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Abstract

The objective of this thesis is the design and analysis of a novel, compact controller

for the inter-leg coordination of four-legged walking machines. The controller is

implemented using Very Large Scale Integrated (VLSI) technology. It is able to

generate walking behaviors for a four-legged machine, including all of the walking

gaits frequently observed in four-legged animals, and to control turning maneuvers,

without the need of any software. The controller can be interfaced to both sen¬

sory devices and higher order controllers, digital or analog. It is demonstrated that

this controller is useful for applications on a real robot. Further contributions of

this thesis aie (i) a systematic analysis of a previously invented class of discrete-

component walking controllers and two robotic applications using controllers of this

type, and (ii) the demonstration of walking gait learning in a novel way using the

chip interfaced to a digital machine that is running an unsupervised Support Vector

learning algorithm.

Inter-leg coordination means the control of the phase relationships between the

cyclic movements of individual legs during a rhythmic motor behavior that leads

an animal or a robot to successful locomotion. The phase relationships between the

legs determine the walking gait that is used. Four-legged animals display a variety
of distinct walking gaits. Different walking gaits are used in different situations, dis¬

tinguished, for example, by the animals speed or the terrain that is being traversed.

The inter-leg coordination of a walking machine is necessary for the functioning of

the machine. A controller that is furthermore able to coordinate the legs in more

than one way enables the robot to use different gaits in different situations, as ani¬

mals do.

The first part of the thesis (Chapter 2) is devoted to the mathematical analysis of

biologically inspired networks of oscillators implemented with discrete components
that have been used previously, in a rather empirical manner, to control walking
machines (but not with many different gaits). The behavior of these oscillator net¬

works is clarified. Specifically, the pattern generating abilities of these circuits are

analyzed with respect to applications for walking machines, and the minimal archi¬

tecture is found for a network that is able to control the inter-leg coordination of a

four-legged robot such that all the standard animal walking gaits can be generated.
In the remainder of Chapter 2, two different oscillator-networks of this class are

implemented on robots and the resulting behaviors are recorded.

In the second part of the thesis (Chapter 3), the Walking Gait Control (WGC)
chip is introduced. The chip is neuromorphic in the sense that it mimics functions

of the neuronal control circuitry underlying the locomotion of animals. The circuits

on the chip are analyzed mathematically and general results are found concerning
the pattern generating abilities of ring versus chain control architectures. Specif-
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ically, the same minimal network architecture as in Chapter 2 achieves inter-leg
coordination such that all the standard animal walking gaits can be controlled.

The behavior of the chip depends on a set of analog bias voltages. These are the

inputs to the chip and are also referred to as the control parameters of the chip.

Changing the input voltages causes the chip to generate another movement pat¬
tern. This means that the chip reduces the problem of coordinated locomotion

control to a less complex problem, namely the setting of control parameters. The

control parameters can be set by any device that is capable of generating analog
output voltages. Such devices include other neuromorphic chips that perform sen¬

sory (pre-)processing. Digital computers can also be interfaced to the WGC chip,
using commercially available hardware.

The chip's performance on a four-legged robot is tested in Chapter 4. A walking ma¬
chine is constructed for this purpose and a simplified model of the machine's walking
behavior is given. The chip successfully controls all of the standard quadrupedal

walking gaits on this robot.

The last part of the thesis (Chapter 5) deals with learning of movement patterns.
The WGC chip that controls the walking robot is interfaced to a digital computer.
The resulting robotic system is able to learn desired movement patterns, i.e. walk¬

ing gaits, without the intervention of an experimenter. The use of the WGC chip
reduces the motor learning task to a classification problem in a natural way: find

those regions in the chip's input parameter space that lead to a desired gait. The

machine is given a specification of the desired gait. An algorithmic procedure is

introduced that creates unlabeled examples and uses them as training data to solve

the classification problem. The method is based on a recently introduced unsuper¬

vised Support Vector learning algorithm.
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Kurzfassung

Diese Dissertation befaßt sich mit der Entwicklung eines neuartigen Steuerungs-

Chips zur Kontrolle der Gangarten vierbeiniger Laufmaschinen. Der Chip ist mit

Hilfe hochintegrierter analoger Schaltungen in Siliziumtechnologie (aVLSI) aufge¬
baut und kann das Verhalten einer Laufmaschine ohne jeglichen Einsatz von Soft¬

ware so steuern, daß all jene Gangarten, welche man standardmäßig bei vierfüßigen
Tieren beobachtet, im Verhaltensrepertoir des Roboters enthalten sind. Der Chip
kann ausserdem Kurvenmanöver steuern. Dieser Steuerungs-Chip kann sowohl mit

analogen als auch mit digitalen Sensoren, Sensor-Chips und mit Rechnern, die als

übergeordnete Kontrollgeräte fungieren können, verbunden werden. In dieser Ar¬

beit wird gezeigt, daß der Kontroll-Chip sinnvoll auf einem Roboter angewendet
werden kann. Weitere wichtige Beiträge dieser Arbeit sind (i) die systematische

analytische Beschreibung von Schaltkreisen aus diskreten Komponenten, die schon

zuvor als Laufsteuerungen eingesetzt wurden und die Anwendung von zwei solcher

Steuerungsschaltkreise auf einem Testroboter, sowie (ii) das Lernen der Gangarten
durch den Roboter, welches in einer neuen Art und Weise mit einem unüberwachten

Support Vector Lernalgorithmus realisiert wird, der auf einem Rechner in Software

implementiert ist, welcher mit dem Gangarten-Kontroll-Chip des Roboters verbun¬

den ist.

Gangartenkontrolle wird durch die Koordination der einzelnen Beinbewegungen
gewährleistet. Verschiedene Gangarten unterscheiden sich durch die Grösse der

relativen Phasenverschiebungen zwischen den zyklischen Bewegungen der Beine

voneinander. Vierfüsser zeigen eine Reihe unterschiedlicher Gangarten, die sie in

verschiedenen Situationen, je nach Geschwindigkeit und überquertem Terrain be¬

nutzen. Damit eine Laufmaschine sich überhaupt vorwärts bewegt, müßen die

Bewegungen der Beine auf mindestens eine Weise relativ zueinander sinnvoll ko¬

ordiniert werden. Eine Steuerung, die dem Roboter darüber hinaus mehrere ver¬

schiedene Gangarten ermöglicht, ist vorteilhaft, da sie es dem Roboter ermöglicht je
nach Situation unterschiedliche Gangarten zu benutzen, so wie Tiere das ebenfalls

tun.

Im ersten Teil der Arbeit (Kapitel 2) werden spezielle, biologisch inspirierte Schalt¬

kreise analysiert, die aus Netzwerken von gekoppelten Oszillatoren bestehen, welche

mit diskreten Komponenten realisiert wurden und schon zuvor zur Kontrolle von

Laufmaschinen (allerdings nicht zur Gangarten-Kontrolle) eingesetzt wurden. Ins¬

besondere wird analysiert, welche Architekturen dieser Oszillator-Netzwerke ein für

die Gangartenkontrolle von Laufmaschinen nützliches Verhalten aufweisen. So wird

innerhalb dieses Ansatzes die minimale Kontroll-Architektur gefunden, die dazu in

der Lage ist, alle standardmäßig beobachteten Gangarten von Vierfüssern zu mod¬

ellieren.
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Der zweite Teil der Arbeit (Kapitel 3) basiert auf den Ergebnissen aus dem ersten

Teil. Hier wird der Gangarten-Kontroll-Chip vorgestellt, analysiert und getestet.
Dieser Chip kann als neuromorpher1 Chip bezeichnet werden, da er Funktionen

von neuronalen Schaltkreisen nachahmt, welche die Fortbewegung von Tieren kon¬

trollieren. Aus der analytischen Beschreibung ergeben sich allgemeine Resultate für

Netzwerke aus den auf dem Chip verwendeten oszillierenden Schaltkreisen. Dieselbe

Kontroll-Architektur, die aus den Ergebnissen im ersten Teil der Arbeit folgte, ist

auch hier zum kontrollieren der am häufigsten beobachteten Gangarten vierfüssiger
Tiere minimal notwendig. Das Verhalten des Chips hängt von wenigen analogen
Spannungen ab, den Eingangssignalen oder 'Kontrollparametern' des Chips. Die

Kontrollparameter können von jedem Gerät gesteuert werden, welches dazu in der

Lage ist, analoge Ausgangssignale zu erzeugen. Dies können z.B. andere neuromor-

phe Chips sein, die sensorische Daten (vor-)verarbeiten. Digitale Rechner können

mit dem Gangarten-Kontroll-Chip durch handelsübliche Hardware verbunden wer¬

den.

Der Chip wird in Kapitel 4 auf einer Laufmaschine getestet, die eigens zu diesem

Zweck konstruiert wurde. Ein vereinfachtes, analytisches Model der Maschine

wird vorgestellt. Der Chip steuert alle standardmäßig beobachteten Vierfüsser-

Gangarten erfolgreich auf der Laufmaschine.

Im letzten Teil der Arbeit (Kapitel 5) wird es dem Roboter ermöglicht, Gangarten zu

lernen. Der Gangarten-Kontroll-Chip wird mit einem digitalen Rechner verbunden.

Das resultierende Robotersystem kann, ohne auf den Experimentator angewiesen zu

sein, gewünschte Bewegungssequenzen, d.h. Gangarten, lernen. Dadurch, daß der

Gangarten-Kontroll-Chip verwendet wird, reduziert sich die Aufgabe in natürlicher

Weise auf ein Klassifikationsproblem, welches lautet: finde jene Bereiche im Kon¬

trollparameterraum, die zu der gewünschten Gangart führen. Der Maschine wird

nur die Spezifikation der gewünschten Gangart gegeben. Eine algorithmische Proze¬

dur erzeugt im Zusammenwirken mit dem Gangarten-Kontroll-Chip Beispiele, die

benutzt werden, um einen (kürzlich eingeführten) unüberwachten Support-Vector

Lernalgorithmus zu trainieren und somit das Klassifikationsproblem zu lösen.

dieses Wort ist im deutschen Sprachgebrauch nicht weit verbreitet. Es werden damit Systeme
bezeichnet, die neuronale Rechenprozesse nachahmen und die in den meisten Fällen in aVLSI

chips implementiert sind.
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... take a walk on the wild side
...

- Lou Reed
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Chapter 1

Introduction

Locomotion, meaning the progressive motion of an animal, is often the most com¬

plex motor behavior performed in a given species [43]. It is a non-trivial task,

crucially important for the animal's survival, involving the coordination of a large
number of muscles [43]. Locomotion is a highly adaptive behavior [125]. Through

sensory feedback, loops are created which involve the environment and the moving
creature. Locomotion and the control mechanisms underlying locomotion are often

viewed as a model system for understanding the complex functioning of the nervous

system [65]. Besides walking, locomotion also includes swimming, flying, crawling
and snake-like propulsion. This thesis, however, is concerned only with four-legged
locomotion.

Legged animals use distinct walking gaits [3] [84]. Gait transitions help an ani¬

mal to lower its energy consumption at a given speed [58]. Similarly, a legged robot

can make use of different walking gaits depending on its speed and on the terrain.

The physical shape of a walking robot might make some walking gaits more ap¬

propriate for a given terrain and at a given speed than others, not only for reasons

of energy consumption, but also because a particular task, e.g. turning, might be

simplified.

Legged land animals can reach considerable speeds (the fastest being the chee¬

tah, Acmonyx jubatus, at ca. 70 mph [98]) or can move very slowly as tortoises do

[61]. Many legged animals (e.g. squirrels, monkeys) can also use their front paws

for fine manipulations. Currently available walking machines lag far behind the

flexibility and efficiency of walking animals. Handling rough terrain without caus¬

ing major damage to the terrain is very difficult for wheeled or tracked vehicles.

Legged robots can be useful in situations where it is impractical or not desirable to

flatten the terrain to create a path for the machine. Legged machines are used, for

example, for forest work and for de-mining mine-fields [33]. They could also poten¬

tially be used as supplements for wheel chairs [14] or as prostheses. The ultimate

goal is to build walking robots which can perform locomotion tasks m an intelligent
and autonomous way as legged animals do.



2

In this context, it is desirable to control the movement of legged robots in a way

that is similar in essence to the way that walking behavior is controlled in animals.

The control of robotic locomotion places a problem, because the coordination re¬

quired for locomotion is complex. Algorithmic approaches face difficult problems
when they have to deal with many sensors and many actuators [32]. It is necessary

to develop an approach which scales with the number of actuators and the number

of sensors without becoming too complex and therefore too slow or too difficult

to implement. This thesis describes such an approach, implementing principles of

biological locomotion control in a low cost, low power and low weight system (see
Chapter 3). As Lewis et al. [72] recently pointed out, challenges for the future of

walking machines include miniaturization and performance in real-time. This re¬

quires small, low-cost and power-efficient controllers [72].

The problem of controlling legged machines has been a subject of research for sev¬

eral decades (see Sec. 1.2.1). In the present work, a Walking Gait Control (WGC)
chip is introduced that is inspired by biological findings (see Chapter 3). The chip is

based on results obtained from the analysis of a discrete implementation of similar

controllers (see Chapter 2). The WGC chip drives a four-legged robot without any

interface to a digital computer and can incorporate sensory feedback (see Sec. 3.5).
However, the WGC chip can also be interfaced to a digital computer resulting in

a flexible, hybrid system. To demonstrate the utility of this robotic system, an

unsupervised learning algorithm (see Chapter 5) running on the digital computer
is used to automatically fine-tune the parameters of the WGC chip such that the

robot learns to walk with a desired walking gait.

In the following, the work described in this thesis is motivated in the context of

some background information on experimental findings and theoretical models con¬

cerning walking gait control in animals (see Sec. 1.1) and in the context of previous
related work in robotics and neuromorphic engineering (see Sec. 1.2).

1.1 Quadrupedal Walking Gait Control

Different gaits are distinguished for quadrupedal locomotion, according to the pat¬
terns of inter-limb coordination. Muybridge [84] classified eight different gaits based

on the observation of 26 different wild and domesticated four-legged animals. These

gaits are the walk, the amble, the trot, the pace, the canter, the transverse and the

rotary gallop, and the ricochet. The ricochet is a gait used by kangaroos, involving
only two of the four legs of the animal. It was not included in the classification of

four-legged gaits by Alexander [2]. He distinguished gaits by the phase relationships
between the legs (see Fig. 1.1). Since the amble is a fast walk and has the same

phase relationships as the walk, he did not list it as a distinct gait. However, he

included the bound gait and the pronk gait. This distinction between quadrupedal
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Figure 1.1: Gaits used by four-legged walking animals, distinguished with respect

to the relative phase relationships (in units of 2tx) between their legs. Redrawn

from [2].

gaits based on the phase relationships between the animal's feet was adopted later

by other researchers (see for example [109] and [104]) who tried to model gaits and

gait transitions mathematically (see Sec. 1.1.2). In the present thesis, this classifi¬

cation likewise serves as a definition for different quadrupedal gaits.

The walk gait is used by many animals (e.g. cats, horses, dogs, camels, elephants

and cloven-footed animals like the ox [84]) for slow locomotion. The animal's feet

fall in the succession left front (LF), right hind (RH), right front (RF) and left hind

(LH) with phase lags of 0.25 (where 1 denotes a full cycle) between each of them.

Animals solve an optimization problem when they move. On one hand, minimizing

the energy cost for locomotion is advantageous for the animal, on the other hand,

the movement sequence has to guarantee that the animal does not fall. The slower

the gait, the more important it becomes to maintain a stable equilibrium through¬
out the whole movement sequence. One might expect that tortoises, which are very

slow and therefore need to maintain equilibrium, would use a gait that ensures sta¬

bility, such as the walk gait. In fact they move using a gait with the same succession
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of footfalls (LF, RH, RF, LH) but with phase lags of 0.1 between LF and RH, 0.4

between RH and RF and 0.1 between RF and LH [2]. Doing this they rise and fall,

pitch and roll during the movement [2]. The reason for choosing this gait seems

to be that their muscles are slow and therefore cannot exert the forces needed to

maintain a more stable gait ([61] and [1]). Slow muscles can maintain tension at a

lower energy cost than fast muscles [2]. This is an advantage for the tortoise which

neither has to chase prey nor to run from predators. The gait that the tortoise uses

is optimal with respect to stability given the slow characteristics of the tortoise's

muscles [2].

The trot gait is also used by many animals (e.g. cats, horses, dogs, deer, oxen

and their respective seriates [84]). Diagonally opposite feet are in phase with each

other and there is a phase lag of 0.5 between the pairs LF/RH and RF/LH. Ele¬

phants typically use the amble instead of the trot and do not have any faster gaits

[2]. Camels use the pace gait. Here, the legs on each side of the animal are in phase
while there is a phase lag of 0.5 between the pairs LF/LH and RF/RH.

A horse, as it increases its speed, changes from a walk to a trot to a canter and

finally to a gallop to lower its energy consumption [58]. In the canter, LF and RH

move in phase, RF moves with a phase lag of 0.3 relative to LF and finally LH

moves with a phase lag of 0.4 relative to RF. Cats, horses, goats, camels, dogs and

many other animals [84] use the gallop for fast locomotion. Two different types of

gallop are distinguished, the transverse gallop and the rotary gallop. In both gaits,
there is a 0.1 phase shift between the two front legs and also between the two hind

legs. There is a 0.5 phase shift between LF and one of the hind legs, namely the

LH (transverse gallop) or the RH (rotary gallop).

In the bound gait, which is used for example by the Siberian souslik [35], both

front legs move in phase and both hind legs move in phase, with a phase lag of 0.5

between the legs of front and hind girdle. In the pronk gait, all legs move in phase.

In the remainder of this section, experimental evidence is discussed (see Sec. 1.1.1)
which indicates how the inter-limb control that leads to different walking gaits can

be modeled theoretically (see Sec. 1.1.2).

1.1.1 Experimental Observations

In the first half of the nineteenth century, two hypotheses were put forward to ac¬

count for the generation of rhythmic movement patterns (particularly those used

to control locomotion) by the nervous system [41]. One hypothesis proposed that

rhythmic motor behavior is generated by centers in the nervous system, which are re¬

ferred to as Central Pattern Generators (CPGs) or central rhythm generators. The

other hypothesis proposed that a chain of reflexes, elicited by peripheral feedback,
would be responsible for generating rhythmic motion. For decades, a controversial
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debate took place between adherents of these two views. Experimental evidence in

favor of the CPG hypothesis was found in deafferentiation, paralysis and isolation

experiments. The latter method clearly provides the most convincing evidence. All

or part of the nervous system is isolated from the rest of the animal's body. If the

firing pattern recorded in the stumps of appropriate nerve bundles remains coor¬

dinated this must mean that the nervous system is capable of generating phased

output patterns without being attached to sensors, which would clearly support
the CPG hypothesis. A remarkable body of evidence for the CPG hypothesis was

collected for many animals of different species, vertebrates and invertebrates, and

for a variety of movements, amongst them walking, swimming and breathing (for a

review see [29]).

The main argument against the CPG hypothesis was that in individual cases re¬

flexes can produce rhythmic movement patterns and deafferentiation causes such

motor patterns to cease. In the 1930's and 1940's, findings of Gray and collab¬

orators showed that leeches, for example, responded during swimming in such a

way that each movement seemed to trigger the next movement such that the entire

behavior could be viewed as a chain of reflexes [40]. Furthermore, they did not

find rhythmic motor output in the isolated nerve cords of these animals. The latter

observation was falsified in the 1970's by Kristan and Calabrese [69]. Similarly,
reports by Gray and Lismann stating that deafferentiated spinal cords of toads did

not produce coordinated output were falsified in 1970 by Harcombe and Wyman

[49]. Together with the successful isolation experiments in a variety of other ani¬

mals, this suggests that Gray et al. would have found rhythmic motor patterns in

the absence of sensory input, had they treated the preparations carefully enough

[29].

In the early 1980's, Delcomyn [29] concluded in his review of the previous con¬

troversy that the experimental evidence showing that there are regions in the ner¬

vous system that do generate rhythmic patterns in the absence of sensory input is

overwhelming. However, he acknowledges the fact that sensory feedback can stabi¬

lize and in some cases considerably alter motor behavior. In the last few decades,
considerable progress has been made on the identification of the neurons that con¬

stitute those circuits which generate rhythmic output for locomotion (see e.g. [64]).
It should be mentioned that even today models exist which intend to show that

reflexes triggered by sensory feedback are sufficient to model walking behavior [27].

Grillner et al. revealed the circuitry which coordinates the swimming behavior of

the lamprey and provided a detailed cellular analysis of the neural network (see e.g.

[47], [44] and [42]). Distinct excitatory and inhibitory populations of interneurons

were identified. These, together with motorneurons can be modeled as neuronal os¬

cillators. One oscillator controls the muscles of one body segment. The oscillators

are coupled yielding relative phasing of the movements of the segments, which in

turn leads to the trunk movement that the lamprey uses to swim. Stretch receptors
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influence the neuronal oscillators in preparations with intact afférents. However,
these are not necessary for the production of a rhythmic, neuronal motor output

[45].

Walking involves the coordination of multi-jointed movements of multiple limbs. In

higher vertebrates, it is more difficult to experimentally determine the neuronal cir¬

cuitry underlying locomotion. Working from indirect evidence, Grillner attempted
to sub-divide CPGs into so called unit burst generators [41] proposing that there

should be one such generator for each limb. Reciprocal interactions between dif¬

ferent limb centers [82] would then control the phasing between the legs, i.e. the

gait. With currently available experimental techniques, this hypothesis seems to be

difficult to test, particularly for mammals, due to the complexity of the mammalian

spinal cord [19].

Recent work on an amphibian, the mudpuppy (Necturus maculatus), has revealed

that the neural network for walking which controls a single joint (the elbow) of

a limb contains at least two separate rhythm generators, a flexor center, and an

extensor center which excite flexor and extensor motor neurons, respectively [19].
The two centers can work independently. Mutual inhibitory connections between

them are important for the coordination between flexor and extensor. Both centers

receive excitatory and inhibitory sensory inputs which can reset and profoundly
modulate the centrally generated rhythm.

Adaptive changes in inter-limb coordination were shown not to take place in the

spinal cord [125]. Rather they are assumed to happen in the brainstem and the

cerebellum.

