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ABSTRACT

The consideration of neurophysiological data fronertebrate nervous systems and various theorie®tadr
control leads to a robust and biologically plausiatchitecture for a neural controller for hexafmmbmotion. It
is an open question as to whether gait generaditimei result of peripheral sensory input, or wheithis a function
of central control. The controller proposed hdterapts to reconcile the two arguments by usingkmeflexes
as observed in the locust to generate the basigsstance cycle, and contralaterally and ipseldyardibitory
central pattern generators to affect coordinatiothe stepping patterns. When this system is nestesing a
network of biologically realistic neurons, it geatas walking patterns that respond adaptively ¢cetivironment.
The patterns generated correspond well to datadfouthe physiological literature.

1. AN INTRODUCTION TO INVERTEBRATE NERVOUS SYSTEMS

The relative simplicity of the invertebrate nervaystem raises the possibility of delineating, wstiding and
simulating the entire nervous system. There arthemrder of one hundred thousand neurons inysters, of
which about half are probably concerned with tfduotion of sensory information. There are on trdepof a
thousand motor neurons and the number of intermsurontrolling and modulating the motor neurorigkawise
quite small (Hoyle, 1976).
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Figure 1. The ladder architecture as illustratedhgyneuronal network of the leech

The fundamental organization of the invertebratwaes system resembles a ladder of ganglia: theg&uare
formed by segmental ganglia and the cerebral andat@anglia form the two ends. The ladder archite can
be found controlling swimming in the leech, crawlin Nereis,chewing in the lobster's stomach, and walking in
insects.

Through the mechanism of inhibitory connectionsieetn ganglia, the ladder circuit forms a pattemegator.
The leech's swimming motion is effected by contoercof the muscles on one side and relaxation erother,
possibly caused by symmetrical spikes firing badles. The patterns provide a low energy operatimoalality -
the neurons settle into a sort of cooperative patteat allows all the neurons to fire maximalks an example,
two identical neurons connected such that eachiistthe other settle into a pattern where theyditernately,
with spikes maximally separated in time. This gitds called the "half-center" model (Pearson,@97Figure 2
shows the results of a simulation which demonstrtite halfcenter model undergoing the process tohiement.
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Figure 2. A simple pattern generator.

Pattern generators often produce several charstitguatterns, each modulated by varying levelsxaftatory or
inhibitory activity on the individual neurons. #nwalking controller, for example, several gaits eaist as
emergenpropertiesof the system, for example, walk, pace, cantet, tnorun. All the patterns are produced by
the same circuit, but are a consequence of difféesmrls of tonic excitation, differential activati of interneurons
in the circuit, or hormonal modulation. The ovehahaviour of the organism is a function of itsqaption of the
environment, modulated by the senses, and cordrbilehe brain.

2: THE NEURAL CONTROL OF LOCOMOTION

The similarity of the walking systems in the cad #ive cockroach suggests that the number of wagptohally
constructing a walking system is quite limited eirkPearson (1976)

This section addresses the question of whethepg##rns are produced primarily through centréiepa control
or through peripheral sensory signals. Thereidezice for both arguments: the cockroach tendpéoate in a
"ballistic mode," moving in straight lines at toplecity using a simple gait. Sophisticated sensiviyen pattern
generation would be superfluous. On the other handnsect taking careful steps on a treachenadiace will
have to rely quite heavily on the information cogirack from its feet (personal communication, B&689).

Locomotor control is similar in all organisms - meed by the brain but controlled locally by thengha. When
the brain of a cat or cockroach is severed fronctrgral nerve cord, it will walk if pushed or pdacon a
treadmill (Pearson, 1976). Clearly, the steppirgion is initiated by sensory feedback. The geteergaits are
not as regular as those produced by an intact &nimaécating the importance of central controlhellocomotion
controller proposed here attempts to reconcilemlzemechanisms. Sensory feedback is shown toffieisnt to
drive the stepping reflex of a single leg, howeseircuit with no central control will generatehat arbitrary gait
patterns unlike the regular patterns produced thighmediating influence of central control.

