided b y jumps forw ards or bac k-

w ards along the genot yp e order; absolute addressing is

relativ e to the start or end of the genot yp e. These mo des

of addressing mean that o�spring pro duced b y crosso v er

will alw a ys b e legal.

The in ternal no des and output no des are handled simi-

larly with their o wn iden tifying genetic mark ers. Clearly

this sc heme allo ws for an y n um b er of in ternal no des. The

v ariable length of the resulting genot yp es necessitates

a careful crosso v er op erator whic h exc hanges homolo-

gous segmen ts. In k eeping with Sa ga principles, when

a crosso v er b et w een t w o paren ts results in an o�spring

of di�eren t length, suc h c hanges in length (although al-

lo w ed) are restricted to a minim um .

9.3 The physics: simulating movement

In the exp erimen ts describ ed next the con tin uous nature

of the system w as mo delled b y using a �ne-time-slice sim-

ulation. A t eac h time step the sensor readings are fed

in to the neural net w ork. The con tin uous nature of the

net w orks is sim ulated b y running them (sync hronously

up dating all units inputs and outputs for a n um b er of

iterations (ab out 100), with a v ariance to coun ter dis-

torting p erio dic e�ects) and then con v erting the outputs

to motor signals. The new p osition of the rob ot is then

calculated b y using the appropriate kinematic equations.

Using the wheel v elo cities, the motion is resolv ed in to a

rotation ab out one wheel plus a translation parallel to

the v elo cit y v ector of the other. Standard Newtonian

mec hanics are used. Ho w ev er, the motion is not mo d-

elled as b eing wholly deterministic: noise is injected in to

the calculations. Collisions are handled as accurately as

p ossible | using observ ations of the real system. The



Figure 5: Motion of a single rob ot con trolled b y an ev olv ed net w ork.

nature of the collision dep ends on sp eed and angle of

incidence as w ell as the shap e of the obstacle.

This t yp e of sim ulation is not p erfect, it can and will

b e made more accurate, but w e feel it is realistic enough

to tak e our results seriously .

9.4 The exp eriments

Eac h of the follo wing exp erimen ts w as run for 50 gener-

ations, eac h with a p opulation size of 40. The crosso v er

rate w as set at 1.0, while the m utation rate w as of the

order of 1 bit p er genot yp e.

Figure 4 sho ws the results for an exp erimen t in whic h

a con trol net w ork w as ev olv ed using an ev aluation func-

tion whic h encouraged w andering in a cluttered o�ce-

t yp e en vironmen t con taining w alls, pillars and do orw a ys

(see Figure 5). Robust con trol net w orks w ere fa v oured

b y scoring eac h genot yp e sev eral times for a single �t-

ness ev aluation. The rob ot w as alw a ys started from the

same p osition in the same orien tation, and w as scored

on ho w far a w a y from its starting p osition it mo v ed in a

�xed time p erio d. On eac h scoring run the rob ot faced

a di�eren t set of situations b ecause of the noise in the

system. The minimum of the scores ac hiev ed w as tak en

as the �tness v alue for the genot yp e. The rob ots w ere

started from rest with no initialising signals; in ternal

noise w as su�cien t to allo w �tter nets to settle in to use-

ful initial states. The b ottom line on the graph sho ws

the �tness of the b est individual in eac h generation. The

top line sho ws the b est score ac hiev ed b y an y mem b er of

the p opulation for an y of the runs making up its ev alua-

tion set. The fact that these t w o lines con v erge indicates

that more and more robust net w orks b egan to app ear.

Clearly v ery go o d con trol net w orks ha v e ev olv ed for this

simple sp eci�c task. Figure 5 sho ws a short run b y a

rob ot con trolled b y one of these net w orks. As a matter

of con v enience, the rob ot's whisk ers are sho wn mo ving

through ob jects. It can b e seen that the net w ork gener-

ates a `mo v e in a straigh t line at full sp eed' b eha viour

when in free space, and v arious rotational mo v emen ts

when presen ted with obstacles. Mem b ers of earlier gen-

erations had far more random b eha viours, sp ending most

of their time in messy collisions or just sitting still.

Figure 6 sho ws a t ypical b eha viour generated b y a net-

w ork ev olv ed under a ev aluation function describing a

m uc h more di�cult task. The ev aluation function mea-

sured the area of the enclosed p olygon formed b y the

rob ot's path o v er a �nite time p erio d. This time the

rob ot w as alw a ys started at random lo cations with a ran-

dom orien tation. Note the rob ot turns fairly smo othly on

encoun tering obstacles. In earlier generations collisions

w ere m uc h more messy .

Figure 7 giv es in teresting comparativ e results for dif-

feren t �tness functions based on the ab o v e ev aluation

function. It sho ws the b est, a v erage and w orst scores of

the b est individuals p er generation scored o v er its ev al-

uation set as in the previous exp erimen t.

The upp er graph w as obtained b y taking the �tness to

b e the aver age of the small n um b er of runs in the ev alu-

ation set; the lo w er graph w as obtained b y taking the �t-

ness to b e the worst of the runs. Eac h run started from a

random p osition with a random orien tation. The results

clearly sho w that ev aluating from the a v erage giv es a b et-

ter a v erage p erformance but a v ery p o or noisy w orst p er-

formance. Ev aluating from the w orst pushes the w orst



Figure 6: Motion of a rob ot ev olv ed to maximise the area of the

b ounding p olygon of its path o v er a limited time p erio d.

and a v erage m uc h closer together, pro viding a far more

robust solution.

Figure 8 sho ws a net w ork ev olv ed in this second exp er-

imen t. It is fairly complex with man y feedbac k lo ops, but

it is in terpretable in terms of generated b eha viours. If

it reminds y ou of a b o wl of spaghetti without the b olog-

nese sauce and c hian ti, this is probably partly due to

the fact that there is no term in the ev aluation functions

that p enalises unnecessary links. Ho w ev er, initial p op-

ulations are started with individuals ha ving (randomly)

one or zero in ternal no des; the n um b er can only gro w

gradually if that promotes greater �tness. W e exp ect

that more concise net w orks will result if w e in tro duce a

cost for link creation in the ev aluation function, and al-

lo w for the p ossibilit y of non-unit y time dela ys and/or

w eigh ts on connections.

These early exp erimen ts with primitiv e b eha viours

ha v e clearly b een successful: w e ha v e built on them b y

ev olving net w orks for sigh ted rob ots; further details of

the w ork in v olving vision are giv en in (11).

10 Conclusions

There is no evidence to suggest that h umans are go o d

at designing systems whic h in v olv e man y emergen t in-
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Figure 7: Comparativ e results for di�eren t �tness functions.

Left-hand graph is where �tness is measured b y the aver age of

a series of tests; righ t-hand graph where �tness is measured as

the worst p erformance in a series of tests. Abscissa is generation

n um b er; ordinate is �tness v alue. See text for further explanation .

Figure 8: An ev olv ed net w ork: no w ork of art, but a w orking

rob ot con troller.

teractions b et w een man y constituen t parts. But robust

con trol systems for rob ots ma y w ell fall under this classi-

�cation. Arti�cial ev olution seems a go o d w a y forw ard,

and it has b een adv o cated in this pap er.

Results from realistic sim ulation exp erimen ts ha v e

b een presen ted. They lend w eigh t to our claim that an

incremen tal arti�cial ev olution is a viable metho dology .
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