1.1.2 Theoretical Approaches

Models of walking gaits based on coupled oscillators can be distinguished by the

way in which gait transitions are controlled [21]. In one class of models, transitions

are induced by changing one global parameter that affects the whole network si¬

multaneously, in the other class, the relative coupling strengths between individual

oscillators are changed locally.

The most general approach to gait control, which is independent of the details of

the oscillator dynamics and the coupling between oscillators, is the group-theoretic
approach. This approach examines how the symmetry of networks of coupled non¬

linear oscillators leads to oscillatory patterns. The onset of an oscillatory pattern is

modeled as a symmetric Hopf bifurcation [38], while transitions between different

patterns are modeled as various symmetry-breaking bifurcations. The bifurcation

parameter can be chosen to be the coupling strength. Collins and Stewart showed

[23], using this approach, that patterns which can be obtained via Hopf bifurcation

in networks of four symmetrically coupled nonlinear oscillators correspond to many
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of the observed quadrupedal gaits, assuming that the signal from one oscillator is

transferred to one leg. An extension of this work uses networks of 4n oscillators to

model 2n-legged locomotion [36] to overcome difficulties encountered with the net¬

works of four symmetrically coupled nonlinear oscillators. One shortcoming of the

four-oscillator networks is that it is necessary to use several different architectures

in order to obtain all of the standard quadrupedal walking gaits (which are shown in

Fig. 1.1). Golubitsky et al. [37] (for further details see [16] and [15]) showed that a

network of eight symmetrically coupled nonlinear oscillators can generate patterns
that correspond to the standard quadrupedal walking gaits.

Another important weakness of the four-oscillator networks is that trot and pace

occur as symmetrically related periodic solutions, also called conjugate periodic so¬

lutions [36]. Conjugate periodic solutions exist simultaneously and should have the

same stability properties. If two different gaits are modeled by conjugate periodic

solutions, the gaits should also coexist in the same animal under similar conditions

and have the same stability properties. This is contradicted by experimental ev¬

idence ([9], [39] and [55]). The eight-oscillator network can model trot and pace

without these unwanted conjugacies [36].

The work of Schöner et al. [104] which uses a synergetic approach, similarly de¬

scribes symmetries of walking gaits group-theoretically. Schöner et al. obtained

gait transitions as phase transitions in the dynamical systems they analyzed. The

group-theoretic approach to CPGs is interesting because it reveals general con¬

nections between the symmetry of the gaits and the symmetry of the underlying
networks. The assumption that a global control parameter is changed to induce

gait transitions is partly supported by some physiological evidence that the output
of a motor CPG can be modified by changes to its descending inputs [105] and by
changes to afferent inputs from peripheral sensory organs [89].

Another physiologically plausible approach was formulated first by Grillner [41]
(as mentioned in Sec. 1.1.1). In Grillner's model, each limb of an animal is con¬

trolled by a separate CPG. The CPGs are coupled through interneurons controlling
the inter-limb coordination. The resulting controller is reconfigured to obtain gait
transitions. Different gaits are controlled by different sets of coordinating interneu¬

rons. This approach is in principle biologically reasonable, but it has not yet been

experimentally established that supraspinal centers recruit functionally distinct sets

of coordinating interneurons to control different gaits. Stafford and Barnwell [108]
adopted these ideas, modeling quadrupedal locomotion with a CPG that consisted

of four coupled networks of oscillators, each of which controlled the muscles of one

limb. By changing the coupling strengths between certain oscillators, they were

able to make the model walk, trot and bound with gait transitions from walk to

trot and from walk to bound.

The same three gaits can also be obtained with a network of four symmetrically
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coupled oscillators without changing the coupling strengths between oscillators, but

instead by changing either internal oscillator parameters or the network's driving

signal [22]. Similarly, Canavier et al. [18] obtained several quadrupedal gaits with a

ring of four coupled oscillators of physiologically reasonable complexity [17]. They

showed that gait transitions could be obtained by variation of the intrinsic prop¬

erties of the circuit's model neurons by changing the global stimulation intensity.

However, changes in the patterns produced by a ring circuit can also be obtained

by changing synaptic properties such as the synaptic strength and the synaptic time

constant, as was shown for a ring of three model neurons [110] with intrinsic dy¬
namics very similar to the ones studied in [18].

In summary, it is theoretically possible to model quadrupedal gait control with

small networks of coupled oscillators. Typically, these networks consist of one os¬

cillator per joint. However, under certain constraints (symmetric coupling between

identical oscillators) it is necessary to use networks of eight oscillators to produce
the frequently observed quadrupedal gaits. Theoretically, it is possible to change
the patterns produced by these networks by variation of a global signal that changes
either the intrinsic dynamics of all oscillators or the coupling strengths between all

oscillators. Alternatively, it is also possible to change the patterns produced by
these networks by changing the coupling strength between certain oscillators lo¬

cally. Both ways of modeling changes in animals' gaits are biologically plausible.
Additional experimental data is needed concerning the functional organization and

operation of locomotor CPGs to determine the actual biological implementation.

For a robotic application, it is of practical use to build the controller for inter-leg
coordination such that a large variety of different gaits (including the ones observed

in animals) can be obtained. It is advantageous to be able to change movement

patterns either abruptly or gradually, depending on the situation. Furthermore, to

build robotic controllers which are minimal solutions, i.e. using as few oscillators

as possible to control the desired variety of walking gaits is advantageous because

it keeps complexity, cost and power consumption of the controllers low. Therefore,
the symmetrical networks discussed first by Collins, Stewart and later together with

Golubitsky and Buono are not necessarily ideal, because for four oscillators, their

output is restricted to a number of patterns too small to account for all frequently
observed quadrupedal gaits (the exact number depends on the specific network ar¬

chitecture [23]). Scaling up the network to eight oscillators allows for more patterns,

but they are restricted by the network symmetry, not always in desirable ways. For

example, the 'canter' gait is modeled by the following phase relationships: with

respect to the LF foot, the phase lag of the RF foot is given by ip, the phase lag
of the LH foot is 0.75 and the phase lag of the RH foot is ip

— 0.25. The in-phase

relationship between LF leg and RH leg (compare Fig. 1.1) requires that ip = 0.25.

The resulting gait is only a crude approximation of a canter, in that it differs from

the phase relationships of the canter as classified by Alexander [2] and used by
Collins and Stewart [23].
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For practical purposes, networks of very simple oscillators are used to control the

locomotion of a robot in the present thesis. The behaviour of a single, isolated oscil¬

lator can be described by linear differential equations with two variables. Possible

control architectures are constrained by the choice of the oscillator. These con¬

straints will naturally lead to a minimal control architecture for robotic four-legged

walking (see Chapter 2 and Chapter 3).

1.2 Previous work

1.2.1 Computer-controlled four-legged walking robots

The first autonomous four-legged walking machine [77] was built in the 1960's and

was controlled by a finite state machine, which is a distributed control scheme

[76]. The controller was implemented on a digital computer and the robot was

programmed to execute a walk gait and, with a slightly modified controller, a trot

gait. Since then, other (four and six-legged) computer controlled, statically stable

robots have been implemented (for an overview, see [62]). The controllers of some

of them were biologically inspired and used distributed controllers ([13] [92] and

[93] [30]) or, more specifically, simulated networks of coupled oscillators ([7] [6]). It

should be noted that considerable progress has been made in the field of dynamic

leg control for robots (see [95] and [96]), but this subject is not a direct objective
of the present thesis.

Some approaches should be emphasized. Control theory can be successfully applied
to walking robots only if the joint torques (or the forces) which must be generated
such that the machine produces a specified pattern of movement can be computed

[120]. Computing the inverse kinematic equations to control a legged machine can

be extremely CPU intensive [78]. Distributed motor control requires less compu¬

tational power [30]. Subsumption architecture, introduced by Brooks in the late

80's (see e.g. [12] and [11]) makes use of this more biologically inspired principle
of distributed control. Subsumption architecture decomposes the control problem
into task-achieving layers. These layers are hierarchically organized. Lower layers
run continually and are unaware of higher layers, but higher layers can choose to

subsume the role of lower layers. The main idea is that layers of a control system

can be built corresponding to each level of competence. By adding a new layer, a

higher level of overall competence can be achieved. Within the scheme of subsump¬
tion architecture, three different biologically inspired models were implemented on

a hexapod and tested with respect to flat and rough terrain locomotion capabilities
and fault tolerance [32]. The implementation consisted of approximately 1500 con¬

currently running processes performing different tasks.

Another biologically inspired controller that is implementing a neural network con¬

trol architecture on a six-legged machine with two degrees of freedom (DOF) per
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leg was introduced by Beer and colleagues (see [6], [20] and [94]). The controller

is composed of six identical sub-circuits, one for each leg. Each sub-circuit consist

of an oscillating pacemaker neuron which, by inhibiting the neurons that make the

leg execute a backward movement while supporting the body and by exciting the

neurons that cause a forward swing, triggers the onset of a series of movements

that result in the step cycle of the leg. Inter-leg coordination is achieved by mutual

inhibition of the pacemaker neurons of adjacent legs. To switch between gaits, a

central command neuron excites all of the pacemaker cells (thereby changing their

frequency) and all of the neurons responsible for backward swing. This network

produces a range of hexapod wave gaits and generates robust locomotion. If this

network was reduced to a controller for four-legged inter-leg coordination, it would

have the architecture of a ring of four symmetrically coupled cells. Applying the

findings of Collins and Stewart [23], this symmetry implies that the resulting net¬

work could control some of, but not all of the standard quadruped gaits.

All of the robots mentioned above are carefully engineered machines and are con¬

trolled by one (or several) digital computer(s) running the algorithms that imple¬
ment the respective controllers and thus they involve much machinery. Tilden [50]
showed that legged robots can be controlled in much simpler ways. He approached
the problem of legged robots and their control from a radically different angle,
building imperfect, hand-made machines and controlling them with minimal con¬

trollers composed of a few discrete components. The behaviors of the resulting
machines had a complexity that was remarkable given the simplicity of the con¬

trollers. Tilden's machines are more analogous to biological walkers in the sense

that they use the physics of the units which make up the controller in a much more

direct way. The controllers do not run any programs, but instead exploit the pat¬
tern generating capability of the hardware oscillators. First attempts to explain the

behavior of these robots concentrated mainly on classification and description of

the complexity of the robots' behaviors [52]. In this thesis, Tilden's approach is an¬

alyzed in terms of circuit analysis. The pattern generating capabilities of the most

important oscillator networks used in his approach are studied analytically. As a

result of this, the architecture of a minimal controller that can generate all of the

standard quadrupedal gaits (as shown in Fig. 1.1) is determined (see Chapter 2).
A shortcoming of the oscillator networks studied in Chapter 2 is that the patterns

they generate depend on the resistances and capacitances of discrete components
which can be changed mechanically, but not electronically. This can be improved by
the use of transistors instead of resistors. The resulting circuits can be implemented
on an aVLSI chip to yield a compact device (see Chapter 3).

1.2.2 Neuromorphic chips for motor control

Neuromorphic Engineering [79] deals with the development of Very Large Scale

Integrated (VLSI) chips containing (mostly analog) electronic circuits that mimic

neurons and neuronal circuits present in the nervous system. Neuromorphic compu-
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implemented using a follower-integrator circuit (detail in C). Redrawn form [101].

tation seeks to use computational principles that can be elucidated from the nervous

systems of animals. Neuromorphic systems typically directly exploit the physics of

their hardware to execute their computations.

The first neuromorphic systems implemented sensory processing to some degree
of complexity (e.g. [80], [75] and [74]). Since the field of neuromorphic engineering
was pioneered by Mead in the 1980's [114], considerable progress has been made on

sensory systems, such as visual ([10], [60], [67], [66] and [73]) and auditory systems

[34]. Sensorimotor systems were built to model integrative functions of the nervous

system, such as the primate oculomotor system [57].

Ryckebusch et al. [101] introduced the first neuromorphic central pattern gener¬

ator in 1989. The circuits they used to model CPG neurons (see Fig. 1.2) consisted

of a pulse generating circuit (producing neuronal 'spikes') [79], and four synapses,

two excitatory, two inhibitory. Each synapse was modeled with two transistors.

The excitatory synapses consisted of two p-FETs1 and the inhibitory synapses of

1 Field Effect Transistor (FET)
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two n-FETs each. One of the transistors of each synapse was used to set the

strength of the synapse while the other transistor implemented the synaptic input.
The third element in the neuron's circuit implemented a temporal delay using a

follower-integrator circuit [79]. Two synapses, one excitatory and one inhibitory,
were located before the delay, modeling slow synapses. The others, undelayed

synapses, modeled fast synapses. Networks of these model neurons could generate
bursts of action potentials with phase relationships between the bursts. Two recip¬

rocally connected neurons with a delay on only one of the connections were used to

model the output of the 301 and 501 cells in the locust flight CPG. A network of

three neurons was used to model the phase relationships of the outputs of neurons

controlling the swimming movements of the marine mollusk Tritonia.

Ryckebusch went on to model rhythmic locomotor patterns with neurons of greater

complexity that were more closely analogous to real neurons than her first CPG

neuron model. She used model neuron circuits similar to a Hodgkin-Huxley sodium-

potassium conductance pair and modeled the rhythmic motor patterns controlling
leg movements in a locust (Schistocerca americana) [102]. In [102] the authors point
out that their aVLSI implementation of a single leg model CPG could be used as a

single leg controller in a walking robot.

Similar aVLSI model neurons have been interfaced to real biological neurons to

study central pattern generator circuits in the stomatogastric ganglion of lobsters

([71], [113]).

Recently, another biologically realistic neuron model, based on a model by Mor¬

ris and Lecar [83] was implemented in VLSI technology ([87] and [86]) and used to

model the coordination of axial locomotion in swimming animals such as leeches and

lampreys [85]. The control circuit consisted of a chain of twelve pattern generators
each of which was composed of two silicon versions of Morris-Lecar model neurons.

The pattern generators were capable of arbitrary contralateral inhibitory synaptic
coupling. An asynchronous address-event interconnection element connected the

model neurons and implemented axonal delay. The resulting controller had 384

programmable inhibitory synapses, sixteen per model neuron.

In contrast, in the model for inter-leg control described in this thesis, implements
much simpler oscillators with fewer control parameters. The output waveforms of

the controllers are abstractions of neuronal bursts, capturing only those values of

the neuronal output which are relevant for controlling the inter-leg coordination of

a robot. These are (i) the burst duration, (ii) the inter burst frequency and (iii) the

phase lag between the onsets of bursts of different neurons. The equivalent values

for the output waveforms of the controllers described in this thesis are (i) the duty
cycles of each oscillator, (ii) the common frequency, and (iii) the phase lags between

oscillators. These circuits are more compact than the original CPG neuron model

by Ryckebusch et al. [101]. They are sufficient to control the inter-leg coordina-
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tion of four-legged robots in that they can control all of the standard walking gaits.
The square wave voltage outputs of these controllers can directly control dc-motors.

The work presented in this thesis is original in that it is to our knowledge the

first neuromorphic chip for inter-leg control used on a real walking robot. It is

based on a systematic analysis of a previously existing approach, and implements

inter-leg control in a minimalistic way, using circuits which are as simple as possi¬
ble. The control chip is tested on a four-legged robot with one DOF per leg (see
Chapter 4).

Many robot designers either preprogrammed the leg sequence for a desired walking
gait (see [56], [77] and [107]) or used CPG controllers and adjusted the parame¬

ters of the controllers such that they obtained the desired gait(s) [8]. Lewis et al.

evolved controllers for six-legged walking using genetic algorithms, and used adap¬
tive oscillators to model lamprey swimming and the walking behavior of a robotic

model of a tetrapod. For a six-legged robot, they were able to evolve an efficient

gait. The procedure involved an experimenter scoring the performance of the robot.

The robotic tetrapod had a flexible spine and they showed that the same pattern
of activity which could make a lamprey model swim could also establish a basic

salamander-like walking gait in the tetrapod.

In contrast to this approach, which focussed on evolving controllers for locomo¬

tion in a way similar to biological evolution, in this thesis the walking controller is

developed based on analytical findings. But, since the VLSI chip is not a perfect
device but rather subject to process dependent mismatches and offsets [88], the bias

parameters which determine the gait that the robot uses must be fine-tuned. This

is achieved here in an automated way that does not require the intervention of an

experimenter. The problem is reduced to a classification task which is solved using
an unsupervised Support Vector algorithm that was introduced recently [103].



14

Chapter 2

Walking gait control using

coupled oscillators implemented
with discrete components

This chapter deals with controllers for legged locomotion which are implemented by

means of networks of coupled oscillators. Electronic circuits that have previously
been used to generate walking behavior (see e.g. [50], [111] and Sec. 2.1) are ana¬

lyzed (Sec. 2.2 and Sec. 2.3) and possible applications are explored (Sec. 2.5). The

circuits are chosen because they are composed of very few components, yielding

compact networks of coupled oscillators suitable for walking control. Furthermore,
their output square wave voltage signals capture the essence of the output of burst¬

ing motor neurons. The variables which describe those aspects of the behavior of

a bursting motor neuron which are important with respect to the coordination of

the movements of motors used to drive the legs of a robot are the burst length, the

inter burst frequency, and the phase lag between bursts of two different neurons.

The burst length is captured by the duty cycle of the square wave. The inter burst

frequency corresponds to the frequency of the square wave. Finally, a phase lag can

be defined for two square wave outputs in the same way as it can be defined for two

bursting neurons.

The aim of this chapter is to clarify which networks of coupled oscillators of this

particular kind can be used in a robotic application to control the walking gaits of a

four-legged machine, enabling the machine to use all of the frequently observed walk¬

ing gaits of four-legged animals (which are sketched in Fig. 1.1). For this purpose,

the circuit parameters which control the frequency and the duty cycle of an oscil¬

lator and those which control the phase lag between oscillators are identified. The

way in which they control these variables is explored theoretically (Sec. 2.2.2 and

Sec. 2.2.3). Based on this understanding, two different architectures of controllers

are considered, namely rings (Sec. 2.3.1) and chains (Sec. 2.3.2) of oscillators. The

patterns they can produce which are relevant to walking gait control are determined.

Furthermore, a natural extension of the oscillator circuit is analyzed and the utility
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of the resulting circuits with respect to walking gait control is discussed in Sec. 2.3.3.

Following from the preceding analysis, Sec. 2.4 describes how sensors can be used to

change the control parameters, and thereby alter the robot's behavior. This enables

the robot to show autonomous responses and simple behaviors (see [51]). Finally,

applications of two different controllers to robotic legged locomotion are presented
in Sec. 2.5.

2.1 Introduction

A
Ring architecture

B
Chain architecture

Left front (LF) Right front (RF)

Left hind (LH) Right hind (RH)

Figure 2.1: Examples of two controller architectures analyzed in this chapter. Ar¬

rows between oscillators indicate coupling.

The circuits that are analyzed in this chapter originate from the work of M. W.

Tilden (see e.g. [50] [52], [116] and [117]). In recent years, he has developed a large
variety of autonomous, walking robots, the leg movements of which are controlled

by networks of coupled oscillators implemented as electronic circuits with discrete

components. Tilden uses hard wired sensory input to alter the controllers outputs.
This results in walking machines whose behaviors can be remarkably complex com¬

pared to the simplicity of the oscillators.

Previous explanations given by Tilden and his collaborators have focussed on the

qualitative description of the range of behaviors of the machines [50]. In contrast,
this chapter provides a quantitative analysis of the controllers. The analysis yields
an understanding of the controllers' outputs and that, in turn, provides the basis

for understanding the behavior of the walking machines that are driven by the con¬

trollers.

The step frequency of the robot's legs is controlled by the oscillator frequency.
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Turning behavior results from a change in the duty cycle of a subset of the oscilla¬

tors. The walking gait is determined by the phase lag between the oscillators. The

circuit analysis clarifies the way in which the oscillator's frequency and duty cycle,
and the phase lag between oscillators depend on the values of a small number of

control parameters and how they can be changed by sensory input, yielding changes
in the robot's behavior.

2.2 Analysis of the circuits

The aim of this chapter is to determine which patterns that are suitable for walking

gait control can be generated by the electronic circuits. The electronic implemen¬
tation of an oscillator by means of a few discrete components is introduced and

the behavior of the oscillator is analyzed (Sec. 2.2.2). Each oscillator contains

two sub-circuits which are characterized by individual time constants. The result

of Sec. 2.2.2 is that the period of the oscillator is proportional to the sum of its

time constants while the duty cycle is proportional to the ratio of one of the time

constants to the sum of both time constants. These simple relationships make the

oscillator very easy to control by adjusting the values of resistances or capacitances.

The oscillators discussed in Sec. 2.2.2 are coupled by resistors. The coupling ef¬

fects the internal voltage of only one of the oscillators (the slave), while the other

(the master) maintains its uncoupled oscillation frequency. The phase shift be¬

tween two oscillators as a function of the resistances in the circuit is determined

(Sec. 2.2.3). There are two cases to be distinguished: (i) the network of coupled
oscillators contains a master oscillator, in which case the common frequency of the

network oscillation is identical to that of the master independent of the coupling
resistors (within some range of values), (ii) all oscillators in the network are slaves

of other oscillators, in which case the common period depends on the coupling re¬

sistors. For the second case the resulting common oscillation period is calculated.

Furthermore an expression for the duty cycle of the slave oscillators is derived. Al¬

together, the derived functions clarify how the gait and direction of walking robots

can be altered.

2.2.1 Notation

The following notation is used throughout this chapter. The two sub-circuits (see
Fig. 2.2 and Sec. 2.2.2) that constitute each oscillator (see Fig. 2.3 and Sec. 2.2.2)
have the same architecture and are connected in a symmetrical way. The subscripts
I and r (for "left" and "right") are used to distinguish the variables of these two

sub-circuits. Each sub-circuit is characterized by a voltage V at the input node

of its inverter, the voltage at the output of its inverter, Vout, and by the values

of a capacitor C, a resistor between V and ground, R, and a coupling resistor

between two oscillators % and j, RCJ. For simplicity all capacitors are kept constant
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Figure 2.2: Threshold element used as part of the oscillator: A differentiator in

series with an inverter. The circuit reacts to a positive step input at node Vin with

a low pulse of duration T ~ RC at node Vout. Therefore, this element transfers

an incoming pulse to an outgoing pulse (both are marked with *), and sets the

duration T of the outgoing pulse.