2.1: THE ROLE OF SENSORY FEEDBACK

Theory suggests that loading sensors preventsdegtrolling ganglia from generating swing sigrausing the

stance phase, thus preventing the swing phaselfeimg initiated when a leg is carrying a significpartion of
the animal's weight (Pearson, 1976). When andéigeis placed down, it begins to carry some weigiieving
the weight on an already placed leg, thereby afigwthat leg to swing. Experiment reveals that lodormation
plays the largest part in allowing an organismdap to different terrains (Kaneko, lhnie, & Tha889).
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Figure 3 - The Stepping Reflex Controller of Be@hjel, and Sterling (1989)

Beer, Chiel, and Sterling used backward and forvagle sensors to detect the extreme leg positimsthus
provided the first step towards a sensory driveohotor controller (Beer, Chiel, and Sterling, 1p88he



controller is illustrated in Figure 3. The backwagaihgle sensor excites the central pattern gemeprmlisposing
it to fire and therefore swing the leg forward. eTforward angle sensor inhibits the pattern generateventing
the central pattern generator from hyperflexingléie The forward angle sensor also excites thenswr motor
neuron to begin the backwards cycle. In the mddstribed by Beer et al, these sensors were bifiding, at the
extreme positions, but providing no detailed postil information.

Natural sensory afferents have nonlinear respoasado the sensors used by the simulations ip#psr. The
more extreme the angle of the leg, the greatesehsory neuron firing frequency. Thus, for verir&xe angular
displacements, the signals can't be ignored, amtharefore analogous to pain. This observationtpthe way to
leaming in the circuit, perhaps via operant conditig (Klopf, 1982). Learning in these reflex ciitsus not
explored in this paper.
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Figure 4. The insect's foot. Diagram after Lausemd Hustert (1988)

The insect's leg has a variety of mechanorecepmonse of which correspond to forward and backwaglea
sensors: the spurs at the back of the foot sigmaiweard extension, strain sensors in the inseat'skeleton act as
forward angle sensors. In addition, the pads erbtittom of the insect's foot, the pulvilli, aradbsensors (see
Figure 4 to the left).

Most of the process of walking is carried out byrfgroups of muscles within the body which use whele leg
as a lever to propel the body forward. The musobegrolling the leg are the flexors, extensorgaters,
depressors, and refractorslexosbring the leg forwardextensorpush it back.Levatorslift the leg, and
depressorpush it down.Retractorsretract the claw at the end of the tarsus.
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Figure 5. The stepping reflex

A detailed, yet conceptually simple sequence o$egnevents drives the stepping reflex. Figurb@&va shows
some of the main connections from sensory affertientsotoneurons, summarizing the data of l-auradt a
Hustert, 1988. In the discussion that follogtsncerefers to the phase of the stepping cycle wheffiotieis in
contact with the ground, armvingrefers to the phase when the leg is swinging fathvipreparation for another
stance phase.

1) Atthe beginning of the stance phase the pulsdhtact the ground, exciting the depressor andatetr
motor neurons and inhibiting the levator motor oegt

2) The excited depressor pushes the foot more dyragginst the ground. Simultaneously, the extettsoists
the body forward. The depressor is thus couplék tlie extensor.

3) The excited retractor pulls the unguis in urité tlaw touches the ground. The claws furthertesxtbie
retractor insuring a firm and reliable contact vitte ground.



4) By the end of the stance phase the claw is feliyacted, and the leg is extended towards theofd¢the
animal. The leg is almost ready to begin the swihgse.

5) The distal anterior spurs touch the ground exgithe depressor motoneurons and inhibiting thatéevand
retractor motorneurons. This provides final thiarstl preparation before the swing phase.

6) Other legs begin to carry the animal's weigle,dlaw relaxes, pressure on the pulvilli is deazdas

7 Inhibition to the levator is almost gone allowithg tarsus and then the leg to be levated. Thisle
swung forward by the flexor in preparation for dretstep.

The dotted connections in Figure 5 illustrate &evefeaction - touching the dorsal surface of Hisus causes a

strong levation reaction. This is a stumble reflethe top of the tarsus hits some obstacle)egés lifted to
avoid the obstacle. Figure 6 shows the completeitias implemented in the simulations.
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Figure 6 - The Stepping Reflex

The proposed controller uses the circuitry of Feg@rduplicated 6 times (once for every leg). Tommglete circuit was
simulated with the Hodgkin-Huxley type neurons dibsdl the Appendix and the connection strength&weanually fine-
tuned. If the six central pattern generators atémterconnected, the circuit walks, driven bysey feedback. The gait

patterns generated by this circuit are highly imtaghowever, due to the lack of any sort of iregr-coordination beyond that
provided by load information. The simulated steppieflex is quite robust and removing connectionsaadomly perturbing

synaptic weights causes the gradual degradatiperddrmance we have come to expect from neural rdteough the
central pattern generator can drive the circuitait be removed from the circuit without signifiteffect to the stepping
reflex, as the main purpose of the central paggemerator neuron is in intra-leg coordination, dsbe detailed in the next
section. A leg will keep stepping even if all cections are corrupted to some small degree, pgindirihe inherent
robustness of this circuit design.