(C = 0.22/iF) unless otherwise stated. Each oscillator outputs two mirror-image
step function voltages, Vout>i and Voutir and has two internal input voltages Viri}i
and Vm,r- Vinj = Vout}r and V{n^r = Voutj. The subscripts (l,r) are used for the

sub-circuits only if variables from both sub-circuits are involved in an equation.
When n oscillators are considered, each of them is given a subscript j = 1,.., n. In

equations which are true for all j the respective subscripts are omitted.

Data

The data used throughout this chapter for validation of the model is drawn from

experiments using off-the-shelf components. The resistors used have a tolerance

of 5%; the capacitors used have a tolerance of 20%. Standard 74HCT240 Hex-

Inverter chips were used. The measurements were done with a Tektronix TDS

420A oscilloscope.

2.2.2 The Oscillator

Each oscillator (Fig. 2.3) is composed of two threshold elements (Fig. 2.2) by con¬

necting the input of one to the output of the other and vice versa. Each threshold

element consists of a differentiator in series with an inverter. It responds to a pos¬
itive voltage step (from 0V (ground) to the supply voltage Vdd) at its input node

with an active low pulse of duration T at the output node of the inverter. Let this

low pulse be a signal with signal duration T, by definition.
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Figure 2.3: Circuit diagram of a two-component oscillator, a structure that is called

a 'Bicore' by Tilden [118]. It is composed of two similar sub-circuits (Fig. 2.2). The

values of the components in both sub-circuits need not be identical. The oscillator

produces mirror-image step functions at the output nodes Vout}i and Vout^r. These

outputs can drive a DC motor, causing it to move with a given frequency and duty

cycle which depend on the value of the two time constants T\ = RiCi and rr — RrCr.

Frequency and duty cycle of the oscillator

The frequency and duty cycle of the oscillator follow from the signal durations of

both of its threshold elements. The signal duration, T, is equivalent to the time

that the voltage V at the input node of the inverter is above the threshold voltage,

Vth, of the inverter. To calculate T, let us determine the time it takes voltage V to

decay from its maximum value at t = 0 to the threshold voltage of the inverter at

t = T. The differential equation for the voltage at node V (see Fig. 2.2) is given by

V
V+- = Vir

T
(2.1)

with r = RC being the time constant. Let us choose t — 0 such that the voltage at

Vin is constant (Vin = Vdd) during the decay time. Hence for t > 0

• V
v + - = o

T

V{t = 0) = vmax

where Vmax is the maximal voltage (V(t = 0) = Vmax) and can be determined

experimentally. This equation is solved by

V(t) = Vm -t/n



19

w

E

250

200

~ 150

re
c

.SM 00

50

0
0 200 400 600 800

Resistance/kOhm

Figure 2.4: Signal time T of the threshold element vs. its resistance R. The ca¬

pacitance is constant, therefore the signal time is only a function of the resistance.

Line: theoretical prediction, asterisks: measured data.

To calculate the signal duration T, note that V(T) = Vth- We obtain

T = \RC

with

A
i 'max

In
V,

th

(2.2)

(2-3)

T is proportional to the time constant RC and hence can be modified by changing
R or C, for example with sensory input (see Sec. 2.4). Eq. (2.2) is in agreement
with the measured data (compare Fig. 2.4).

The differential equations for the voltages V\ and Vr of the two threshold elements

that form the oscillator are both of the form of eq. (2.1). We can assume that the

maximum voltages and the threshold voltages are identical for both elements since

the inverters are on the same IC. The period, P of the oscillation is given by the

sum of the signal times of each element (see Fig. 2.5):

P = Tl + Tr = \(Rl + Rr)C (2.4)

The resistors Ri and Rr need not be identical. Let us define the negative duty
cycle, Dk, with respect to Tk, k e {l,r} as the time that the voltage at Vout:k is low,
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Figure 2.5: Period of a two-component oscillator vs. the sum of its resistors: R =

Ri + Rr. Line: theoretical prediction, asterisks: measured data. For this circuit

Vth = 1.4V; Vdd = 5V and Vmax = 5.8V.

divided by the period of the oscillation. It is given by

Dk
Tk

_

Rk

P
~~

Ri+Rr

The frequency, v, of the oscillation is related to the oscillation period by

1

U=P

(2.5)

(2.6)

In some cases it might be useful to have only one resistor which controls the os¬

cillator's frequency. This is implemented in a similar oscillator circuit (Fig. 2.6) in

which one resistor, R, connects V[ and Vr. Let us assume that the input to the left

half of the oscillator, Vinl has just switched from ground to Vdd (Vin>i(t < 0) = 0,
Vin,i(t > 0) — Vdd and Vi(t = 0) = Vmax). The differential equations for V/ and Vr
are

V^-V^-Vr
r t

Vr + ~Vr = -V
t r

V{t = 0) = Vmax
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Figure 2.6: Oscillator with one resistor connecting the input nodes of both inverters.

Similar to the two-component oscillator shown in Fig. 2.3.

With r = RC This set of equations is solved by

V(t) = Vmaxe-2t/T (2.7)

Vr[t) — Vmax&

We obtain the time it takes voltage V to decay from Vmax to the inverter threshold

Tt = X-\RC (2.8)

The circuit is symmetric and hence Tr = Ti. Thus, the oscillation period becomes

(compare Fig. 2.7)

P = XRC (2.9)

It can be alteredThe duty cycle of this oscillator is 50 %, since |j- = ^ =

with sensors that break the symmetry of the oscillator, for example photo diodes,
resulting in a simple device that turns towards or away from the light [119].

2.2.3 The Coupling

In the circuit shown in Fig. 2.8, two oscillators are coupled by resistors. Each of the

outputs of one oscillator is coupled to one of the input nodes of the other oscillator's

inverters. At the low frequencies we are concerned with in this application (ca. 0.5

Hz - 2 Hz) the coupling only affects the second oscillator, because the inverters of

the first oscillator act as impedance buffers. This makes the coupling unidirectional.

For ease of reference, let us call the first oscillator a 'master' oscillator and the

second a 'slave' oscillator. In Fig. 2.8, the subscript i denotes the master oscillator,
while the subscript j denotes the 'slave' oscillator.



22

Figure 2.7: Period of the oscillator that is shown in Fig. 2.6 vs. its resistance. Line:

theoretical prediction, asterisks: measured data. Vth = 2V; Vmax = 5.4V; Vdd = 5V

The coupling can be made bidirectional by coupling the slave oscillator's output

to the master oscillator's input. We can think of the resulting circuit as a ring

of two oscillators. The behavior of oscillator networks with a ring architecture is

discussed in Sec. 2.3.1.

The coupling between the two oscillators causes a phase shift in the following way

(see Fig. 2.9). When the voltage Vout%l steps from OV to Vdd, charge is integrated at

node Vj, therefore the voltage V3 rises. After a delay time TD, it reaches the inverter

threshold and the voltage V0Ut}J switches from high to low, causing the other inverter

of oscillator j to switch from low to high (Vmj)> which in turn causes voltage V3
to jump to Vmax- As a result, there is a phase shift (0) between the output signals

Vouttl and Vouttj of the two oscillators.

The frequency of the slave oscillator now depends both on the resistor connected

to ground and on the coupling resistor. To calculate this frequency and the phase
shift between two oscillators, we apply Kirchhoff's current law at node V3

V3 +
V Vout.i

V

Teff,: T,
m,j

cj

with

T,
e//,J

CR,effj

R R

ÇI
1 Lc.j1 *>]

Rc,j + Rj

(2.10)

(2.11)
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Figure 2.8: Two coupled oscillators. The coupling resistors Rc,hr and Rc,j,i set

the phase lag between the oscillators i and j. At low frequencies, the coupling

is unidirectional because it influences only the voltages at the input nodes of the

inverters of oscillator j, not those of oscillator i.
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Figure 2.9: The integration of charge at node V3j that occurs due to a step at

Vovt,i,i causes the left inverter of oscillator j to switch from high to low after a delay
Td,i, which in turn causes the right inverter of oscillator j to switch from low to

high (Vmjj). The signal times of the oscillators i and j are denoted by Thk and

T3;k, respectively, with k G {l,r}. One can see from these oscilloscope traces that

the phase lag between the two output waveforms (Vout,lti and Vout}3ti), defined as

the time between onsets divided by the period, is given by 4>i = {Td,i + T3j)jP =

{Td,t + Thr)/P. Note that Vouty3j is the mirror image of Vtni3,i, and the latter is

displayed here. In the same way, the phase lag between Vout,i,r and Vout,3,r is given
by exchanging r and I. These two phase lags are different from each other if both

oscillators do not have the same duty cycle.
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and

TC:j = CRcj (2.12)

We consider that part of the oscillation, during which Vnvt}l = Vdd- We are inter¬

ested in two cases: (i) Vout,i has just jumped from OV to Vdd- We chose t = 0 to

be just after the transient. When this happens, the voltage V3{t = 0) is close to

OV (compare Fig. 2.9). Vinj is constant and thus the term Vinj disappears. By

solving the remaining equation and calculating how long it takes V3 to rise to the

threshold voltage, we obtain the delay time TD. (ii) Vin,3 has just jumped from

OV to Vdd- Again, we chose t = 0 to be just after the transient, such that Vm>j is

constant for t > 0. The voltage V3(t — 0) is at Vmax while Vout,i — Vdd (compare
Fig. 2.9). Solving the equation for this initial condition and calculating the time

it takes V3 to decay back to the inverter threshold leads to the signal time T on

either side of the slave circuit which in turn leads to the period of the slave oscillator.

Note that the inverter does not switch at the same voltage, depending on whether

the voltage on the input of the inverter rises or falls [115]. This can clearly be

observed in Fig. 2.9. In Sec. 2.2.2, we called the threshold voltage at which the in¬

verter switches when the input to the inverter decays from a high to a low voltage,
Vth- Let the voltage at which the inverter switches when the input to the inverter

rises from a low to a high voltage be called Vth>-

Formally, we have to solve the same equation for both cases

(2.13)V3 +
Teff,3

_Vdd

Tc,j

v0 (t = 0) = v0

For case (i),v0 = 0 and for case (ii), V

V3(t) = V0e -f/Teff,J _|_
Vdd /

r3 + l[1- e

witli

Rc,j

R3

-*/ eff,p (2.14)

(2.15)

Frequency of a slave oscillator

To calculate the frequency of a slave oscillator, we consider eq. (2.14) with V0 =

Vmax- To calculate the time T3 it takes V3 to decay from Vmax to the inverter
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kq

Rc/n

Figure 2.10: Time delay TD between two oscillators (see Fig. 2.9). The points are

the measured data, the line corresponds to eq. (2.19). 1^=1.49 V, Kw=5V.

threshold, we substitute V3{T3) = Vth, and obtain

T, = C-RcJ
r3 + l

In
Vmax(ri + 1)max \' j

VH,

[ Vth(rj + l)-Vedel
(2.16)

This equation is valid both on the left and right sides of the circuit.The period P
of the oscillator is once again given by T3ti + T3^r. to obtain the period for slave

oscillators subscripts I and r, respectively, have to inserted into eq. (2.16). They
are omitted in the equation, because it holds for both sides of the circuit. The

period is then given by

R = C
R,c,j,l

ru + 1
In

VmaX{rjti + 1) -Vcdd
+

R
c,j,r

3,r
+ 1

In
"max vj,r

1)~V
dd

Vth{rhr + l)-Vdd
(2.17)

Vth(rhl + 1)-Vd

Where rj>k = Rc,j,k/Rj,k with k G {l,r} (compare eq. (2.15)).

Phase lag between two oscillators

The phase shift between two oscillators is defined as the time difference between

the onset of both oscillations divided by the period, assuming that both oscillations

have the common period P. In general, the parameter values of right and left sides

of the oscillators are not identical. Let us define two phase lags, one for each half
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of the circuit. They are labeled with r and I, and are given by

,
TDr + Tjr TD i + T%i

4>r = —p—
=

—y— (2.18)

and similarly for <pt, with I and r exchanged (see Fig. 2.9). Thk: T3}k (k G {/,r})
and P are known from the proceeding analysis. Note that we have to distinguish if

there is a master oscillator in the circuit or not. If there is one, it drives the slave

oscillators and the common period is equal to the period of the master oscillator

(see eq. (2.4)). If all oscillators are slave oscillators, they must have a common

period according to eq. (2.17).

To calculate the delay times Td,i and Td,t, we consider eq. (2.14) with V0 = 0,
substitute V3(TDy3) = Vth> and solve for TD3 (compare Fig. 2.10)

TD3 =
C^-ln- -)% (2.19),J

r3 + l Vdd-Vth,(r3 + l)
v ;

This equation holds for both sides of the circuit and thus the subscripts I and r are

omitted.

Implications for Gait Control

If each oscillator drives the rhythmic movement of one of the legs of the robot, then

different walking gaits are distinguished by the phase lags between the oscillators.

Eq. (2.18), together with eq. (2.19) clarifies how the phase lags can be controlled

by the values of the coupling resistors. Depending on the presence or absence of a

master oscillator in the network, the common period is given by eqs. (2.4) or (2.17),
respectively, while the signal duration is given by eqs. 2.2 and 2.16, respectively. We

make use of these two different cases in the following sections when we determine

the patterns (and with them the gaits) that chains or rings of oscillators can support.

The direction of the robot can be altered by introducing a left-right asymmetry
in the forces that are exerted upon the robot's body by the movement of its legs.
This can be done by changing the duty cycle of the oscillators (see Sec. 2.5 and

Sec. 4.3.2 for a more detailed explanation). The more asymmetric the duty cy¬

cle becomes, the stronger the turning effect. Hence, knowing how to control the

duty cycle (Eqs. (2.5) with (2.2) and (2.16), respectively) enables us to control the

direction of the robot.

2.3 Patterns produced by oscillator networks

Based on the analysis of the previous section, we can now explore the range of

patterns relevant to four-legged locomotion that are supported by networks of os¬

cillators. The advantages and disadvantages of controllers with different architec-
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tures - rings and chains of oscillators - are highlighted. In particular it is shown

how the control over the walking machine can be facilitated considerably by using a

chain of oscillators in which the slave oscillators do not contain resistors to ground.

With this controller, the control over the walking gait and the direction the robot

is decoupled from the control over the step frequency of the legs. The phase lag
between oscillators becomes proportional to the ratio of the coupling resistance and

the resistance of the master oscillator.

A natural extension of the oscillator circuit described in Sec. 2.2.2 is analyzed in

Sec. 2.3.3. Each oscillator is composed of two identical sub-circuits that are recip¬

rocally connected to one another. This structure is a ring of the two sub-circuits.

Rings of larger numbers of these sub-circuits can have multiple modes and hence

support several different walking patterns. The number of possible modes for rings
of more than two sub-circuits is determined and the limitations of these circuits for

a gait control application are discussed.

2.3.1 Rings of oscillators

As mentioned before, the neuronal generation of animal gaits is frequently modeled

with rings of n coupled oscillators, where n is typically the number of legs (see
Sec. 1.1).

To investigate which kind of patterns can be produced by rings of the oscillators

described here, let us look back at eq. (2.14). In the limit t —>- oo, V3{t) approaches

—JV, independent of the value of V0. For a ring of oscillators to be able to oscillate

without an external driving signal, the value of -^fr has to lie between Vth' and Vt
r,+l

th-

If it would be below Vth', the voltage V3(t) could never cross the inverter threshold

after a rising edge at Vout,i, which would mean that the oscillation would stop. If

the voltage —^ would be above Vth, the voltage V3(t) could never decay back down

below the inverter threshold after a rising edge at V,nj, which would mean that os¬

cillator j would need the output of oscillator i as a driving signal. This constraints

the ratio between coupling resistance and slave resistance to be

^~1<rj<^~1 (2-20)

To estimate this range, we substitute the values of Fig. 2.9 (Vdd = 5V, Vth = 1-6V

and Vth, = 2.4V, estimates, not precise values) and obtain (given to one decimal

place)

1.1 < Tj < 2.1 (2.21)
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Rings of coupled, identical oscillators

One of the requirements for a walking gait controller is that it can generate for¬
ward walking. To do so, the networks considered here must be able to generate

patterns with identical 50% duty cycles. This behavior can be obtained by giving
the parameters on the left and the right side of the circuit identical values. For the

control of some walking gaits, as the walk gait and the trot gait, the phase lags
between the oscillators have to be identical This arrangement can be implemented

using identical oscillators (including identical coupling). For identical oscillators

with identical parameter values on both sides, the delay times and the signal times

are identical (TDl>i — TD^r = TD and Thi = TtjT = T ; Vî). The phase shifts

between the oscillators are then given by cf>hi — <j)hr = (j> ; Vî, with

A>
Td a-1

è
—

—

v

T 2

By definition

1
- <
2
~

< 1

(2.22)

(2.23)

which is equivalent to saying that TD < T. In rings of oscillators, each oscillator

must be in phase with itself. Hence the phase lags of the n oscillators must sum up

to an integer z (z e N). Since the phase lags are all identical, this condition reads

n

Substitution of eq. (2.24) into eq. (2.23) yields

n
— < z < n

(2.24)

(2.25)

Substitution of (2.22) into (2.24) yields

nTD = (2z - n)T (2.26)

Thus, to obtain a phase shift of 0.5 (with z = n/2), TD must be zero. This can be

implemented by choosing the value of the coupling resistance to be zero. For all

other values of z, the value of r that corresponds to a pattern with <f> = z/n can be

obtained as a numerical solution of

In Vdd

Vdd-Vth,(rj + l)

In
Vmax {rj+1)-Vdd

Vth(r3+l)-Vdd

n
(2.27)
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Left front (LF) Right front (RF)

Left hind (LH) Right hind (RH)

Figure 2.11: Architecture of a walking controller consisting of 8 coupled oscillators.

<t> 1/2 5/8 3/4 7/8 0

Gait pronk transverse walk bounce walk pronk

Table 2.1: Gaits that a ring of 8 oscillators can produce. Phase lag, corresponding

gait and value of r = RCt3/R3

Examples

A ring of 4 oscillators can produce three patterns. If the controller is connected to

the robot's legs in the way shown in Fig. 2.1, the pattern with <f> = 1/2 corresponds
to a bound. The pattern with phase lags of 3/4, corresponds to a walk gait and

that with <f) = 1 corresponds to a pronk.

A ring of 8 oscillators can produce five patterns, which are listed in Table 2.1. The

corresponding gaits are written down for an architecture like the one in Fig. 2.11.

Discussion

The advantage of controllers with a ring architecture is that one global control

parameter, applied to all oscillators, changes the gait. This can be done, e.g., by
keeping R constant and changing only Rc. At the same time this changes the os¬

cillator frequency and this in turn changes the step frequency of the robot's legs.
The latter feature can be seen as an advantage, because it means that at a different

speed the robot automatically chooses a different gait. However, this is only an
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advantage if the gaits become increasingly more efficient for higher speeds. For the

oscillators discussed here, this is not necessarily the case as can be seen in the case

of a four oscillator network, where we have the transitions: bound - walk - pronk.

Furthermore, both a ring of four identical oscillators and a ring of eight identical

oscillators are not able to produce all of the most prominent gaits that four-legged
animals use. For that, non-identical oscillators would have to be used, to yield
non-identical phase shifts between oscillators. Then, there would be more than one

control parameter for the circuit.

For many real world applications, it is an advantage to be able to control speed
and gait independently. Let us examine an alternative circuit with a small number

of oscillators and a different architecture: a chain of four oscillators.

2.3.2 Chains of oscillators

Chains of n coupled oscillators have one master oscillator at the head of the chain,
the period of which follows eq. (2.4). To simplify the control over the system, one

can remove the resistors to ground in all oscillators except for the master oscillator.

Then, the frequency of the system is solely set by the value of the master resistors

(see eq. (2.4)). The delay time between the two oscillators j — 1 and j, TotJ,
depends only on the coupling resistances. If the ratio of the two coupling resistances

contained in one oscillator (RCj3-i3>i/RCt3-i3jr) differs from 1, the duty cycle of this

oscillator and of all oscillators that come below it in the hierarchy of the chain are

affected. To determine how the phase lag and the duty cycle depend on the coupling
resistors for this modified circuit, we apply Kirchhoff's current law at node V3

y(i = o) = o

with the solution

V3{t) = VM(l-e-i/T<*) (2.28)

The delay Td,3 once more is obtained by calculating the time it takes V3 to rise to

Vth- It is now simply proportional to the coupling resistance.

TD,=RC,C In
Vdd

(2.29)
Vdd

—

Vth

Td,j < Tmaster(= Ti) is true for

r> < p
m {Vmax/Vth) , .

Mc,j,i S %i,li—77?—7777 \r w
(2.30)

In (Vdd/(vdd-vth))
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3

R /R

Figure 2.12: Period of a slave oscillator divided by the period of the corresponding
master oscillator as a function of the sum of the coupling resistances divided by
the sum of the resistances to ground. The circuit is of the type shown in Fig. 2.8.

Vth = 2 V; Vmax = 5.4 V and Vdd = 5 V.

Where Rm

the chain.

Ri is the resistance of the master oscillator, which is oscillator 1 of

With typical values of the constants, RC3ti < 1.79 Rm,i- If the coupling resistance

is larger than this, the period of the slave oscillator becomes larger than the period
of the master oscillator (see Fig. 2.12).

There is no further restriction for chain architectures. The phase lags between

oscillators depend linearly on the coupling resistors and can individually be set to

values between 0.5 and 1. Hence the control of patterns is significantly simplified.
To control turning one needs to know how to change the duty cycle of individual

oscillators in the chain. The negative duty cycle with respect to Trj of oscillator j

is given by

Dr
T;D,j,l TD.

•3,r

-L i.l * -L%,r

+ A (2.31)

The subscripts i stand for the oscillator that proceeds oscillator j in the hierarchy
of the chain (Di is given similarly with r and I exchanged).
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Discussion

Controllers with chain architectures enable the robot to make transitions between

different patterns smoothly (by changing the relevant resistances smoothly, for ex¬

ample, using a potentiometer) or abruptly (by switching between resistors). Smooth

changes can be very useful in situations in which the change in the behavior of the

machine should be gradual. This can be necessary for example for careful turning.

Abrupt changes on the other hand are desirable for rapidly changing from one gait
to another.

2.3.3 Rings of coupled threshold elements

Another way to create a circuit that is capable of producing multiple modes is to

connect any number n ( n 6 N ) of the threshold elements introduced in Sec. 2.2.2

(see Fig. 2.2) to form a ring. This is done by connecting the output of one thresh¬

old element to the input of the next threshold element. Let us concentrate on even

numbers, because we want to use the circuits as walking controllers for animals with

an even number of legs without breaking the symmetry in an unnatural way.

In a ring of connected threshold element of the kind shown in Fig. 2.2 the following
is true:

• At the time when one threshold element in the ring switches from low to high,
the next one switches from high to low.

• If undisturbed, a threshold element switches from low to high after a time set

by its time constant, given by eq. (2.2).

• If an element that puts out a low pulse is disturbed by an input step in voltage
from high to low, it switches back to high immediately.

The third rule implies that two adjacent ring elements can not output a low signal
at the same time. The low output of the first threshold element is the input node

to the second threshold element. If it is low, the input node of the inverter will also

be low and hence the output of the inverter must be high.

For n — 2 the resulting ring is identical to the two component oscillator described in

Sec. 2.2.2. For n = 4 the resulting controller has been implemented and is discussed

in further detail in [111] (see Chapter 2.5.5).

Generally, the number of possible oscillatory patterns that can be produced by
these ring networks increases with the size of the ring and can become quite large.
Different patterns, or modes, arise from different initial conditions. To illustrate

this, let us assume that all of the oscillators are in the resting state, in which the

outputs of all inverters are high. Now, by forcing a number zeNof elements to

switch simultaneously from high to low the initial condition is set for a mode with
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n 2 4 6 8 10 12 14 16 18 20

M 2 3 5 8 15 31 64 143 329 766

Table 2.2: Number of possible different modes, M, for rings of n threshold elements

for even numbers n. From [100]

z signals that travel through the ring, if z is smaller than the maximum number

of signals that can travel through the ring which is n/2 if n is even and (n — l)/2
otherwise.

We want to compute how many modes a ring of n elements can have. A useful

simplification is to consider only rings in which all threshold elements have identi¬

cal time constants. Then the signal durations are identical and play no role for the

distinction between two different patterns. Hence the signals can be understood as

bits that are traveling through the ring.

In the following, let us denote the presence of a signal with 0 and its absence

with 1. Then each mode of a ring circuit of n elements can be described as an

equivalence class of binary strings under rotation. This is called a binary necklace

with n beads (or equivalently, of length n) ([99], [106]). The question of how many

different patterns or modes the ring circuit can produce then reduces to the question
of how many binary necklaces of length n exist. Since two adjacent ring elements

can not output a signal at the same time, we are searching for the number of binary
necklaces of length n with no subsequence 00 [99]. The total number of different

modes, M, which can be produced by a ring of n identical elements is then given
by (see [100])

M = ^Y,${n/d)(Fd-1+Fd+1)
d\n

(2.32)

where $(m) is Euler's totient function, the number of numbers relatively prime to

m and less than m, while Fm are the Fibonacci numbers, defined by (see [106]):
Fri = F = 1, F„ F

m—1 Fm — 2 (n > 2) with a generating function

F„
x/5
[C—^r+1 \m+l-|

Table 2.2 lists the values of M for even numbers of n < 20. This result is contrary
to the one given in [50], which states that for n = 10, M = 16, for n = 12, M = 32,
and for n = 16, M = 128.

Despite the large number of different patterns that they can generate, there are

difficulties encountered when these ring controllers are connected to the robot's
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Method 1

Threshold element

Left front (LF) ^\ r\ Right front (RF) LF

Method 2

é No
leg

Left hind (LH)
RH

Figure 2.13: Wiring methods for a controller composed of 8 threshold elements,
connected to a ring, driving a four-legged machine.

legs. The problem is to connect them such that the different modes produce rea¬

sonable walking gaits. This makes these ring networks less straightforward to use

and therefore less attractive than the chains of two-component oscillators, consid¬

ered before.

Each leg should move forwards and backwards within one cycle, and thus it is not

possible to connect one of the inputs of the leg's motor to the power supply and the

other to a single oscillating ring element, because then the motor would only move

in one direction. Instead, the motor must be connected between the outputs of two

ring elements, one on each side.

Controlling a four-legged machine with a ring of four threshold elements is pos-
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sible. In Sec. 2.5 a four-legged machine with 2 motors is controlled this way. The

variety of the walking gaits of this machine is limited both by the small number

of DOFs and by the small number of different modes of the controller (compare
Table 2.2). One question is whether extension of the ring yields a better controller.

To control a n-legged machine with 1 DOF per leg, we need at least 2n thresh¬

old elements to avoid that 2 legs have to share control elements, which would be a

disadvantage, because it would mean that changing the duty cycle of one of the legs
would alter the duty cycle of the other. This would place an undesirable restriction

on the possible movements of the robot. Therefore, controlling a four-legged robot

requires a ring of at least eight threshold elements.

Using a ring of eight threshold elements to control a four-legged walker with the

constraint that a control signal drives no more than one leg, there are the following
reasonable ways of connecting the legs to the outputs of the threshold elements: (i)
the motor which drives the leg is connected to two adjacent ring elements (method
1). (ii) The leg is connected to elements that have one (method 2) or three (method

3) other elements between them. Leaving two elements between both sides of each

motor is not possible. Fig. 2.13 illustrates the different wiring strategies.

If we denote one movement direction of a single leg with 1 and the other with

2, we can write down which leg moves in which direction at a given time of the

movement sequence. For simplicity, let us assume that the threshold elements out¬

put signals of identical duration. Then the movement can be decomposed into eight
distinct time steps. The resting state (11111111) results in no activity in each of

the three cases, since there is no voltage drop across any of the motors. Tables

2.3 to 2.5 list the movement sequences for the remaining oscillatory patterns. Note

that the direction of 1 and 2 can be chosen to be forward and backward or vice

versa for each leg individually. The exact movement pattern which is caused by the

activation sequences of tables 2.3 to 2.5 depends on that choice. If, as an example,
we chose direction 1 = leg moves forward, and direction 2 = leg moves backwards,
then we obtain the movement patterns listed in Table 2.6. This list shows that the

overall performance is rather poor compared to the performance of controllers with

two component oscillators and chain architecture which were discussed in Sec. 2.3.2.

In conclusion, the disadvantage of these controllers is that for rings with n smaller

than the number of legs, the possible movements are restricted by the fact that the

legs share control signals, while for rings with n greater than or equal to the number

of legs, the wiring between the controller and the motors which determines the gaits
is not as straightforward as in the case of chains of coupled oscillators. Furthermore

we have seen by means of the example of controlling a four-legged machine with

a ring of 8 threshold elements, there is no wiring method which provides that all

patterns result in a sensible gait. This situation does not become better if one



pattern 1 : 01111111 2: 01011111 3 : 01010111

Method 1

time step LF LH RF RH LF LH RF RH LF LH RF RH

1 1 - - - 1 1 - - 1 1 1 -

2 2 - - - 2 2 - - 2 2 2 -

3 - 1 - - ~ 1 1 - - 1 1 1

4 - 2 - - - 2 2 - - 2 2 2

5 - - 1 - - - 1 1 1 - 1 1

6 - - 2 - - - 2 2 2 - 2 2

7 - - - 1 1 - - 1 1 1 - 1

8 - - - 2 2 - - 2 2 2 - 2

Method 2

time step LF LH RF RH LF LH RF RH LF LH RF RH

1 1 - - - - - - - - - 1 -

2 - 1 - - - - - - - - - 1

3 2 - - - 2 - 1 - 2 - - -

4 - 2 - - - 2 - 1 - 2 - -

5 - - 1 - - - - - 1 - - -

6 - - - 1 - - - - - 1 - -

7 - - 2 - 1 - 2 - - - 2 -

8 - - - 2 - 1 - 2 - - - 2

Method 3

time step LF LH RF RH LF LH RF RH LF LH RF RH

1 1 - - - 1 - 1 - - - 1 -

2 - 1 - - - 1 - 1 - - - 1

3 - - 1 - 2 - 1 - 2 - - -

4 - - - 1 - 2 - 1 - 2 - -

5 2 - - - 2 - 2 - - - 2 -

6 - 2 - - - 2 - 2 - - - 2

7 - - 2 - 1 - 2 - 1 - - -

8 - - - 2 - 1 - 2 - 1 - -

Table 2.3: Three different oscillatory patterns lead to different movement sequences

when the controller is wired to the robot using the three different methods which

are shown in Fig. 2.13
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pattern 4 : 01010101 5 : 01101111

Method 1

time step LF LH RF RH LF LH RF RH

1 1 1 1 1 1 2 - -

2 2 2 2 2 2 - 1 -

3 1 1 1 1 - 1 2 -

4 2 2 2 2 - 2 - 1

5 1 1 1 1 - - 1 2

6 2 2 2 2 1 - 2 -

7 1 1 1 1 2 - - 1

8 2 2 2 2 - 1 - 2

Method 2

time step LF LH RF RH LF LH RF RH

1 - - - - 1 2 - -

2 - - - - - 1 1 -

3 - - - - 2 - - 1

4 - - - - - 2 2 -

5 - - - - - - 1 2

6 - - - - 1 - - 1

7 - - - - - 1 2 -

8 - - - - 2 - - 2

Method 3

time step LF LH RF RH LF LH RF RH

1 - - - - 1 - - 1

2 - - - - 2 1 - -

3 - - - - - 2 1 -

4 - - - - - - 2 1

5 - - - - 2 - - 2

6 - - - - 1 2 - -

7 - - - - - 1 2 -

8 - - - - - - 1 2

Table 2.4: Continuation of Table 2.3
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pattern 6 : 01110111 7 : 01011011

Method 1

time step LF LH RF RH LF LH RF RH

1 1 - 1 - 1 1 2 -

2 2 - 2 - 2 2 - 1

3 - 1 - 1 - 1 1 2

4 - 2 - 2 1 2 2 -

6 1 - 1 - 2 - 1 1

7 2 - 2 - - 1 2 2

8 - 1 - 1 1 2 - 1

9 - 2 - 2 2 - 1 2

Method 2

time step LF LH RF RH LF LH RF RH

1 1 - 1 - - - - 1

2 - 1 - 1 - - 2 -

3 2 - 2 - 2 - 1 2

4 - 2 - 2 1 2 - 1

6 1 - 1 - - 1 - -

7 - 1 - 1 2 - - -

8 2 - 2 - 1 2 2 -

9 - 2 - 2 - 1 1 2

Method 3

time step LF LH RF RH LF LH RF RH

1 - - - - 1 2 1 -

2 - - - - - 1 2 1

3 - - - - 2 - 1 2

4 - - - - 1 2 - 1

5 - - - - 2 1 2 -

6 - - - - - 2 1 2

7 - - - - 1 - 2 1

8 - - - - 2 1 - 2

Table 2.5: Continuation of Table 2.4
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Method 1

pattern 1 2 3 4 5 6 7

gait - - - pronk *
-

*

Method 2

pattern 1 2 3 4 5 6 7

gait
*

- - S -

*
-

Method 3

pattern 1 2 3 4 5 6 7

gait
* * * S walk S *

Table 2.6: Gaits for the three different wiring methods of Fig. 2.13. S = all motors

stall at all times. - = motors move but the resulting movement is not efficient in

moving the robot in any direction. *
= the robot moves (more or less), but the

walking gait does not correspond to any of the ones listed in Fig. 1.1.

uses more threshold elements, because then for most patterns the legs will stall

during even larger fractions of the cycle, resulting in inefficient or unnatural walking

gaits. Therefore, we suggest not to use large rings of coupled threshold elements

as controllers for robots with at least 1 DOF per leg. Instead, in the remainder

of this thesis, chains of coupled oscillators are used which have the advantage that

they can control different walking gaits easily with only a few control parameters

(see Sec. 2.3.2). For the inter-leg control of a four-legged robot, for example, eight
threshold elements are sufficient to control all possible walking gaits if the threshold

elements compose a chain of four coupled two-component oscillators.

2.4 Sensory modulatory input

The walking machine can obtain information about the outside world with very

simple sensors that can be integrated into the controllers described above. These

sensors can be tactile sensors, for example. Antennae of different shapes were used.

Their bases are located inside of tubes or attached to springs with contacts inside

([51]). When contacting an object somewhere along their length, they are bent and

therefore shorten the contact at their base. The tactile sensors act as switches which

can change resistances or capacitances in the controller and by doing so they change
time constants and thus signal times, adjusting the duty cycle and the frequency
of the oscillators to the encountered environment. They can provide information

about the local or the distal environment depending on the length of the antennae.

Distal sensory information is delayed before it changes the behavior of the controller.

The sensors can change one or several time constants in the circuits by chang¬
ing one or several resistances or capacitances. By doing so they change the signal
time of one or several threshold element(s) (see eq. (2.2)). If the resistances on



41

Vdd

^>v

-c

Figure 2.14: An integrating threshold clement [50] that delays a step function input.

The delay time is proportional to the time constant of the integrator.

both sides of an oscillator are changed such that the ratio of the resistances remains

constant, the frequency of the oscillator changes (see eq. (2.4)) but the duty cycle
remains the same (see eq. (2.5)). If the ratio of the two resistances of an oscillator

is changed by the activation of the sensor, the duty cycle of that oscillator changes.
This can be used to make the robot turn, because it causes the leg movement which

is caused by the turning of the motor to be asymmetric. The robot can be built

such that as a result of this the applied force is different on both sides of the body.

Furthermore, the delay time between two oscillators can be changed by sensory

activation (see eq. (2.19)), resulting in a change of the phase shift between the

oscillators and thus in a different movement pattern.

Any sensor which changes a resistance or a capacitance can be used in this way.

Some of the simplest examples of these sensors are photo diodes, tactile pressure

sensors, strain gauges, accelerometers and simple acoustic pressure sensors. More

elaborate sensors can be used provided that their output can be converted into a

resistance or a capacitance.

Local information is used to change a time constant immediately. An example
for that is given in Sec. 2.5.

Information about objects that are not in the direct vicinity of the machine does

not need to have an impact on the robot's immediate behavior. Rather, it should

influence the robot's behavior in the near future. This can be realized by feeding
the sensory signal into the controller via an integrating threshold element (Fig. 2.14,

[50]), which delays the sensory signal for a time T that can be adjusted with the

7> Vout
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time constant RC of the integrator.

T = .RC7in
Vdd

(2.33)
Vdd

—

vth

2.5 Applications

The smallest controllers of both kinds of architectures discussed above (rings and

chains) were implemented to control a four-legged walking robot. In both con¬

trollers the number of threshold elements is four. They are arranged either as a

ring (Sec. 2.5.3) or as a chain of two coupled two-component oscillators (Sec. 2.5.5).
Both controllers can drive the robot. The differences between the controllers are

discussed. Sections 2.5.1, 2.5.2, 2.5.5 and 2.5.6 are published in [111]. The contents

of sections 2.5.3 and 2.5.4 are based on work published in [112].

2.5.1 The Robot and its Sensors

The robot consists of a flat, rectangular, 9cm x 3cm body, parallel to the ground,
with 2 DC motors attached, as sketched in Fig. 2.15. Each motor drives a pair

of legs, shaped in an inverted U with additional bends splayed away from the

body of the robot for stability. The front legs are driven by a motor with its axis

perpendicular to the body and can therefore move horizontally (drive), while the

hind legs are actuated by a motor parallel to the body and move vertically (lift).
As the hind motor turns, the legs attached to it stay on the ground so that the

body rolls from side to side. This results in changing the weight distribution on

the front legs. The sensors are short antennae attached to the front legs that act as

local tactile sensors, while two photo diodes at the front of the body serve as distal

optical sensors.

2.5.2 Data Acquisition

To quantitatively characterize the robot's behavior, the trajectories of the robot's

feet are tracked and simultaneously the internal state of the controller is recorded.

Light emitting diodes (LEDs) are attached to the robot's left front and left hind feet.

A CCD-camera monitors the robot from one side. The bright LEDs are tracked

by a custom made algorithm. This procedure gives the x and y positions of the

feet as a function of time. The gait properties of the robot can be determined by
observation of these traces. The internal state is given by voltages at several nodes

of the controller.
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Tactile sensor

Figure 2.15: Schematic of the robot. The upper drawings show a top and a side

view, the lower one is a three dimensional sketch of the machine. LED = light
emitting diode. The LEDs are used to monitor the movement of the robot's feet as

a function of time.
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Figure 2.16: The control circuit. A) shows an illustration of the control circuit;
circles represent the threshold elements shown in Fig. 2.2 The curved arrows stand

for the connections between those threshold elements, while the straight arrows

denote the inter-oscillator coupling that introduces a phase shift. B) shows the

schematic of the control circuit. Here the inner ring is the 'master' oscillator. The

coupling resistors between the oscillators are R3 and R4. C) shows the outputs of

the inverters. These are the signals that drive the motors. The upper two traces

drive the rear motor Ml, the lower two traces drive the front motor M2.

2.5.3 Walking controller made from a chain of two coupled
oscillators

The controller (Fig. 2.16) consists of two coupled oscillators, one of which acts as

a 'master' oscillator. They drive one motor each. Their period, duty cycle and the

phase shift between them are given by eqs. (2.4), (2.5) and(2.18), respectively, and

can be altered directly with sensory input through a change of the values of the

resistances, as described in Sec. 2.4.

All sensory input can be used to change the four resistances of the controller, which

in turn results in a range of behavioral responses, such as turning or change of

gait. Here, the ratio of the values of the two master oscillator resistors Rl and R2

controls the ratio of lift duration between right and left front leg. For example, if

R1/R2 > 1, the robot turns left, and conversely for right. If an object is detected

on one side of the machine, the power stroke on that side is lengthened, causing
the machine to turn away from the object. Changing the ratio between these re¬

sistances and the coupling-resistances (R3, R4), changes the delay between motor
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sweep paths and thereby the walking gait. By adjusting these resistances, the phase
shift between front and hind girdle can be controlled.
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Figure 2.17: Leg trajectories and internal voltages of the walking robot. See text

for explanation (Sec. 2.5.4).

2.5.4 Locomotion of the Walking Machine

Figure 2.17 shows the voltages and leg trajectories obtained from the moving robot.

The upper trace shows the x-position of the left front foot as a function of time

(x-direction is in the direction of motion of the robot), the second trace shows the

vertical position, y, of the left front foot, and the third and fourth traces show

horizontal and vertical position of the left hind foot. The traces in the lower half of

the figure are the simultaneously recorded internal voltages (notation correspond¬
ing to Fig. 2.16). The top trace shows the input to inverter 1. The second trace
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shows the output of this inverter. The third trace shows the voltage at the input

node of inverter 3, and the last trace shows the output of inverter 3. These four

traces characterize the internal state of the robot. The first two traces show how

the voltage V2 decays proportional to e~llT with r = C Rl, and triggers the os¬

cillation of the 'master' oscillator by causing inverter 1 to switch when V2 crosses

the inverter threshold. The last two traces show how the coupling gives rise to the

delay between 'master' and 'slave' oscillator. The outputs V3out and V4out are

the mirror images of Vlout and V2out, respectively, and it would be redundant to

monitor them. The outputs of the controller move the robot's feet in the following

way: The turning of the hind motor (controlled by Vlout) results in a change of the

height (y-position) of the front foot (yl), while the hind foot drags on the ground

(y2).

As the machine steps, its limbs move the robots center of gravity from the back feet

to the front ones. The robot does not so much step forward as 'fall' at plus and

minus 45 degree angles to the forward direction of the robots' keel, as the motors

cycle between the four step states.

The phase shift between front and hind feet is roughly 90 degrees (xl and x2)
in accordance with the phase shift of the controller, set to roughly 90 degrees by
the ratio of the coupling resistances to the 'masters' resistances. The resulting gait
resembles a walk gait. The speed of the robot is chosen to be low for ease of ob¬

servation and is about 0.3 cm/s. The noise in the data is mainly due to the terrain

which is not perfectly smooth.

2.5.5 Walking controller made from a ring of four threshold

elements

The controller consists of four elements of the kind shown in Fig. 2.2, coupled to¬

gether in a ring, as shown in Fig. 2.18. Each of these elements gives a low pulse

output of duration T as a result of an edge (abrupt rise from OV to 5V occurring
at its input node Vin. The signal duration time is given by T = RCXn^y^ where

Vth is the threshold voltage of the inverter (see eq. (2.2)).

The outputs of these oscillating elements are used to drive the motors. The outputs
of two of the elements that form the ring of the controller drive the front motor, and

the other two drive the hind motor (see Fig. 2.18). The outputs of two elements are

connected (via buffers) to the inputs of a motor and the voltage difference across

the motor causes it to turn. When the voltage difference is reversed, the direction in

which the motor turns is also reversed. The control signals thus cause the motors,

and with them the legs, to move back and forth in a pattern that is determined

both by the signal durations of the outputs as well as by the state (or mode) of

the controller. As shown in Table 2.2, the controller can have 3 different states. In

the resting state, no pulse travels through the ring and the robot does not move.
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In the two other states there are either one or two pulses propagating through the

ring, as shown in Fig. 2.18. These patterns gives rise to a walking motion. Since

the legs of one girdle are attached to each other, the phase between them is fixed

at 180°. The two possible modes of the controller yield two different gaits (see

Fig. 2.18 to Fig. 2.20). Asynchronicity of the outputs of the elements in the ring,

induced by non-identical time constants, can be used to induce turning behavior.

The time constants of the elements can be individually modified in real-time by

simple sensors that change a resistance.

2.5.6 Locomotion of the Walking Machine

The outputs that drive the motors are measured as internal states of the controller,

to show the causal relationship between these voltages and the foot trajectories.