2.2: THE ROLE OF CENTRAL PATTERN GENERATION



Observation tells us that contralateral and adjagains of legs never swing at the same time (Peark976). A
logical way to design a pattern generator, theegferto connect pattern generators (one for eaghih an
inhibitory ladder to produce coordination of alétlegs, as in Figure 7. There is no central mdtmesno
programmed walking pattern. Coordination of thgsles an emergent behaviour of a distributed syst8ettion 3
details a number of modes of oscillation of thigwit. (This hypothetical architecture doesn't teé§ whole story.
Insects placed on water, for example, can proggh#ielves with synchronous contralateral kicks. &om
arthropods can walk backwards or even sideway®sd lre radically different behaviours, eliciteddifferent
sensory input, and are not behaviours supportatigwrchitecture. It is possible that each déferbehaviour is
controlled by a collection of disjoint pattern geaténg circuits, selected by the cerebral gang{léayle, 1976)).
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Figure 7 — The Ladder Architecture

Making the rear legs of the insect longer givesrtiaelower stepping frequency. The inhibitory cartimns

entrain the whole system to the frequency of tla legs, producing metachronal waveyhere a ripple effect can
be seen. In almost all species, the metachrona warts posteriorly and moves anteriorly. Figishows a

time slice of activity in a simulated network ofgeanakers connected in an inhibitory ladder. The o&charging
of the lowest pair of pacemakers has been slowddvisring the tonic current input. By the end oé diagram,

all the pacemakers have been entrained to the sfosepiency.

Figure 8. Entrainment is driven by the slowestlteoirs. In this case the two bottom traces cowasgto the rear-most legs.

The central pattern generators impose their oswilfgpattern upon the reflex circuit of Figure s generating
coordinated walking patterns. The level of the ¢amicitation to the extensor motoneuron contradssiieed of the
stance phase by controlling the power and speélieahrust applied to the leg. The time takertlfierstance
controls the speed at which the animal travelscam$equently the gait. The swing phase alwaystake
approximately the same amount of time (Pearsong)19T7he cockroach can run at a continuous rangpeéds,
the various stepping patterns smoothly blend from o the next. The natural modes of oscillatibthe ladder
architecture are the gait patterns generated bgntdel. It is easy to understand the patternsaoflation, as can
be seen in the following series of diagrams. F@hegait the pattern of inhibition for each phakthe gait is
shown, as is the standard gait diagram over a nuofliegne steps. These gaits are merely represeatas a
continuous range of gaits exists, each blendingoginhpinto the next.

It is the duration of the stance phase relativéa¢oduration of the swing phase that determinegdiite Changing
the length of the swing phase makes the gait sldwdrthe gait patterns remain unchanged when svergus
stance ratios are maintained.



Figure 9. Relationship between the duration of gveind stance phases governs the resultant gait.

Figure 9 summarizes the relationship between thatidm of swing and stance phases. The lengtheo$wing
phase is unimportant, rather, it is the ratio ohgwphase to stance phase which generates theediffgaits.
Swing time has therefore been normalized to 1dktwerate the data in Figure 16. Note that the@idd data
points are representative, and that the gaits drhoblend into one another as the timing of thestaphases is
changed. "Strange gaits" are gaits where the posstegs step very much slower than the antedgs] or gaits
where the stance phase is significantly faster tharswing. Such gaits are not generally obseivedture.

It is clear from the graph that the swing/stand®ria the factor which has the greatest effecth@nresulting gait,
although entrainment of the anterior legs duch&slower speed of the posterior legs is sometinfastar, as
evidenced by the low speed gait.



Figure 10. The tripod gait

This fastest gait (sometimes calleigh gear)alternates between two stable configurations. Mwebetween
every step cycle, all feet are briefly on the grui®n page 325 of Gray, 1968, an example tripddiga
illustrated. The swing versg$ance ratio reported by Gray is 1/1, in Accordamitk the data reported in Figure
9. (I wish to note that data from Gray came to igrdion after this study had been completed, andduded
because of the remarkable coherence between ndateahnd computational results, supporting thdigtige
qualities of the model presented here.)

Figure 11. Medium speed gaits. Either of theseepadtresult according to initial conditions.