Figures 2.19 and 2.20 show the data recorded from the operating robot. The upper

trace of each of Figs. 2.19 and 2.20 shows the horizontal displacement of the left

front foot (positive displacement is in the direction of motion of the robot) as a

function of time, the second trace shows the vertical position of this foot (where
positive displacement means lift), and the third and fourth traces show the hori¬

zontal and vertical positions of the hind foot. The traces in the lower half of each

figure show the voltage outputs of the oscillators that drive the motors. The upper

two of these voltage traces drive the front motor, the lower two the hind motor.

In Fig. 2.19 the controller is in the state shown in Fig. 2.18 D. The vertical lines in

the enlarged part of the figure are intended to indicate the relevant time intervals

of a cycle.

During one half cycle of the oscillation the rear motor turns the body into a position

that takes weight off the left front leg enabling it to move forward because of the

simultaneous movement of the front motor. During this time the front foot moves

forward (first trace). During the other half cycle weight is simultaneously put onto

the left front foot by the movement of the hind motor and the foot is also moved

backwards by the front motor. The hind foot moves forward in a rather continuous

fashion, showing slight backward movements due to slipping.

The vertical displacement of both observed feet is negligible; variations are mainly
due to the not ideally smooth floor. This means that the shift in weight between

the front legs, induced by the movement of the hind motor, is not sufficient to lift

the feet up.

Altogether, the robot travels forward as expressed in a total positive displacement
of front and hind feet in the horizontal direction during one cycle. The symmetry

of the gait resembles that of a trot. The small velocity of this motion was chosen

deliberately for practical reasons.
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Figure 2.18: A) Schematic of the controller circuit; the circles stand for the basic

elements shown in Fig. 2.2 They are coupled together in a ring, the output voltage
of one element being the input-voltage of the next. B) shows the entire control

circuit in detail. In this ring, two modes can be observed. C) and D) show the

measured output voltages Vlout to V4out for each mode. These outputs control

the leg movements. Depending on the initial conditions, there can be one signal (of
length Tl, marked with *) propagating through the ring, as shown in C), or two

signals (of lengths Tl and T2, marked with ° and * respectively) as shown in D).
When the outputs are connected to the motors as shown in A), two different gaits
are obtained: a slow walk in case C) and a faster trot in case D) as is shown in

Fig. 2.19 and Fig. 2.20, respectively.
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Figure 2.20 shows the data for the second possible mode of the controller. In

this case the robot moves much slower and backwards.

The voltage traces show that the left front foot moves forward, when the out¬

put of 'element 4' of the ring (V4out) is low, because this causes the front motor to

turn the left leg forward. Also the hind leg moves backwards due to slip. During
the next time interval the signal that propagates through the controller causes the

next output-node to be low. This turns the front motor back, therefore moving the

front foot backwards. During the following time interval the hind motor turns the

hind left leg downwards, thereby lifting weight from the front left leg and enabling
it to slip further backwards. In the last time interval the hind motor turns in the

other direction, which does not effect the front left leg, but causes the hind left leg
to move backwards. This movement results in a total negative displacement of the

robot in the horizontal direction. The total velocity is significantly smaller than for

the forward trot. This gait resembles a backward walk.

The gaits can be switched by changing the initial conditions of the oscillation.

This can, for example, be done by a tactile sensor that briefly connects an input
node of one of the inverters to Vdd- A possible use of this behavior is having the

robot back away from obstacles it runs into. Other sensory information can mod¬

ify the controllers behavior directly via changes in resistance, causing changes in

the duration of the output signals and therefore changes in the coordination of the

leg movements. These can, for example, lead to turning behavior. A tactile sen¬

sor monitoring one side of the robots body can therefore cause it turn away from

sensed objects (or towards them, depending on the bias chosen by the designer)
and likewise a set of photo-diodes, monitoring both sides of the robot, can result in

a photo-tropic (or photo-phobic) behavior.

2.5.7 Discussion

Two controllers, each of which consists of four threshold elements were tested on

a four-legged walking robot powered by two motors. Both controllers are very ef¬

ficient, needing no software and only a small number of components to guarantee
coordination between the leg movements leading to walking.

The controller which consists of a chain of two coupled oscillators is able to support
a walk-like gait. The gait and also the direction of the robot can be changed directly
with sensory input. The gait arises from a phase lag between front and hind girdle,
which is set by the value of the coupling resistors. All walking gaits that have a

phase lag of 180° between the legs within one girdle can be obtained by with this

controller. These gaits are the walk, the trot and the gallop.

The controller that uses a ring of threshold elements can support two different
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behaviors of the robot, a fast forward trot and a slow backward walk. The fact

that the backward gait is slower than the forward gait resembles the way animals

would move. Moving backwards, a creature needs lower speed and higher flexibility
to turn. The slow backward walk offers this in comparison to the faster forward trot.

Some limitations that arise from mechanical problems have already been described,
such as the lack of friction between feet and floor. Furthermore, it should be pointed
out that the second controller (with ring architecture) has two significant disadvan¬

tages. Firstly, for smooth, stable walking one would like to be able to control the

activity of the motors in such a way that an overlap of variable phase difference is

possible, which can not be done with this controller. Secondly one would like to be

able to model more than two gaits.

2.6 Conclusion

The oscillators that were analyzed and tested in this chapter can control walking
robots. They offer the possibility to change the robots behavior using a variety
of simple sensors. Our analysis revealed which architecture of a walking controller

that is made from these oscillators is most suitable for gait control. A chain of four

coupled oscillators can produce all the major gaits that four-legged animals have

been observed to use. It is the minimal circuit required to control a rich variety
of gaits, as controllers (of this kind) with fewer components can not achieve this goal.

Two controllers, one of ring and one of chain architecture, were tested on a walking
robot. The machine had only two degrees of freedom (DOF) and thus two oscilla¬

tors were sufficient to control it. The controller can be extended to one that drives

a machine with one DOF per leg. This is the minimum number of DOFs, which

enables us to emulate all the walking gaits of quadrupeds.

The parameters of the controllers which determine their output pattern were values

of resistors in this chapter. Those can be changed either mechanically or electroni¬

cally, with sensors. The way the sensors alter the behavior is fixed by the value of

the resistances. This is useful, if one wants to change the behavior of the robot in a

reflex like way. For more advanced usage of the walking machine and if one aims at

implementing learning, it is desirable to make the controllers programmable elec¬

tronically. Only then, an analogy between the spinal cord that receives input from

the brain can be drawn to these controllers which could then receive input from

another computing device. The next chapter introduces a chip which implements
this idea using VLSI technology.
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Chapter 3

Walking Gait Control Chip

Based on the circuits that were analyzed in Chapter 2, a chip that controls the

walking behavior of a four-legged walking machine is constructed and tested. This

chip is able to support different walking gaits of a four-legged walking machine.

The chip is presented in Sec. 3.1. An analysis of the circuits on the chip (Sec. 3.3)
provides an understanding of the chip's characteristics, which in turn enables us

to investigate patterns that are useful with respect to locomotion, and that can be

produced by the chip. The chip is designed such that it can be used in different con¬

figurations. The behavior of controllers with a chain architecture and of controllers

with a ring architecture is investigated in Sec. 3.4.

3.1 The Chip

The Walking Gait Control (WGC) chip consists of two pairs of coupled oscillators,

one single oscillator and two coupling circuits (see Fig. 3.1 to Fig. 3.3). These com¬

ponents can be connected in different ways by the user to yield different controllers.

Some of the controllers which can be implemented this way are sketched in Fig. 3.6

and analyzed in Sec. 3.4.

The compactness of the circuits on the chip leaves a large area, which is used

for on-chip capacitors. However, it is not necessary to make the capacitors this

big. Thus, the capacitors are not a limiting factor for the implementation of larger
networks of oscillators on one chip.

3.2 Data Acquisition

The output of the chip is measured by connecting it to a data acquisition card (Lab-
PC+ board, available from National Instruments) in a personal computer (PC). A
custom routine, written in C, calculates the frequency and the duty cycle of each

output trace as well as the phase lags between output traces.
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Figure 3.1: WGC chip layout. The oscillators are located in the upper left corner

of the lower right quadrant. A blow up of this region is shown in Fig. 3.2. Most of

the space is covered by large capacitors. The chip was fabricated in a CMOS 1.2 /i

process. The dimensions of the chip are 2mm x 2mm.
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Figure 3.2: A blow up of the region of the WGC chip layout (Fig. 3.1) in which

the oscillator circuits are situated. The oscillator circuits (compare Fig. 3.4) are

located in the first, third and fifth row from the top. In the rows between them

are the coupling circuits (compare Fig. 3.5) .
This layout is extremely compact,

containing less than 80 transistors.
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The input voltages of the chip are set using digital to analog converters (DACs)
located on a 16 channel DAC board (CIO-DAC16/16, available from Computer-

Boards, Inc.) in the PC. The measurement routine mentioned above is incorpo¬
rated into a C program that runs an automated data acquisition by scanning one or

several parameters of the chip and determining the output values. The user decides

which parameters are scanned, over which ranges and with what step size.

The accuracy of the data acquisition is foremost limited by the sampling. The

computer is running a multitasking operating system. Thus, there are periods dur¬

ing which the process is not running and the data is not sampled. This leads to

an inaccuracy of the measurement, which is compensated for by averaging over a

number of cycles of the output signals. This number is specified by the user. The

resulting error is indicated in the figures with error bars or in the captions.

3.3 Circuit Analysis

The control parameters of the chip are two distinct bias voltages per oscillator and

two more per coupling circuit (Fig. 3.3). This section elaborates how these voltages
set the frequency and the duty cycle of a single oscillator as well as the phase shifts

between oscillators. Specifically, these voltages determine the patterns which can

be utilized for legged locomotion control. The frequency determines the frequency
of the leg movement, the walking gait of the robot is defined by the phase shifts

between the oscillators and the duty cycles of the oscillators control the direction

of motion of the robot. The frequency of an oscillator depends exponentially on

the oscillator's bias voltages, while the duty cycle depends exponentially on the

difference between the oscillator's two bias voltages. The phase lag between two
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OSCILLATOR i

COUPLING

OSCILLATORj

Figure 3.5: Two oscillators are coupled with a transmission gate. This coupling

affects only oscillator j (see Sec. 3.3.3). The gate voltage on the n-fet of each

transmission gate is set to be the complementary voltage of the p-fet of the same

transmission gate. This is done by the circuits which are drawn next to the trans¬

mission gates. These circuits are controlled by the bias voltages V^z and VbM,T-,

respectively. They copy the voltages V&^z and Vbjl3 r,
to nodes 2 and 4, respectively,

while the voltages at nodes 1 and 3 are (Vdd — VbilJti) and (Vdd — V&^r), respectively.
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BIAS ^y\y
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BIAS =l^\y
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BIAS =1A/

RTAS 1

BIAS -C\s

BIAS

OUT

Figure 3.6: Two different kinds of control architectures which are amongst those

that can be implemented with the Walking Gait Control chip. (A) ring of coupled
oscillators and (B) chain of coupled oscillators. Their behavior is analyzed in Sec. 3.4

oscillators depends on the bias voltages of the oscillators as well as the bias voltages
of the coupling circuit. The function is not strictly exponential, but dominated by

an exponential term.

3.3.1 Notation

A notation is adopted in this chapter that follows the same logic as the notation

of the previous chapter. As before, the voltages at the input nodes to the inverters

are called V, those at the nodes on the other side of the capacitors (C) are called

Vin and those at the inverter outputs are called Vout. The gate voltage of the n-fet

transistors between node V and ground (those transistors that are not part of the

inverter) is called V&.

The variables on the two sides of an oscillator are distinguished by the subscripts r

and I while the variables of two different oscillators are distinguished by subscripts
i and j, as before. These subscripts are omitted in equations which address only
one side of the oscillator or only one oscillator, respectively.

Two oscillators, i and j, are coupled with transmission gates that connect Vmt,i
and Vj. The bias voltage that controls the current through the transmission gate is

called Vbjj.
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3.3.2 The Oscillator

The oscillator is very similar to the one discussed in Chapter 2, the main difference

being that the resistor to ground is replaced by the n-fet transistor to ground (Ml
of Fig. 3.4).

We want to calculate the period of the oscillator as a function of the gate volt¬

age on Ml, Vi,. First, note that 14 < 0.8V in the frequency range that is used for

locomotion (ca. 0.5 Hz to 2 Hz). Hence, we can assume that the transistor Ml

operates in the sub-threshold regime. We are interested in computing the time, Tk,

(where k 6 {r,l} indicates the side of the oscillator) that it takes Vk to decay from

its peak voltage Vmax at £ = 0 to the threshold voltage of the inverter, Vth. We

assume that t — 0 is just after the jump from ground to the supply voltage, Vdd,

occurred at node Vk^n. Thus, during the time 0 < t < Tk, the voltage at node Vkj,n
is constant and equal to Vdd- Moreover, Vth < Vk < Vmax. Vth can be calculated

from the process parameters [124]

y =

Vdd + Vtp + Vtn\/ßn/ßp
i + ^/Klßv

where Vtp and Vtn are the threshold voltages for the inverter's p-fet (M2) and n-fet

(M3), respectively, while

Wz
ßi = HtC0X~--; ie{n,p}

with fii, the mobility of the charge carriers, Cox, the gate oxide capacitance, Wu

the width and L%, the length of the transistors. Both p- and n-fet have the same

geometry in the present layout (Wn = Wp and Ln = Lp). The threshold voltage of

the inverter becomes

V -

Vdd + Vtp + Vtn\/Vn/Up
= 1 345V

1 + \/ßn/ßp

Ml operates in saturation [79], because Vk > 4kT/q during 0 < t < Tk. The drain

current through transistor Ml is given by [79].

IT = I0e^fKVb (3.1)

where T is the temperature, k the Boltzmann constant and q the charge. Applying
Kichhoff's current law at node Vk, the differential equation for Vk becomes:

Vk = ~^eé-V^
Vk(t = 0) = Vmax

ke{l,r}
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^^Or^,vy.^vUsL,vl,^M,^a,,J,s|,u, J,

0.55 0.6 0 65

Bias voltage, V / V

Figure 3.7: Period of the oscillation (asterix = data) as a function of the bias voltage
on the n-fet transistor between node V and ground. For simplicity the bias voltages
on both n-fets of the oscillator are set to the same value, 14, which means that the

duty cycle of the oscillation is 50 %. The oscillation period follows eq. (3.5) (solid
line). The capacitance of all the capacitors on the chip is C = 515.987619 10^12F,
according to the process parameters. The values of Vmax, I0n and k, are estimated

with a least squares fit: Vmax = 3.23 V, J0„ = 2.2095 10~16,4 and k = 0.6202.
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This equation is solved by

Vk(t)=Vmax-^eéiKV'>* t

With Vk(t = Tk) = Vth, we obtain Tk:

Tk = (Vmax ~ Vth)ye-éKV^ (3.2)
JO

The period of the oscillator is given by the sum of the signal times on both sides

(subscripts / and r for left and right side) of the oscillator circuit

P = Tr+Tl = ^(Vmax ~ Vth)(e~é^l + e-é«Hr) (3.3)
-<o

This equation assumes that Vmax and Vth are the same for both inverters of the

oscillator. The inverters have the same geometry, thus this assumption is reasonable.

With the same assumption, the negative duty cycle with respect to Tr, as defined

in Chapter 2, is given by

Tr 1

Dr = f= ~1+e&K{Vb,T-VbÄ
(3-4)

and the same for Di, with r and I exchanged. Note that if all components of the

oscillator have the same value and the bias voltages are the same on both sides

{Vbi = Vbr = Vb), then the duty cycle is ~ (or 50 %) and the period becomes

(compare Fig. 3.7)

P = ^(Vmax - Vth) e~^rKVh (3.5)
Jo

i.e. by changing the bias voltage V&, the oscillation period is changed exponentially

3.3.3 The Coupling

Two oscillators are coupled with a transmission gate between the output nodes of

one oscillator (%) and the input nodes to the inverters of the other oscillator (j)

(see Fig. 3.5), resembling the way the oscillators were coupled with resistors in

Chapter 2. The bias voltage of the p-fet of the transmission gate is Vb,%3- The bias

of the n-fet of the transmission gate is set to (Vdd — Vb ZJ) by an additional circuit (see

Fig, 3.5). This circuit works in the following way: The input voltage of this circuit

is voltage T4>y. (Since there are two such circuits, one for each transmission gate,

the input voltages are labeled with additional subscripts r and I in Fig. 3.5.) We can

assume that the transistors are in saturation, because Vh,%3 > AkTfq. Furthermore,

let us assume that the transistor parameters, /i, k, w/l, I0 are constant and identical
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for each transistor that is of the same type (n or p). Then the currents through the

transistors of this circuit are

h = I0pe^T<V^ ~ Vb,ij)

h = I0ne^KVn

h = hne^Vn
h = IopeéW" ~ ^

where Vn and Vp stand for the gate voltages of the n-fet and the p-fet of the trans¬

mission gate, respectively. For the circuit on the left side in Fig. 3.5, Vn is the

voltage at node 1 and Vp is the voltage at node 2. For the circuit on the right side

in Fig. 3.5, Vn is the voltage at node 3 and Vp is the voltage at node 4. The currents

F and Ii must be identical and similarly, I3 and 74 must be identical. Furthermore,
the currents F +12 and F + 73 must be equal. Thus, it follows that F — h- Using
this, we see that

h = h -+ Vn = Vdd ~ Vh.i3

F = h -+ Vp = Vbfl3

At the low frequencies which are relevant for locomotion, the coupling only affects

oscillatory significantly, because the inverters of oscillator i act as impedance buffers

and therefore the voltage on node Vout,i is not significantly altered by connecting the

transmission gate. For ease of reference let us call oscillator i the master oscillator

and oscillator j the slave oscillator, like in Chapter 2.

Phase lag between two oscillators

The phase lags, <pr and <fii, between two oscillators (previously defined in Chapter 2,

(2.18)) are given by

4>r =
TD>r + T"

= 7jf + Dir (3.6)

and the same for fa with r and I exchanged. To calculate TD, consider that part
of the oscillation during which the voltage at node VJtin is at ground (OV). Let the

time t = 0 be right after Vout>i switched from ground to Vdd- When this step occurs,

current flows into node V3 through the transmission gate. The voltage V3 increases

and reaches the threshold voltage of the inverter, Vth after a time Tp. For that

range of the bias voltage on the transmission gate which we are interested in, the

frequency of the slave oscillator is the same as the frequency of the master oscillator.

Then the shift in time between the two oscillations, FD, results in a phase lag as

defined in eq. (3.6).
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Figure 3.8: A: The voltage output of inverter i (Vouttl) is the input to the transmis¬

sion gate that couples inverter i to inverter j. On the other side of the transmission

gate is node V3. When the voltage Vouttl steps from 5V to OV, the voltage V3 falls due

to charge flow through the transmission gate. V3 is the input to one of the inverters

of oscillator j. When the voltage V3 reaches the inverter threshold, it causes the

inverter to switch from low to high. B: Sketch of the output traces of two coupled
oscillators. Signal times (e.g. Tzj) and delay times (e.g. Tpj) are indicated.
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Derivation of FD

To be able to use the approximation that all transistors are in saturation, let us

assume that Vj = 0.1 V (instead of 0 V) at time t = 0. This introduces a very

negligible error in the phase lag we are going to determine as a function of V\,,i3-
The assumption made is only correct if there was enough time for V3 to discharge,
between the last time Vinj switched from Vdd to ground and time t = 0. This can

be assumed to be the case for the range of frequencies (around 0.5 to 2 Hz) we are

concerned about. The time it takes to fully discharge V3 depends on C, Vbj and Vb}l3.

In summary, the assumptions about the state of the oscillator considered for the

computation of FD are:

V out,i (t<0) = 0

out, (t >0) = Vdd

v%n ,j
= 0

with the initial condition

Vj(t = o) = y0 = o.i y

With these assumptions, the current through the transmission gate is given by

Itg = Fn eé<V*d
~ Vh,3) e-£V3 + Iqp Jr<ydd

~ Vh,l3)

The current through the single transistor is the same as before (compare eq. (3.1))
and Kirchhoff's current law implies that we have to solve

Vj = D e~vrVi + E ; V3(t = 0) = V0

with

D =
I°!L ek<Vdd - Vbjij)
G

E = hloj, eé<Vdd - Vbiij)
_ Ion eK^VbJ^

This is done by

^

fcT,
. JLEt, S-Vn D^ D1

V, = —In \ekTI2jb(ekTvo ^ )

Recalling that V3(FD) = Vth we obtain

hT, D + EevrVth
FD = — In

rT7- (3.7)
qE D + EJrVQ
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To write TD as a function of the bias voltages, let us define

kT C
a = ——- (3.8

q Fn

7°P „^Vdd

Fn

^V, „StKVr,ddp(V) = (I0n + hPekTv)ekT

a(V) = hnerrV (3.9)

With these abbreviations, Fr> becomes

T
a

, AVh) e~^KV^ - a(Vth) e^V^

He~vrKV^ - ekTKVbj p(yQ) e~FrKV^ - a(V0) ekTKVbJ

Fr, is only defined, if the argument of the logarithm in (3.10) is greater than zero.

This means that numerator and denominator are either both smaller or both greater
than zero. This yields a constraint for the sum of 14j and Vb,i3

Vb,ij + Vb,j <
kT
—ln[(e
qK

kT th
-f
Fp

Fn
)e~vrKVdd

OR

vbjij + VbJ >

kT
—ln[(e
qK

q \r
-kfvo +

Fn'
ekTKVdd^

Note that with Vq = 0.1 V and Vth =

1.3453

V

bounds are

OR

1.3453

V, rough numerical values for the

Vb,v + V,3 < 4.75

Vb,ij + VbJ > 4.86

This means that there is a small region of approximately lOOmV in which TD

diverges. The singularity can be observed experimentally, but it is not reached

within the range of bias voltages applied for the use of the chip in this thesis. //
// Since it is not possible to measure the values of I0p and I0n for every transistor

on the WGC chip, these two parameters are estimated by data fitting.

Behavior of TD

TD becomes zero when the transmission gate opens (14,ij —> 0). Then, the term

in front of the logarithm in eq. (3.10) becomes qa T/
.
The denominator is

p-ekTKVb,J



67

dominated by [i, which is on the order of 1056 and thus the term vanishes which in

turn causes TD to go to zero.

Note that the phase shift between two oscillators i and j is different for two cases:

(i) in the circuit there is a master oscillator that has no transmission gate connected

to V% and therefore behaves according to eqs. (3.2) and (3.3). This is the case for

chains of coupled oscillators. Since we are interested only in oscillations where both

oscillators are entrained to the same frequency, eq. (3.2) substituted into eq. (3.6)
together with eq. (3.10) gives the phase shift for this case; (ii) all oscillators are

coupled to others via a transmission gate. As will become clear in Sec. 3.4.2, the

common period is different in this case.

3.3.4 Temperature dependency

The output of the chip, i.e. oscillation period, duty cycles and phase shifts are

temperature dependent. Engineering the chip such that its output becomes tem¬

perature independent is not necessarily a trivial task [28]. For some applications it

might be sufficient to mount the chip in a thermally isolated enclosure.

3.4 Patterns produced by rings and chains of os¬

cillators

We are interested in the patterns that those controllers which can be implemented

using the Walking Gait Control chip can produce. In particular, chain and ring
architectures are of interest. A controller with a chain architecture can support all

the major walking gaits that have been observed to be used by four-legged animals.

Those, together with the speed and direction of the robot are controlled by eight

parameters. A ring of four oscillators shows bistable behavior thus being able to

support two gaits.

3.4.1 Chains of oscillators

Chains of oscillators can produce phase lags between the oscillatory movement of

the legs of the walking machine in the range of 0.5 to 1. The phase lags are smooth

functions of the respective control parameters. Therefore transitions between dif¬

ferent gaits can either be smooth or abrupt, the later implemented by an abrupt

change of the control parameters.

Let n oscillators be coupled to form a chain. Let the oscillators be numbered with

subscripts i = 1,.., n. In the first oscillator there is no transmission gate connected

to node V\. Hence, this oscillator has a period that is given by eq. (3.3).
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Chains of symmetrical oscillators

A very simple requirement for the circuit is to produce a symmetric waveform for

forward motion. This can be implemented by identical control parameters on both

right and left side of the oscillators (Vb>li = VbjT =: Vb,% and Vb^3i = Vb,%jr =' V,^)-
Then eq. (3.6) becomes

(compare Fig. 3.9 to Fig. 3.11). Substitution of P (see (3.5)) and TD (compare
(3.10)) into (3.11) yields

11 kT eé<yb,m ~ Vj) piyth) _ a{Vth) eé*W« + V)
*

2 2 q(Vmax ~ Vth)
p e-^r<Vb,3 + Vb,3)

_ 1

R [

p{y^ _^ e&«(V6i„ + vf'
>

Where the subscript m denotes the master oscillator at the head of the chain. If the

bias voltages for all oscillators are the same (Vbj = Vm Vz G {1, ..,n}), </> depends

only on the sum of Vm and the bias voltage of the transmission gate

,

=

1 1 kT 1 p(Vth) - a(Vth) eFr<V^ + V>)

2 2 q(Vmax - Vth)
ß e-a<Vbü + Vbd) _1n[ p{yo) _ a{Vo) ek^K(Vb>l3 + Vb)

Walking Gaits controlled with a chain of four coupled oscillators

To generate different walking gaits as described in Chapter 1, the phase lags between

single oscillators have to be adjusted to the appropriate values. Typical gaits like

trot, walk, transverse and rotary gallop, canter, bounce and pronk can in principle
be controlled by the output of the chip (Fig. 3.13). However, a problem arises here.

To illustrate this, let us again consider symmetric oscillators, symmetric meaning
that the parameter values on both right and left side of the circuit are the same.

The duty cycle of a symmetric oscillator should be 50 %, because it is given by
F>i = Tt/(Ti +Tr) (i e {r, I}) and for symmetric oscillators, TJ = Tr. This is assum¬

ing an ideal chip with identical transistors.

In practice transistor mismatch is a problem in the development of aVLSI sys¬

tems [79]. Transistors operated in the subthreshold regime show a large variability
(as reported in [5]). The variability is attributed to several effects [88], not all of

which can be eliminated by careful design [5].

The difference between the transistors of the chip causes the transmission gates
on the two sides of the circuit to let a different amount of current pass when set to

the same bias voltage. This results in different delay times TD on both sides of the

circuit. Assuming that the symmetric master oscillator has a duty cycle of 50 %,
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Figure 3.9: Phase lag (in units of 2 n) between the first two oscillators in a chain of

4 oscillators. The function given in eq. (3.11) (solid line) is compared to the data

points. The parameters Vmax and I0n are the ones determined in Fig. 3.7, I0p, as

estimated by data fitting is 1.56 10~19 A.
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Figure 3.10: Phase lag (in units of 2 tt) between oscillators 2 and 3 in a chain

of 4 oscillators. The function given in eq. (3.12) (solid line) is compared to the

data points. The parameters Vmax and I0n, used to calculate the master oscillator's

period are the ones determined in Fig. 3.7. For the transistors of the slave oscillator,

I0p and IQn are estimated by data fitting. I0p = 6.5 10~18 A and I0n = 10~17 A.
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Figure 3.11: Phase lag (in units of 2 vr) between the last two oscillators in a chain

of 4 oscillators. The function given in eq. (3.12) (solid line) is compared to the

data points. The parameters Vmax and Fn, used to calculate the master oscillator's

period are the ones determined in Fig. 3.7. For the transistors of the slave oscillator,
F„ and Fn are estimated by data fitting. I0p = 1.38 10"19 A and I0n = 2 10~17 A.I Op



72

05

0 45

04

0 35

03

Q

<D

§•025
>.

D

02

015

01

0 05

!

05 0 55 06 0 65 0 7 0 75 0 8

Phase shift, <j>.
0 85 09 0 95

Figure 3.12: Duty cycle of oscillator two in a chain of 4 oscillators as a function of

the phase shift (in units of 2 tt) between oscillators one and two.

the slave oscillator must than have a duty cycle different from 50 % (see Fig. 3.12).
In practice however, the duty cycle of the symmetric master oscillator will also be

slightly different from 50 % when the transistors Ml on each side of each oscillator

(see Fig. 3.4) are set to the same bias voltage, because they also let a different

amount of current pass due to the same effect.

If the current through each transistor could be determined experimentally, the the¬

oretical modeling could be improved to better describe the observed duty cycle. For

practical reasons the current through every transistor of the chip as a function of

the bias voltage cannot be measured, because the transistors are not connected to

bare pads.1 Therefore, another way has to be found for adjusting the parameters
of the chip to produce exactly the desired pattern. In the configuration sketched in

Fig. 3.13, the pace gait is trivial to produce. For this gait, the transmission gates
must be open which can easily be assured by setting 14,12 = 14,23 = 14,34 < 3.9 V.

But the parameters for other gaits are harder to be determined.

The brute force method is to create a look up table by finely scanning the parameter

space and measuring the resulting output traces of the chip with the automated

1If they weie connected to bare pads, the chip would not operate, because the oscillation would
break down due to a lack of an impedance buffering. Furthermore, the number of pads is limited

to 40 m this package.
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Figure 3.13: Different walking gaits and the respective phase lags for a chain of

oscillators (top left drawing). The numbers indicate the phase shift of the legs with

respect to the front left leg according to Fig. 1.1.
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Figure 3.14: The phase lag between oscillators 2 and 3 in a chain of 4 oscillators (grey
scale) in the two dimensional parameter space spanned by the two bias voltages Vb>ij i

and Vb,i3)r of the transmission gates between oscillators 2 and 3. Areas in which the

phase lag attains a value of roughly 0.6 (0.599 to 0.601) are surrounded by black

lines in the graph. The resulting pattern produced by the controller corresponds to

a transverse gallop, as shown in Fig. 3.15. The black spots (value 0) are artifacts.

No reliable data is available at these points (see Sec. 3.2).
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Figure 3.15: Output waveforms which control a movement similar to a transverse

gallop, if connected to the motors of the walking machine as sketched in Fig. 3.13.

The phase lags are: è\ = 0.5 fa = 0 6 and é3 = 0.5. The values of the bias voltages
are obtained from Fig. 3.14.
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data acquisition described in Sec. 3.2. This method of searching for the parameters

which produce a desired pattern is very time consuming, because firstly the input

parameter spaces are two dimensional which means that many different combina¬

tions have to be measured and secondly the data acquisition is noisy which means

that each measurement has to be repeated many times to obtain an average with

decent precision (see Sec. 3.2). However, it can be done. Let us take the transverse

gallop gait as an example. To implement this gait, we need to adjust the phase lags
between the oscillators to fa = fa = 0.5 and fa = 0.6 (see Fig. 3.13). As mentioned

above, a phase lag of 0.5 is trivial to implement, such that we only have to search for

those values for the parameters 14,23,/ and H,23,r which ensure that fa = 0.6. With

an automated data acquisition, a fine scan of the two bias voltages took roughly
one day (Fig. 3.14). The result shows that a transverse gallop can be controlled

with the chip after the correct bias voltages were found with the automated scan

(Fig. 3.15).

Due to its inefficiency the parameter search by fine scanning of the parameter space

is certainly not the method of choice. Chapter 5 deals with finding better solutions

to this problem.

3.4.2 Rings of oscillators

To investigate the behavior of rings of coupled oscillators implemented with the

Walking Gait Control chip let us focus on a ring of four identical oscillators with

identical parameters on both side of the circuit. We investigate how the frequency
of the controller depends on the bias voltages of the transmission gates and we find

that the controller can support 2 different gaits.

Rings of symmetric, identical oscillators

For reasons discussed in Sec. 3.4.1, let us investigate symmetric, identical oscillators.

All the oscillators of the ring controller are coupled to other oscillators. They are

all 'slave' oscillators. Therefore their oscillation period and with it the period of

the whole controller is different from that of a 'master' oscillator.

Frequency of a slave oscillator

In order to compute the oscillation period of the slave oscillator, we calculate the

time T3 it takes the voltage at node V3 to decay from its maximum value, Vmax
to the threshold voltage of the inverter, Vth- Vmax is obtained at node V when

the outputs of the oscillator's inverters switch and hence a voltage step arises at

node Voutj. We can assume that, during this time, Vout}l does not change. For

some oscillators in the ring, Vout:t = OV during this time and otherwise Vout,t = Vdd

during this time (see Figs. 3.17 and 3.18). Let us consider the case that Vout^ = OV.
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Using the same approximation as above (all transistors operate in sub-threshold

and saturation), the current through the transmission gate is given by

Itg = Ion eKMvdd
- Vb,v) + Iop eK^Vb,3

- (1 - K)Vdd el^V3

The current through the single transistor to ground remains the same as in (3.1).
Applying Kirchhoff's current law we obtain

V3 =-~{Itg + It)

with the initial condition

V3(t = 0)=Vmax

Defining

(3.13)

A JJlLP~^Vbtl3-(l~K)^Vc'dd

B = !^(eKKr(vdd - vb,v) + e-àKVb-j)
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Eq. (3.13) can be written as

VJ = -AeurV3-B ; V3 (t = 0) = Vmax

which is solved by

t,/x kT, r S-Bt, ~^V A^ A^

Vj{t) = \n[ekTni(e kTVmax + \_ 1

q B B

Remembering V3(t = T3) — Vth yields

kT, A + Be~KTVth
T

— —=ln
-3

~

„r>
_

—JL
'
maxC1B A + Be krVn'

To show that T3 depends on the bias voltages let us define

ß = evrKVdd

l(V) = FP evr(K ~ l)Vdd
+ iQn evrKVdd ~ lkV

(3.14)

With these abbreviations the signal time becomes, using (3.8) and (3.9)

^(Vth) e~l&KVbMk + a(-Vth) eWKVbjk
rp

w

i

ße~KTKVbMk + ekrKVb,jk 1(Vmax) e~kTKVW + a(-Vmax) ekrKVW

(3.15)

If the bias voltages of the transistors Ml on both sides of the oscillator circuit (see

Fig. 3.4) and the bias voltages of the transmission gates on both sides of the circuit

are identical, then the period is P — 2T. Otherwise, the period is the sum of the

signal times of each half of the circuit, P — T3x + T3T. The negative duty cycle with

respect to Thk (k e {r, I}) is Dhk = T3,k/(TJti + TJir).

Behavior of ring controllers

For symmetric oscillators, the period is given by P = 2T, where T follows eq.

(3.15). The dependency of T3 on the control voltages Vb<l3 and Vb>3 is dominated

the denominator by the factor \j(ße~^r b'%3 + ekfKVb^), because the logarith¬
mic term is almost constant. For the small values of 14^ that result in oscillation

frequencies adequate for locomotion (V&j roughly around 0.35 V and 0.4 V), the
<LKy

term ße kT *w dominates the denominator in the expression above. Hence the

frequency of the controller depends roughly exponentially on the bias voltages of

the transmission gates, VbtX3 (Fig. 3.16) and is not significantly effected by changes
in Vb,3. At those frequencies interesting for robotic locomotion (ca. 0.5 Hz - 2 Hz),
the controller is bistable for most combinations of the parameters Vb,%3 and Vb3, sup-
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Figure 3.19: Circuitry required to implement the sensory feedback loop, consisting
of two comparators and two n-fet MOS transistors. If 14„t / = 5V and Vout<r = OV,
then the voltage of the potentiometer, Vpot, increases. If Vpot < Vmax, then the gate

voltage on transistor Ml is OV, and Ml is turned off. If Vpot > Vmax, then the gate

voltage on transistor Ml is 5V, and Ml is turned on. This causes Voutd to go to

OV, and stops the leg from moving, as the inputs to both sides of the motor are

OV. Similarly, when Voutd = OV and Vouttr = 5V, the voltage Vpot decreases. In this

case, as 14,0t decreases below Vmm, Vout^r is shorted to to OV, and the leg stops from

moving. Thus the voltages Vmm and Vmax set the range for Vpot in which the leg
can move. They are 'voltage boundaries'.

porting two different modes one of which (mode 1) resembles a walk gait (Fig. 3.17).
The second mode (mode 2) occurs with a much higher frequency (Fig. 3.18). If one

was to drive a robot using these two different oscillation modes, then connecting

Vout,4 to the motor of the leg it is supposed to move with opposite polarity than the

other three waveforms are connected to their legs, would yield a fast trot gait for

mode 2 and a slow walk gait for mode 1.

Compared to the wide range of gaits that a chain of 4 oscillators can control, the

performance of a ring is rather limited.

3.5 Sensory feedback

Experiments with decerebrate cats have shown that the timing of the initiation

of the swing phase (and of the termination of the stance phase) is influenced by

sensory feedback. There are two hypotheses regarding the mechanism and the re¬

ceptors involved in it [54]. One hypothesis states that the swing phase only begins
when extensor muscles are being unloaded at the end of the stance phase (see [24],
[48], [31], [91] and [90]), which means that force sensitive receptors are playing the

crucial role. The other hypothesis sees hip extension as a critical signal for the

initiation of the swing phase (see [4], [46], [54] and

The robot on which the chip is tested (see Chapter 4) contains potentiometers
which measure the angular displacement of the leg. They give information about
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the location of the leg relatively to the body. This signal can be interpreted as

giving information similar to that about the hip extension in the biological system.

Using these simple sensors, we can build a direct sensory feedback loop, incorpo¬

rating the output of the sensor into the circuitry that drives the leg. This yields
a system with a different behavior compared to the open loop system. The feed¬

back can be used to avoid contact with the mechanical stops which constrain the

maximal excursion of the leg. The additional circuitry required for this feedback

loop is straightforward (see Fig. 3.19). Without feedback, the leg bumps into the

mechanical boundaries (see Fig. 3.20), but with feedback this is avoided and the

amplitude of the leg movement is regulated by the voltage boundaries Vmin and

Vmax (see Fig. 3.21).

Using sensory information on hip position in a feedback loop as described demon¬

strates how a system composed of the WGC chip and a robot allows for inclusion of

feedback from simple sensors. More generally, information provided by the sensors

could also be used for more intricate control tasks. Recently, Lewis et al. [72] pro¬

posed an adaptive motorneuron stage which is located between the (square wave)
output of an oscillator and the motor of a leg, receiving input from a LVDT sensor,

which monitors the position of the hip. This circuit mimics the spiking outputs of

two motor neurons, the frequency of which control the forward and the backward

motor speed, respectively. This module could be used in combination with the

WGC chip, replacing the circuit shown in Fig. 3.19. The advantage of the circuit

presented here (see Fig. 3.19) lies in its simplicity and in the fact that it is made

from cheap 'off-the-shelf components. On the other hand, the circuit presented in

[72] allows for adaptive control of speed, a feature which is not addressed by the

circuits presented here. Hence, interfacing the WGC chip with the motorneuron

circuit of [72] would be a sensible extension of the present work.

3.6 Conclusion

The Walking Gait Control chip which was presented and analyzed in this chapter
can control a four-legged robot and support all the major walking gaits that four-

legged animals have been observed to use. The chip takes constant analog voltages
(= control parameters) as input and produces square wave voltages as output. Fre¬

quency and duty cycle of the oscillations as well as phase relationships between the

oscillations depend on the input and determine the robot's walking behavior.

The WGC chip's input can be provided by:

• Analog chips (e.g. neuromorphic sensor chips, see Chapter 1.2.2)

• Sensors the output of which can be transformed into an analog voltage

• Digital processors (via digital to analog converters (DACs)).
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Thus the chip can be used on a legged robot in combination with a variety of other

devices. Sensory feedback can be incorporated into the controller either directly

by using a voltage signal from the sensors to modify the chip's input voltages, or

indirectly by measuring the sensory signal with a PC-card, processing the sensory

data on a digital processor and setting the chip's input voltages via DACs.

The fact that digital machines can be interfaced to the WGC chip is also intended

to be a design tool for the further development of the whole, autonomous walking
robot. To develop a new algorithm for any task that the robot must perform, it is

often faster and cheaper to implement the algorithm using digital hardware than

to implement it on a dedicated chip, because of the chip fabrication time and costs.

This strategy is particularly appropriate if an algorithm is modified during the de¬

velopment phase or if several algorithms are tested and compared. Thus, I propose

a development strategy for a fully analog (neuromorphic) walking machine, using
the WGC chip interface: First, find a suitable algorithm through implementation
and testing on a digital processor. After the algorithm is found, it can be imple¬
mented as a neuromorphic chip, communicating with the WGC chip and also with

either the sensors or the digital processor. In this way, a fully analog, autonomous

machine can be developed which will be able to solve more and more complex tasks.

The circuit analysis of the WGC chip enables one to determine approximately the

values of the control parameters needed for a particular behavior. They can not be

determined precisely due to a lack knowledge of the exact values of the dark currents

F of each transistor on the chip. The parameter space in the vicinity of the approx¬

imate values of the control parameters can be scanned and the resulting waveform

can be measured and compared to the desired one using an automatic data acquisi¬
tion system. The utility of this method was demonstrated. However, this procedure
is rather time consuming and not very elegant. The remaining challenge therefore is

to enable the robot to find those parameters that lead to a desired behavior through
some mechanism of adaptation or learning. These issues are addressed in Chapter 5.

Another question that needs to be addressed is that of the particular mechani¬

cal features of the robot who's leg movements are controlled by the Walking Gait

Control chip. Despite the chip being able to control a wide range of walking gaits, it

might be the case that due to the mechanical properties of the robot not all of them

result in efficient locomotion. Which ones do, depends on the particular mechanics

of the machine. The chip is implemented on a four-legged robot with one motor per

leg. Chapter 4 investigates which movements the robot executes given the output
of the WGC chip.
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Chapter 4

Four-Legged Walking Machine

A four-legged walking robot is constructed (see Sec. 4.1) in order to provide a test

platform for the Walking Gait Control (WGC) chip (see Chapter 3). The mechanics

of this robot are modeled (see Sec. 4.3) to provide an understanding of how the

output voltages from the WGC chip move the robot in space. The control signals
coordinate the legs of the robot for different gaits (see Sec. 4.2).

4.1 The Robot

The robot's body is an aluminum frame of variable height, with a length of 12 cm

and a width of 6.2 cm. The frame holds four DC motors which drive the legs of

the machine (see Fig. 4.1). The motors are standard servo motors that were mod¬

ified such that their input signal specifications are compatible with the output of

the WGC chip. Buffer circuits are used to decouple chip and motor signals and to

supply enough power to the motors. An aluminum leg is attached to each motor, at

right angles to the plane of the body, ending in a foot that is 2 cm high, 2 cm wide

and 1.5 cm long. Leg and foot together have a length of 6.5 cm, measured from the

motor axis to the bottom of the foot. Each foot has a small electromagnet which is

activated during the stance phase of the leg and deactivated during the swing phase.
The robot walks on a metal floor such that the electromagnet increases the friction

during the stance phase1. This is a way of breaking the symmetry of the force the

machine exerts on the floor to make it move in one distinct direction, given that

it has only one degree of freedom per leg. A similar effect can be obtained using
asymmetric, elastic legs (see [118]). The magnetic method was chosen, because it

simplifies the mechanical construction and analysis while at the same time making
it possible to move the robot forward efficiently. The electromagnet is an additional,
but passive, degree of freedom per leg. It is called a 'passive' degree of freedom,
because it is phase coupled to the control signal. The magnet is always turned on

1 Stance phase = Leg moves in the opposite direction of the intended locomotion and propels
the body forward. Swing phase = Leg moves back into the position from which it can start the

stance phase. In animals the foot is typically lifted off the ground during this phase.
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Figure 4.1: Picture of the walking machine.
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during the stance phase and always turned off during the swing phase. A biological
motivation for this additional, passive degree of freedom can be found if one looks at

the foot of the stick insect ([26]). The foot of the stick insect is composed of several

cylinder-like compartments that fit into each other. A tendon runs through the foot

and is attached beneath the joints which connect those compartments. When the

leg moves backwards, the tendon pulls and causes the foot to contract. The ends

of the compartments of the foot then push into the ground like small hooks, and

there is an additional large hook at the tip of the foot. This increases the friction

between foot and ground so much that it enables the stick insect to walk up walls.

4.2 Gait Control using the WGC chip

The walking gaits of this robot which has one degree of freedom per leg are defined

by the phase relationships between the leg displacements under load conditions2.