The middle speed gait (sometimes cahaiddle gear)s a period three gait. The two gaits shown in Fégulla
and 11b differ by the relative phasing of the &eftl right legs. Naturally occurring gaits occusaitne phasing
combination between the extremes of these two.gaite third combinatorial arrangement which wohé/e the
two sides in phase with each other is impossibtabge of the mutual inhibition of contralateralrpaif legs. The
gait illustrated on p. 322 of Gray shows a medipeesi gait which is half way between the two gélitstrated in
Figure 11. Gray's reported swing/stance ratid2s dgain exactly corresponding to the computatioradel.

Only two legs swing at any time, due to the slostance phase.



The low speed gait (sometimes called gear)is a period four gait. The three extreme phasorffigurations are
shown in Figure 12. Once again, naturally occgrgaits occur somewhere between these extremete thad the
gait in Figure 12a becomes the gait in Figure 11lbel stance phase is speed up slightly. As wighnbedium
speed gait, the variations are produced by diftgpbasing of the right and left stepping cycle.aikg a fourth gait
is impossible to generate because of contralatgnddition. As can be seen in Figure 9, the lowexpgait is the
only gait requiring the effects of entrainmenttuoé rear legs.

At lower speeds, the gait becomes driven by serisisgmation, and as in the case where the cepatiérn
generators are not connected to each other, tkelgEiome can become arbitrary and chaotic, althetable.
Other possible low speed gaits are a metachronag tieat progresses from front to rear, and longpdegaits
which are not detailed herét should be possible to observe all gaits predicteby this model in nature.

3: CONCLUSIONS

A robust stepping reflex has been demonstrateditdras been shown that some form of inter-leg dimation is
necessary to generate regular gaits of the soetredd in nature. The generated gait patterns ageéavith
physiological data.

Future research will involve incorporating varidaehaviours into the controller. One way to do thi® have
several independent controllers, activated by #relaral ganglion. Enough circuits would then ble &t generate
the range of observable behaviours of an insect.

Figure 13. Controlling a variety of behaviors

However, it is possible that rather than actuakigting in an invertebrate's nervous system, tlogseits simply
describe the computation being done by a more geaiecuit of sensory inputs, control inputs, imeuarons, and
integrating ganglia. The individual circuits mighdgt actually exist except as transient configoratiof the entire
nervous system, selected amongst by the cerebwgliga, sensory stimulus, or hormonal modulatién.
possibility then is to start with a more biologiggblausible arrangement, such as that illustratdeigure 14, and



train this more plausible architecture to exhib# tlesired behaviours using one of the standardndigal neural
net training algorithms. This approach has alraadywith considerable success elsewhere (Lockal; €989).

Figure 14 - A more realistic architecture showirfg\a sample connections
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APPENDIX:  SIMULATING THE NERVOUS SYSTEM



The system of equations used to simulate the neucaiits detailed in this paper, and its desooipiis based on
the simple model described in MacGregor (1987 220-227). The equations model the standard earival
electrical circuit of a biological neuron.

Each battery-potentiometer pair represents thaitnambrane conductance of particular ion channetstte
capacitor represents long, electrically polarizpdgroteins in the membrane.

The motion of the charge at the end of these lipi@ims corresponds to electrical current, and vereapplied
electric field displaces such a molecule, the fiemsf energy which moves the protein corresponds ¢lassic
capacitative effect in electromagnetic theory (Meagar, 1987, pp. 246-250). Tfie transmembrane actahces
are typically modulated by synaptic activity, ahd tonductances determine the potential withiméheon.



The complete circuit as implemented in the simatatNote that all large neurons have a self-exaiyat
connection not documented in the text of the papleis connection was suggested by the biologitadiure, but
the need for it could have been satisfied in otheys, such as tonic excitation, or more carefulhed connection
weights. In general, connection weights were nohébto be important, as the exponential responamsty
extreme inputs from the sensors was sufficientite the simulation. The simulation was also founbé largely
robust against broken connections or bad weights.



The physical model of a leg used in the simulatidme coxa was simulated as two revolute joints. dieswere
simulated as linear actuators in agonist-antagaiss. Note the muscles wrapped over the kneeiaddr the
ankle - in the simulation these two were modeletbegue actuators. All muscles functioned as sgrimben no
single was applied. If no signals were applied,l¢égewould return the rest pose illustrated here.

A whimsical illustration of the simulated insechd simulation actually rendered from a 2D top d@srspective.

The author wishes to thank Michael Ellis for hetpimith the programming of the simulation, and im@s
Collins and Dr. Dale Shpak for helpful advice.