Potentiometers are attached to each motor. The voltage measured at a potentiome¬
ter is proportional to the angular displacement of the corresponding leg. The phase
relationships of the four voltage traces obtained from the potentiometers character¬

ize the gait. This data, together with data from the chip controlling the inter-leg
coordination necessary for all the respective gaits (as shown in Fig. 1.1) confirms

that each of the gaits which can be controlled by the output of the WGC chip (as
discussed in Sec. 3.4.1) is actually expressed in the movement of the robot (see
Fig. 4.2 to Fig. 4.9). In each figure, the four traces of the leg movements are over-

layed to aid the discrimination of the phase relationships between them. Note that

raw data is plotted, which is subject to noise caused by the data acquisition (see
Sec. 3.2). The numbers given for the period, P and the phase shifts, fa (i = 1,.., 3),
of the oscillators on the chip are obtained by averaging over 20 periods. Thus the

data displayed can deviate slightly from these numbers. For each gait, we consider

forward motion, implying that the legs' duty cycles are roughly 50%. Gait stability
is demonstrated for the trot gait under no-load condition (see Fig. 4.10) and load

condition (see Fig. 4.11). The other gaits are equally stable.

2Load condition = Robot walks on the floor. No-load condition: Robot's body is supported,
legs swing free in the air.
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Figure 4.10: Plot of the angular displacement of left front vs. angular displacement
of right front leg under no-load condition. The displacement is measured with

potentiometers; the measured voltage is normalized to one. The trajectories of

both legs are similar for each cycle. They lie on a noisy attractor, the structure of

which is expressed in this measurement which contains 2778 data points.
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Figure 4.11: Same as Fig. 4.10, but under load conditions. The attractor is more

noisy, but still intact.

4.3 Kinematic Model of the Robot

The output voltages of the WGC chip which drive the robot's leg motors are known,
as well as the angular movements of the legs which are measured with potentiome¬
ters attached to the leg motors. The motion of the robot's body is modeled based

on this knowledge.

Simplification 1: The leg movements of the robot move the robot's body both

horizontally and vertically. The vertical movement is small. Hence it will be ne¬

glected in the model. This means that we only model movements of the robot's

body in the plane. A projection of the robot's body onto the horizontal plane (x-y
plane) yields a rectangular shape of length I and width w (see Fig. 4.12 C). Assume

that the legs are attached at the corners of this rectangle and call the corners the

shoulders, S%, % — 1, ..,4. The movement of the robot's body is parameterized by
the two dimensional vector, c, that denotes the center of gravity and the angle, <f>,
between the symmetry axis going through the robot's body from rear to front and

the x-axis (see Fig. 4.12).

Simplification 2: The robot's legs swing beneath its body, executing a one dimen¬

sional movement on a circle with radius a. The movement of each leg is parameter¬

ized by the angle </^(i), i = 1, ..,4. The maximal angular displacement (fmax is the
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Figure 4.12: Sketch of the model of the robot. A: World coordinates (x,y,z), body
centered coordinates, (x',y',z'), with origin at the center of gravity (c) of the robot's

body. Feet (fz) and shoulders (Sl), i = 1,..,4. B: Projection onto the (x,z) plane.

Length (1) and height (h) of the robot's body, a: length of the legs. The angle ipx

describes the excursion of leg 1. C: Projection onto the (x,y) plane. Width (w) and

length (1) of the robot's body. The angle <f> is the angle between x axis and x' axis.
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Figure 4.13: Angular position cp of a single leg as a function of time under load

conditions. Solid line: Model according to eq. (4.1). Dots: Data points, averaged
over 10 trials, 'max' denotes (pmax.

same for each leg and is set by the position of mechanical stops. Measurement of

<Pi(t) reveals that </?,(£) can be approximated with a piecewise linear function (see
Fig. 4.13). Let us consider one single leg and let its movement start at time t0.

Then, cp(t) is modeled as

ip0 t0 < t < F

(p(t) = \ At + B ti<t<t2

tßmax t2 < t <T

(4.1)

where T is the total time for which the leg gets the signal from the control chip
telling it to move backwards, (p0 = (p(tQ),

A
<Pn <£o

u-u

and

B = <Pr, :i
VoM

F/t2

Furthermore, we assume that the velocity is zero during t0 < t < t\ and t2 <t <T

and jumps to a constant value at t\ which is maintained until t2, when the velocity
jumps back to zero. The values of t\ and t2 are determined from the data.

Simplification 3: The movement of shoulder number i with respect to foot num-
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Figure 4.14: Forward walk, P ~ 0.89 s, Duty cycle ~ 50%. Top graph: Movement

of the center of gravity in x-direction, cx(t), as a function of time. Dots with error

bars: data; solid line: least squares fit. Middle graph: The dots are the values of the

fit subtracted from value of the data as a function of time which lie within the error

(lines). Lower graph: Control voltages as a function of time. In the upper row,

dots correspond to leg LF, circles to leg RF, and in the lower row, dots correspond
to leg RH and circles to leg LH. Displayed symbols indicate that the corresponding
leg is active. From the fit displayed in the top graph, / = 0.7 is obtained.

ber % is given by asin((pl(t)) for i G {1,...4} (in x'-direction). In the present

implementation, pmax = 20°. We can approximate sin(^(t)) with ipz(t) without

making too large an error. Then, the shoulder movement with respect to the foot

is modeled by aip^t) for i G {1,.., 4}.

4.3.1 Forward motion

Assume that active feet (i.e. those which have the electromagnet turned on) stick to

the ground without slipping and that feet, when they are not active, slip frictionless

over the ground. Then, the velocity of shoulder number i of the active leg number
% with respect to the ground is constrained such that the sideways velocity of the

shoulder (i.e. the velocity that is at right angles with the x'-axis) must be zero.
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The shoulder velocity in the direction of motion of the robot's body is a(pt(t)ëx< for

ti < t < t2 and i G I, where I is the set of those subscripts that denote active legs.

If all active legs move with the same velocity, <pz(t) = v, then the robot moves

forward in a straight line and the movement of its center of gravity is given by

c(t) = (avt + c0)(cos(fa)ex + sin(<j>Q)ëy) (4.2)

where Cq is the location of the center of gravity and fa is the angle between the direc¬

tion of movement of the robot and the x-axis, at the time when the movement starts.

For walks in which each leg has a duty cycle of 50%, there are always two legs
active at the same time, moving with the same velocity and thus the robot can

be expected to move according to (4.2), since ideally the total torque is zero. The

data shows that the robot's body indeed moves on a straight line (see Fig. 4.14).
But, since there is friction and slip in the real system, the slope, i.e. the velocity,
is different from the one predicted in Fig. 4.2. The difference is given by a term

/ = measured velocity/predicted velocity.

4.3.2 Walking on a curved trajectory

Driving two legs of the robot with a duty cycle other than 50% causes the robot

to turn. Data in Fig. 4.16 shows how the robot turns. The front legs move nor¬

mally with approximately equally long stance and swing phases and the movement

in each phase spans approximately the whole range of the leg, just briefly (if at

all) touching the mechanical stops. The hind legs are driven with control signals
with a duty cycle not equal to 50%. Their movement is reduced because for one

part of the cycle the control signal tells the motor to move in one direction for a

time longer than it can, given the mechanical stop. The leg is forced to remain

at the mechanical stop until the control signal changes. For the other part of the

cycle, the signal tells the motor to move in the other direction for a shorter length
of time than it would take the leg to swing over the full possible angle. Thus, the

amplitudes of both hind legs' movements are reduced. During the time that the

right front leg is the only active leg, one of the hind legs moves. During part of

the time that the left front leg is the only active leg, the movements of both hind

legs are obstructed by the mechanical stops. Their motors stall and draw a large
current. The four motors are connected in parallel to the same power supply which

is set to a current limit of 0.84A. The motor of the left front leg is limited in its

power consumption because of the large stall current the two hind motors draw.

Thus, the velocities during the active movement phase of the right front leg and the

left front leg differ (see Fig. 4.18). The right front leg moves with the higher velocity.

The robot turns left when the right front leg is active. While doing so, the ori¬

entation of the robot with respect to the x-axis changes as well as the x- and
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Figure 4.15: Sketch of the model of the robot as the body is turning due to shoulders

1 and 2 moving with different velocities. Projection onto the (x,y) plane. World

coordinates (x,y), body centered coordinates, (x',y'), with origin at the center of

gravity (c) of the robot's body. Front Shoulders (Sz), % = 1,2. Width (w) and

length (1) of the robot's body. The angle </> is the angle between x axis and x' axis.
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Figure 4.16: Turning. Upper two sub-plots: Voltage of the potentiometers normal¬

ized to the interval [0,1] as a function of time for the four legs: left front (LF; dots),
right front (RF; circles), left hind (LH; crosses) and right hind (RH; stars). The

x-coordinate (third sub-plot) and the y-coordinate (fourth sub-plot) of the center

of gravity are plotted as a function of time. Lower sub-plot: the angle between

the longitudinal axis through the body and the x-axis as a function of time, 'angl.

displ.' means angular displacement. In sub-plots three to five (counted from the

top), stars with error bars are measured data, the line is the fit according to the

model described in the text.
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Figure 4.17: Strong Turning. Upper two sub-plots: Voltage of the potentiometers
normalized to the interval [0,1] as a function of time for the four legs: left front

(LF; dots), right front (RF; circles), left hind (LH; crosses) and right hind (RH;
stars). The x-coordinate (third sub-plot) and the y-coordinate (fourth sub-plot) of

the center of gravity are plotted as a function of time. Lower sub-plot: the angle
between the longitudinal axis through the body and the x-axis as a function of time,
'angl. displ.' means angular displacement. In sub-plots three to five (counted from

the top), stars with error bars are measured data, the line is the fit according to

the model described in the text.
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Figure 4.18: During the movement that leads to turning, legs LF and RF move with

different velocities since the motor of the LF leg cannot consume as much current

as the motor of the RF leg, because the LF leg moves while both hind legs stall and

draw large stall currents.
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Figure 4.19: Large curvature: Legs LF and RF move with different velocities since

the motor of the LF leg can not consume as much current as the motor of the RF

leg, because it moves while both hind legs stall and draw large stall currents. The

difference in slopes is 0.7279
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y-coordinate of its center of gravity. During the time that the left front leg is ac¬

tive, first both hind legs move as well; thus the left front leg moves with a velocity

comparable to the velocity of the active right front leg. During this time the robot

turns to the right. As the hind motors stall, the velocity of the active left front

leg decreases and so does the speed at which the robot turns right. In sum, after

one cycle of the periodic movement there is a net change in the angle <f>, indicating
a turn to the left, as well as in the coordinates for the x- and y-coordinate of the

robot's center of gravity, indicating forward motion.

The turning can be made more pronounced when the duty cycle of the control

signals for the hind legs deviates more strongly from 50% (see Fig. 4.17). In this

case, the hind legs stall during the entire active phase of the left front leg, yielding a

smaller velocity of the whole leg movement (see Fig. 4.19). This results in a smaller

amount of turning into the antagonistic direction.

To model this behavior, we neglect the effect of the hind legs. For the front legs,
we assume that the movement of both legs is constrained such that their sideways

velocity must be zero. We assume furthermore that the shoulder of an active leg
moves with a velocity that is given by the velocity of the leg in the same way as

discussed for forward motion, while the velocity of the shoulder of a non-active leg
must be smaller than this because the leg does not move the body forward.

After making these assumptions, we consider what happens when the shoulders

of the front girdle move at the same time with different velocities. As mentioned,
the sideways velocities (in y'-direction) of the shoulders must be zero. But, since

they move with different velocities and they are connected with a rigid piece of

metal, they will move approximately on a circle with angular velocity (j). Consider

Fig. 4.15. The right front (RF) leg moves faster than the left front (LF) leg, caus¬

ing the shoulder Si to move with a velocity Si that is smaller than the velocity
5*2 of shoulder 52- An infinitesimal movement of shoulder S2, dS2, greater than an

infinitesimal movement of shoulder Si, dSi. This implies that the shoulders must

move on a circle, because the body of the robot is rigid. The center of the circle

must lie on a line which goes through both shoulders. While the two shoulders

travel the distances dSi and dS2, respectively, 6 changes the infinitesimal amount

d(f>. Therefore, dSi = (r — w/2) sin(d<^). Since dtp is very small, this can be approx¬

imated by dSi = (r — w/2)d(p. In the same way, dS^ = (r + w/2)d<f>. Solving for r

and d</> yields

d<P = -(dS2-dSi) (4.3)
w

_

w dS\ + dS2
r =

2dS2-dS1
^AA>
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Eq. (4.3) implies that

9 = -OS2-S1) (4.5)
w

This motion causes the robot's center of gravity to move on a circle with radius

r' = \Jr2 + l2 fA and angular velocity fa
The movement sequence is modeled piecewise, applying the results of this section

for those movement phases when either the LF or RF leg is active (see Fig. 4.16

and Fig. 4.17).

4.4 Summary

The WGC chip successfully controls the walking behavior of a four-legged test

robot, enabling the robot to use all of the standard quadrupedal gaits (as shown in

Fig. 1.1).

A simple, kinematic model of the walking machine predicts the movement of the

robot's body given knowledge of the movement of the robot's legs. This model

explains how the robot executes turning maneuvers.
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Chapter 5

Learning Walking Gaits

The Walking Gait Control (WGC) chip, described in Chapter 3, provides a four-

legged walking robot with the ability to use different walking gaits by controlling
the inter-leg coordination of the robot's legs (see Chapter 4). The output of the

chip depends on a small set of input voltages that determine the walking gait, the

direction of the robot and the step frequency of the legs. In order to make au¬

tonomous use of its motor abilities, the robot has to learn the set of input values

that make the WGC chip produce a desired movement pattern.

The architecture of the robotic system is inspired by the architecture of controllers

for locomotion found in animals such as the lamprey where input from the brain to

the spinal CPG influences the behavior of the spinal CPG. It is believed that this

architecture simplifies the control task for the brain, which then only has to decide

when to locomote and set the general level of activity [43] while the CPG solves the

problem of coordinating the large number of muscles involved in locomotion.

In a similar way the machine locomotion control task is simplified using the ar¬

chitecture shown in Fig. 5.1 which exploits that the WGC chip transforms a set of

numbers into rhythmic control voltages. It is easier to learn these numbers than

it is to learn the detailed movement sequence, that leads to a desired walking gait
and a desired trajectory.

The robotic system (see Fig. 5.2) consists of: (i) the mechanical platform with

motors and sensors (as described in Chapter 4), (ii) the WGC chip (as described in

Chapter 3) and (iii) a PC on which algorithms are run to (a) acquire data from chip
and sensors, (b) set the chip's input parameters and (c) implement the learning (as
described in this chapter).

In principle, it would be possible to build in the knowledge a priori rather than

learning it. However, this would be very time consuming, because a look-up table

would have to be created (see Sec. 3.4.1) for which the parameter space given by the

input voltages would have to be finely scanned; more finely than what is required to



110

A

Brain

B

Computer

Spinal Cord

CPG

Muscles Sensors

Walking Gait

Control chip

Motors Sensors

Figure 5.1: Sketch of (A) the (extremely simplified) control architecture for loco¬

motion of vertebrates and (B) the (simplified) control architecture of the robot.
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Figure 5.2: Sketch of the control architecture of the robot. Thick arrows indicate

the learning loop.
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generate the data for the learning, as the particular learning algorithm used here is

able to generalize from few examples. Furthermore, the values for the look-up table

would have to be obtained with reasonably high precision. Since the data acquisi¬

tion is noisy (see Sec. 3.2), the output of the chip would have to be measured many

times and averaged at each point in parameter space. The learning algorithm can

handle noisy data (see Sec. 5.1.2). Another argument in favor of learning is that due

to inter-chip variability, the time consuming procedure of creating a look-up table

would have to be repeated for every new chip. Finally, once a successful learning

procedure is determined, the motor abilities of the system can be exploited by the

system itself, independent of the particular physical shape of the walking robot.

5.1 Learning procedure

The problem of learning how to set the input of the WGC chip in order to ob¬

tain a desired movement pattern can be reformulated: Given examples, learn the

regime(s) in input parameter space which contain parameters that lead to a desired

walking gait. This problem can be decomposed into (i) acquisition of the examples
and (ii) classification of the examples.

In order to locomote in a specific direction using a specific walking gait, the robotic

system must learn to which values to set the N input voltages of its WGC chip (N
depends on the configuration the chip is used in). In the present implementation
the chip is used in the configuration of a chain of four oscillators as described and

discussed in Sec. 3.4, in which N = 14. A gait is defined by the phase shifts between

the oscillators, fa, (i = 1,.., 3) as discussed in Sec. 3.4.1. The direction of the robot

is given by the duty cycles, D3, (j = 1, ..,4) of the oscillators (see Chapters 3 and

4). The specifications of the desired movement sequence, {(/>,} and {Dj} (i = 1, ..,3
and j = 1,.., 4), are given to the system. Eight of the fourteen input voltages are

fixed, namely the bias voltages for the transistors Ml on each side of each oscillator

(see Figs. 3.4 and 3.6). As a result, both, the frequency of the oscillators, v3 — v

(for j = 1,.., 4), and the duty cycle of the first oscillator, Di, are fixed. The step

frequency of the robot's four legs is fixed via v to a value that takes the mechanic

stops which constrain the amplitude of the leg movement into account. Once we

have fixed v, it is easy to set Dx, because it then depends only on one further pa¬

rameter (see Sec. 5.3). However, v and Dx could also be learned if necessary.

If the remaining six input voltages had to be learned together, a region in a six

dimensional space would have to be classified. The acquisition of the examples is

simplified by learning regions in three two-dimensional spaces instead. This can be

done because the phase shift fa is only determined by the input voltages, Vbtü+ij
and Vbji+itTl. These voltages influence the duty cycles D3, j > i. The phase shifts

1The notation is explained in Chapter 3.
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and duty cycles can be learned in sequence: first the values for Vb>i2,i and Vb,i2,r
that result in fa and D2 are learned. Then the values for Vbpz,i and H,23,r that

yield fa and D3 are learned and finally the values for Vb^i and Vbi^>r which give fa
and 1)4. Since the learning procedure is the same for each session, in the following
the indices b, % and i + 1 are dropped from the notation. For each learning session,
the two voltages that span the input space are therefore Vr and V. A point in this

space is denoted by

5.1.1 Creating the training data for the learning algorithm

Let us assume that fa and D2 are the desired values to be learned. To learn which

regime in the two dimensional input voltage space leads to these desired values,
the robotic system first tries out different points in the input parameter space.

An algorithm sets the input parameters of the WGC chip to some value Yx. The

data acquisition algorithm records the activity of the WGC chip and computes
the output frequencies i/3 (j = 1,..,4)2, duty cycles D3 and the phase shifts fa

(i = l,--,3) between the waveforms. The algorithm that generates the training
data set compares the measured values of fa and D2 to fa and D2. If fa and D2
lie within pre-specified tolerances dfa and d_D2 around fa and D2, the point Vi is

added to the training data set. This procedure (see Sec. 5.2) is repeated for a set

of m points in a subset X C Ii2 of the input voltage space within reasonable values

as known from the analysis of the chip (see Chapter 3). The set X is chosen square

such that

max ((V\) - min ((Vi),) = max ((Vr\) - min ((Vr\) =: V
i=l, ,m i=l) ,"i i=l,..,171 i=l,..,m

Using this method, a set of I data points {Vî : Vi G X,i G {1,..., I}} is obtained.

This is scaled to the domain [—1,1] with the transformation Vî = 2 (Vi — Vmm)/V —

1, where Vmî„ = minî=1; .jm(V2). Finally the training data set containing I unla¬

beled examples is given by {vt : Vj G V, i G {1,..., /}} with V C [—1, l]2.

5.1.2 Learning algorithm

A classification algorithm is used to learn those regimes in the WGC chip's input
parameter space that yield the desired walking gaits given the training data. The

learning algorithm was introduced recently by Schölkopf et. al. [103]. It extends

ideas developed for binary classification in the context of Support Vector learning

2For some values of the input voltages period doubling can occur (see Chapter 3). Thus, it

has to be checked for every point in input space if the frequencies of all the output waveforms are

the same within some tolerance that is given by the noise of the data acquisition. Otherwise the

point is disregarded.
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to classification of unlabeled data. To our knowledge, the present implementation
is the first application of this algorithm to a robotic system.

The acquisition of the WGC output is affected by noise (see Sec. 3.2) and thus

the learning algorithm only has access to noisy data. In a natural environment the

robot should be able to learn from few trials. The learning algorithm used (see
Sec. 5.1.2) is tailored to exactly this problem: given (potentially few) examples, a

subset of the data space can be estimated such that the probability that a data

point lies outside of this subset is bounded by some a priori specified value. This

way, the algorithm can deal with noisy data.

Learning from unlabeled examples

The learning algorithm [103] computes a binary function, a decision function /,
which is +1 in the region in input space where (most of) the data lies and -1

outside of this region. In the present application, the training data set lies in a two

dimensional space. The boundary given by the decision function is not necessarily
a straight line. Thus the classification cannot be done with a linear estimator. A

nonlinear learning machine is constructed by first applying a nonlinear mapping to

the data, which transforms the data into a space in which it is linearly separable, and

then separating the data in this space with a hyperplane. From a representation of

this hyperplane the required nonlinear separating curve is computed. The mapping
is referred to as a feature map

where

.F={$(v) :vG V}

is called the feature space [123].

Finding an appropriate mapping $ is a nontrivial problem. Fortunately, for the

SV learning algorithm it is not necessary to explicitly know $ and T in order to

construct the optimal separating hyperplane in T and determine the decision func¬

tion. As we will see later, the evaluation of the decision function does not require
the evaluation of the mapped input patterns, $(v), in explicit form, but only the

evaluation of the dot product ($(v) $(v)) where v and v are vectors in input

space. This is important because the dot product is assumed to be computable by

evaluating a kernel k

fc(v,v) = ($(v).$(v)), (5.1)

If a kernel fulfills Mercer's condition [81] (i.e. if A: is a continuous symmetric kernel

of a positive integral operator), then a mapping <& into a dot product space exists
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for which (5.1) is true. In the learning algorithm used here, a Gaussian kernel

fc(v,v) = e-llv-^2/^2 (5.2)

is used. The kernel implicitly defines the features with respect to which the repre¬

sentation of the data is changed by applying the mapping $. Thus, the choice of

the kernel distinguishes a variety of nonlinear estimators. Note that the algorithm
can be used with any Mercer kernel, satisfying eq. (5.1). Furthermore, it should be

pointed out that with the choice of a Gaussian kernel, there is still a class of learning
machines, distinguished by the width a. It is thus important to chose a value of a

that is appropriate for a given learning task. We will return to this problem later

in this section.

In feature space, the learning problem is solved with a linear learning algorithm
by finding the optimal hyperplane that separates the training data set from the

origin. To construct the optimal hyperplane, let Xi = $(v2) be the feature space

images of the point v,- in input space, i £ {1,...,/}. This data set is separable, if

there exists some w £ J- such that (w X{) > 0 for i £ {1,...,/}.

Proposition [103]:
If the data is separable, then there exists a unique supporting hyperplane with the

properties that (i) it separates all data from the origin and (2) its distance to the

origin is maximal among all such hyperplanes. For any p > 0 it is given by

min -||iu|| subject to (w xî) > p, iE {1,..., I}.
weF 2

The reason why minimizing \\w\\ maximizes the margin (distance to the origin)
of the hyperplane {z £ T : (w z) = p] is that the margin is given by p/||u/||. The

binary decision function is given by

/(v)=sgn(K$(v))-p) (5.3)

So far, an implicit assumption was made that it is desirable to find a boundary
such that all the training points lie within the region on which / is positive. Since

the training data is noisy this might lead to misclassifications on test data. To

account for the noise in the data, the classification is "softened". The algorithm
is reconstructed such that it tolerates some fraction of outliers. For this purpose,
slack variables & > 0 are included which are penalized in the objective function if

they are non-zero. The constraints are relaxed to (w $(v)) > p
— £,, i £ {1,..., /}.



115

The constraint optimization problem becomes

min UMP + ^ELe.-p (5-4)

subject to (w $(v)) > p
- ^ , & > 0 (5.5)

The value of v controls the trade-off between the two goals that (i) the decision

function (5.3) is positive for as much of the training data as possible while (ii) the

term ||iü|| is kept small.

The constraint optimization problem of eqs. (5.4) and (5.5) is a quadratic pro¬

gramme meaning that the objective function is quadratic and all the constraints

are linear. Furthermore, the objective function is convex. Convex quadratic pro¬

grammes can be solved using the Lagrange multiplier technique which was initially

developed in 1797 by Lagrange for mechanical problems that had only equality con¬

straints. The method was extended to inequality constraints by Karush [63] and by
Kuhn and Tucker in 1951 [70].

The Lagrangian for eqs. (5.4) and (5.5)) is

1 1
'

F(w,£,p,a,ß) = ~\\w\\2 + —^2^- p

i=i

i i

i=l i=l

where ai and ßi are the Lagrange multipliers. The saddle point conditions are

dP
l

— = 0 -> w = Y,ai$(vi) (5.7)
i=i

— = 0 -> a, = --&<- (5.8)
ot, vl vl

and

^
2=1

The points {v, : i £ {1,...,/}, a,- > 0} are called Support Vectors. They are the

only points occurring in the expansion of the hyperplane (5.7). Points with & > 0

are called outliers, since they lie outside of the estimated region.

It can be shown ([103], Proposition 4) that v is an upper bound on the fraction of

outliers and a lower bound on the fraction of Support Vectors. As the choice of v
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determines the behavior of the classifier, it has to be chosen carefully. This will be

discussed later together with criteria for choosing a.

Substitution of (5.7) into (5.3), using (5.1), yields a kernel expansion of the de¬

cision function

i

/(v)=sgn(J]aifc(vî,v)-p) (5.10)
2=1

The Lagrange method leads to an alternative dual problem that results from the

introduction of the Lagrange multipliers (or dual variables). It is often easier to

solve than the original problem [25]. The idea is that the dual variables are the

fundamental unknowns of the problem [123]. In the present implementation, the

quadratic programme is solved with a method that makes use of the dual description
of the problem. The dual problem is obtained by substitution of eqs. (5.7) to (5.9)
into (5.6), using (5.1):

min
o X),-

7
OiOijk(-vu Vj) (5.11)

subject to 0 < ^ < ^ , Y_^=1 a* = 1 (5.12)

It can be shown [103] that if c^ and ßi are nonzero, the inequality constraints (5.5)
become equalities at the optimum, which allows to recover p, as for any 0 < c^ < ^,
the corresponding V; satisfies (5.7):

p = (w $(v,)) = ^2a3k(v3,Vi) (5.13)
j

An inequality constraint (as in eq. (5.5)) is said to be active if for the solution of

the optimization problem, w*, equality is satisfied. According to the Karush-Kuhn-

Tucker complementary conditions [70], a, > 0 is only possible for active constraints

while Qfj = 0 is necessarily the case for inactive constraints. Thus the Support
Vectors are the only points with active constraints. If v* is a Support Vector, then

(w* • $(v*)) = p, which means that the Support Vectors lie on the decision bound¬

ary. To be able to classify them as belonging to the estimated region, the obtained

value of p is slightly offset in the implementation below by multiplying it with a

constant rj which is smaller than (but close to) 1.

It is now clear that / can be computed without explicit knowledge of the fea¬

ture map $ (compare eq. (5.10)).

The choice of the parameters a and v is nontrivial and is so far been solved heuristi-

cally [103]. We argue that the variance of the Gaussian kernel should scale with the

distance of the nearest neighbors in the training data set. We chose a to be close

to the minimum of the distances between nearest neighbors in the training data.
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The fine-tuning of a is done heuristically. The parameter v controls the fraction

of outliers, which is related to the noise that the training data is subject to. v is

adjusted to a value which makes the algorithm disregard approximately as many

points as can be expected to be falsely included in the training data given the noise

of the data acquisition.

After learning, the robotic system has an estimate of the region in which input

voltages lie that cause the WGC chip to produce the desired walking gait. The

robotic system thus learns a representation of desired movement sequences. It can

now set the input to its WGC chip accordingly whenever it needs to use this gait.

5.2 Implementation

The algorithmic implementation of the learning procedure is mostly written in C

(steps 1 to 7, 13 and 14), interfaced to the learning algorithm's numerical implemen¬
tation. The latter is a Matlab program originating from code produced by Schölkopf
which was modified for the present application. To determine the phase shifts fa
and the duty cycles Di+1, the correct values for Vb)a+id and V^a+i^, are learned

(here and in the rest of this section i = 1,.., 3). The user chooses values {fa} and

{Dj} (i = 1,..,3 and j = 1,..,4) which specify the desired gait, tolerances {dfa}
and {dDj}, the input voltage space that is going to be scanned, X, the scanning
step size and the number of times, n, over which the measurement at each point in

input voltage space is averaged. The implemented procedure is:

1. q <— 1. While q < 3 do the following:

2. Set the input voltages to the WGC chip.

3. Acquire the output waveforms of the WGC chip.

4. Compute the frequencies, v3, and duty cycles, D3 of each output and the phase

lags between outputs, fa (j = 1,.., 4 and i = 1,.., 3). Every value is obtained

by averaging n measurements taken at cycles adjacent in time.

5. IF D3 - dDj < D3 < D3 + dD3 AND fa - dfa < fa <fa + dfa AND v3 = v (V
i £ {1,.., 3} and j £ {1,.., 4}) THEN add the vector consisting of the current

values of Vb,a+i,i and Vbta+i>r to the training data set.

6. Vb:li+iti and 14,ii+i,r, are changed according to the specifications given by the

user and set.

7. Repeat (starting at 2) until all of X is scanned.

8. Scale the training data set to [—1, l]2.
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Figure 5.3: Duty cycle of oscillator 1 as a function of Vbtij/Vb. l,r-

9. Determine a by solving the quadratic program according to eqs. (5.4), (5.5),
(5.11) and (5.12).

10. Evaluate p and the decision function / (compare eqs. (5.13) and (5.10)) (Note
that p is slightly offset).

11. Compute the training error.

12. Evaluate the argument of / for points which lie on a (fine) grid that discretizes

the input space. Compute / on this grid and display where the argument of

/ is zero.

13. Choose a point close to the geometrical center of the estimated region. The

value of the voltages Vb>l l+1 ; and Vb>1 l+i,r at this point are used from now on.

14. q £- q + 1. Repeat starting at 2.

The software package LOQO, code for quadratic programming, is used in step 9 to

solve the optimization problem implementing a primal-dual interior-point method

(documented in detail in [122] and [121]).

5.3 Learning different movement sequences

We first focus on letting the machine learn to walk forward using different walking
gaits. For the robot to move roughly on a straight line, all oscillators need to have

a duty cycle of roughly 50% (see Chapter 3). The duty cycle of the first oscillator
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can theoretically be set to 50% by setting Vbyij = V^i^3. In practice, the two values

will be slightly different, because of mismatches between the two transistors, but

the value of Vb,ixjVb,i,r that yields Di = 0.5 can easily be measured (see Fig. 5.3).
In the following, Vbjl>i and Vb^r are preset to Vb^i = Vbjlj and Vb^r = Vh,\,r for

i = 2, 3, 4, if not stated otherwise.

This leaves us with six remaining unknown parameters (see Sec. 5.1):

Vb,n,i and VM2,r set fa and DX,D2,D3

Vh,2z,i and 14:23,r set fa and D2,D3

Vb}u,i and Vb,u,r set fa and D3

In many gaits one or more of the phase shifts are 0.5. The parameters that gener¬

ate a phase shift of 0.5 need not be learned, because this can be achieved trivially,
with the particular implementation used here, by setting the gate voltage of the

transmission gates which couple two oscillators (see Sec. 3.4.1) to a voltage such

that both transistors are turned on and current flows through the transmission gate.

Since phase shifts of 0.5 can be produced trivially, the bound gait, which is de¬

fined by 0i = fa = fa = 0.5 (because the chip is configured as in Fig. 3.13) is a

gait which need not be learned. There are three gaits which have only phase shifts

of either 0.5 or 0, namely the trot, the pace and the pronk. The simplest way to

produce a phase shift of (t) = 0 is to use a relay to switch the polarity of the motor.

The signal which determines the state of the relays is an additional control signal
that is set by the computer.

After these simplifications, the gaits that need to be learned are the walk gait,
the canter gait, the transverse gallop and the rotary gallop (see Fig. 3.4.1). We

show results for two examples, the walk gait and the gallop. Note that these gaits
are only examples for movement sequences which can be controlled by the WGC

chip and that it is possible to learn any leg sequence with the procedure described

in this chapter. For the walk gait we need to learn fa = fa = (p3 = 0.75 and for the

transverse gallop, fa = fa = 0.5 can be set while fa — 0.6 has to be learned.

5.3.1 The Walk Gait

The input parameters are learned for a forward walk, requiring phase shifts of

4>i = 4>2 = 4>3 = 0.75 and duty cycles of Dx = D2 = D3 — DA ~ 0.5. The oscillation

period P = 0.89s and the duty cycle Dx = 0.5 are fixed. The scanning step size is

2mV and the tolerances are chosen to be ±0.015 for the phase lags and ±0.05 for

the duty cycles. The parameters Vb.3 3+i,i
and Vb,3 3+i,r are learned in sequence, first

for j = 1 (see Fig. 5.4). The result is applied to the WGC. Then V&j23,z and Vb^,r

3The notation is explained in Chapter 3.
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Figure 5.4: Result of learning values of the bias voltages Vb>i2,i and Vb,i2>r which lead

to fa = 0.75 and D2 = 0.5. Correctly classified (stars) and misclassified (crosses)
training data (a) and test data (b). Outlined regions: learned by algorithm from

training data. The training data is obtained from one scan (as explained in the

text). The test data is a set of points obtained from three scans, v = 0.2, a = 0.23.
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Figure 5.5: Result of learning values of the bias voltages H,23,z and H]23,r which

lead to fa = 0.75 and D3 = 0.5, while fa = 0.75 and D2 = 0.5 are fixed using the

results from Fig. 5.4. Correctly classified (stars) and misclassified (crosses) training
data (a) and test data (b). Outlined regions: learned by algorithm from training
data. The training data is obtained from one scan (as explained in the text) as well

as the test data, v = 0.2, a = 0.23.
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Figure 5.6: Result of learning values of the bias voltages Vb,u,i and Vè,34,r which

lead to fa = 0.75 and DA = 0.5 while fa = fa = 0.75 and D2 = D3 = 0.5 are fixed

using the results from Figs. 5.4 and 5.5. Correctly classified (stars) and misclassified

(crosses) training data (a) and test data (b). Outlined regions: learned by algorithm
from training data. The training data is obtained from one scan (as explained in

the text) as well as the test data, v = 0.14, a = 0.23
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Figure 5.7: Result of learning values of the bias voltages Vb,23,i and Vbt23,r which

lead to fa = 0.6 and D3 = 0.5. Stars: training data(A) and test data (B). Outlined

regions: learned by algorithm from training data, v = 0.4, a = 0.28

are learned and the result is also applied to the WGC. Finally, Vb>uti and Vb,3AiT are

learned. The robotic system applies the result of the learning to its WGC and uses

a walk gait (the data is shown in Fig. 4.3) to move forward (see Fig. 4.14).

5.3.2 The Transverse Gallop

In the same way as described above, the phase shift

gallop (see Fig. 4.6) can be learned (see Fig. 5.7).

0.6 for the transverse

5.3.3 Walking on a curved trajectory

According to Chapter 4, the robot turns when the duty cycles of the hind legs are

30%. The parameters which generate the data for the turning maneuver of Fig. 4.16

are learned with the strategy described above. The result of the learning is shown

in Fig. 5.8 and Fig. 5.9.

5.4 Summary

The learning procedure we have described in this chapter uses an unsupervised

Support Vector learning algorithm to classify those regions in the input parameter

space of the WGC chip which lead to a desired gait. With the procedure described
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Figure 5.8: Result of learning values of the bias voltages 14,23,« and Vb,23,r which

lead to fa = 0.75 and D3 = 0.3, while fa = 0.75 and D2 = 0.5 are fixed using the

results from Fig. 5.4. Correctly classified (stars) and misclassified (crosses) training
data (a) and test data (b). Outlined regions: learned by algorithm from training
data. The training data is obtained from one scan (as explained in the text) as well

as the test data, v = 0.18, a = 0.23.
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Figure 5.9: Result of learning values of the bias voltages 14,34,« and 14,34,r which

lead to fa = 0.75 and D4 = 0.3 while fa = fa = 0.75, D2 = 0.5 and'Â = 0.3

are fixed using the results from Figs. 5.4 and 5.8. Correctly classified (stars) and

misclassified (crosses) training data (a) and test data (b). Outlined regions: learned

by algorithm from training data. The training data is obtained from one scan (as
explained in the text) as well as the test data.
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here, we have found a method to automatically fine-tune the parameters of an

aVLSI chip. In principal, this method could be useful for other neuromorphic chips

as well. It would be ideal, to determine the parameters of the Gaussian Kernel

function in an automatic way. This is the subject of current research [53].



127

Chapter 6

Conclusion and Outlook

6.1 Achievements

An existing framework of building simple circuits for controlling walking machines

has been analyzed and extended. These circuits are networks of threshold ele¬

ments that can form networks of coupled oscillators, where each oscillator can be

understood as a 'ring' of two such threshold elements. In particular, the pattern

generating capabilities of chains and rings of coupled oscillators, and of larger rings
of coupled threshold elements, have been analyzed. I have found that chains of cou¬

pled oscillators are best suited to control the behavior of walking machines when

these particular oscillators are used.

Based on the proceeding analysis, a novel neuromorphic chip to control inter-leg
coordination of four-legged walking machines was introduced. The chip contains

five oscillators and four coupling circuits and can be used in different configura¬
tions. The pattern generating abilities of the chip were analyzed and tested for two

biologically interesting architectures of a network of four coupled oscillators. The

result was that a chain of four coupled oscillators is the best minimal circuit for

inter-leg coordination. The chip was tested in this configuration on a real walking
robot which was created for this purpose. Experimental results confirmed that the

chip is able to control the robot's walking gaits, as was anticipated from the circuit

analysis.

The chip is a compact, low power solution for robotic gait control. In principal, it

can act on a variety of walking machines (see Sec. 6.3). The chip is flexible in two

ways. First, it can be used in different configurations each of which implements
a different network architecture. Several chips can also be interfaced with direct

connections to yield larger networks (see Sec. 6.3). Secondly, the chip can receive

input from many different types of devices. An example was provided showing that

sensory information from simple sensors can yield adaptation of the chip's output
via a direct feedback loop from the sensor to the chip.
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Furthermore, the chip can receive input from a higher order control system, simi¬

larly to the control structures found in biology. The higher order control system was

implemented on a PC. The chip coordinated the complex pattern of motor move¬

ments necessary to generate locomotion in the robot while algorithms run on the

PC set the input parameters of the WGC chip. In this framework, a learning task

was implemented in a feedback loop involving the chip and the PC. The problem
of fine tuning the input bias voltages of the chip such that a desired output (i.e.
walking gait) would be achieved was reduced to a classification problem of unla¬

beled, noisy data. This problem was solved using an unsupervised Support Vector

algorithm running on the PC. This implementation is an example of the utility of

interfacing the WGC chip to a PC.

The problem of having to fine tune a set of bias voltages occurs frequently with

neuromorphic chips [97]. If such neuromorphic systems are to be truly autonomous

machines, i.e. able to function independently of the intervention of the experi¬

menter, it is necessary to automate the parameter tuning. The strategy that was

proposed and successfully used here is in general applicable to other chips. If it

is possible to characterize and measure the output of the chip, then the method

proposed here can be used to determine which input parameter regime leads to a

desired output. It is not necessary to scan the input parameter space as was done

in the present implementation. Another possibility which might save time is to

search the input parameter space randomly. The advantage of the proposed learn¬

ing strategy over simply creating a look up table is the speed. This should become

especially pronounced for high dimensional input parameter spaces. The advantage
over simply taking any of the (randomly or systematically) found examples is that

the present strategy delivers knowledge of one (or several) connected region(s) in

input parameter space that contain parameters which lead to the desired output.

By choosing a point close to the center of such a region, the parameter is more

likely to remain within the desired region if the voltage drifts slightly (that means a

slight shift to a nearby point in input parameter space), and thus the chip produces
the desired output independent of such small disturbances.

The hybrid system created by interfacing the WGC chip to a PC is useful both

for the development of a second generation of neuromorphic motor control chips
able to solve more complex tasks as well as for other applications (see Sec. 6.3). In

the specific application presented in this thesis, the learning strategy enabled the

robot to learn how to produce a desired gait. Thus, the robotic system was able

to exploit the motor abilities of the WGC chip contained in it, without need for

human intervention.
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6.2 Problems and possible solutions

• The walking robot has the minimal amount of degrees of freedom (DOF)
necessary to test how the chip controls the phase relationships between the

movements of the legs, namely one DOF per leg. The movement of the legs is

thus restricted to a one dimensional movement. The robot can turn despite
of this restriction, but the robot's navigation capabilities would be increased

if there were additional DOF. If the robot was to be used on a non-magnetic

surface, it would have to move forwards without the electromagnets. The most

elegant mechanical solution would be to have three DOF per leg, enabling
each leg to lift off the ground, move forwards and backwards as well as rotate.

Many walking animals and most elaborate walking robots have three DOF

per leg. It is conceivable that the WGC chip could be used on an existing
robot with three DOF per leg rather than constructing a new machine of this

kind. For this, an extended network of oscillators would have to be used (see
Sec. 6.3).

• The only part of the learning procedure that is not automatic is the choice of

the parameters of the Gaussian Kernel function which determine the behavior

of the Support Vector learning algorithm. This is a general problem of Support
Vector machines and is subject to current research [53].

• A feature of the WGC chip is that the coupling is unidirectional and thus two

parameters set one phase lag. This can be advantageous also for multi-joint
control, especially if one wants to implement goal-directed behavior because

it offers the possibility of individual control of the phase relationships between

all the joints. Note that for goal-directed behavior these can differ from case

to case. However, to implement symmetrical networks of coupled nonlinear

oscillators, as suggested in [36], a different kind of oscillator and a different

kind of coupling circuitry would have to be used.

6.3 Possible extensions

As both the theoretical framework developed and the chip are very flexible, the

work described in this thesis can be expanded in many ways.

6.3.1 Extending the WGC chip's control capabilities

Multiple WGC chips could be used to control the rhythmic movements of robots

with more than four legs and of robots with multiple jointed legs.

First, the control network could be expanded to control a 2n legged robot, (n G N).
Instead of a chain of four coupled oscillators a chain of 2n coupled oscillators would

be used. Dividing the chain into segments of four oscillators which fit on one chip,



130

Figure 6.1: Sketch of control architecture for a four-legged robot with three DOF per

leg (hip, knee, ankle) using three WGC chips. Round symbols represent oscillators,
thick arrows coupling circuits and thin arrows output signals.

[n/2"| chips of the same kind could be used. The output of the last oscillator on

chip i would be directly connected to the input of the first oscillator on the chip
i + l, where i E {1,.., [n/2]}.

Secondly, the control network could be expanded to control a robot with m-jointed

limbs, (m E H). The output of one of the 2n oscillators in the chain would drive

one joint of one leg and at the same time would be directly connected to the input
of a chain of m — 1 oscillators, making the first oscillator the master of this chain.

The resulting network would consist of one chain, containing 2n oscillators, for the

inter-leg coordination and 2n chains, containing m oscillators, for the inter-joint
coordination within each limb. An example control architecture for a four-legged
robot with three DOF per leg is shown in Fig. 6.1. Note that this kind of architec¬

ture is possible because the coupling is unidirectional, affecting only the oscillator

which is lower in the hierarchy of the chain.

6.3.2 Extending the system's learning capabilities

In the learning procedure described in this thesis the output of the chip was mea¬

sured to determine the robots walking gait. An obvious extension of this work is

to use the same procedure but measure the output of the potentiometers in order

to determine the behavior of the robot. Under the conditions the learning exper-
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iments are subject to, there would be no interesting difference between these two

cases. However, under different conditions it could become necessary to consider

the sensory information in the learning loop.

The learning algorithm we used could also be employed to make a robot learn

about other sensory input. The following example should illustrate this: A neu¬

romorphic tracker chip [59] finds the most salient (highest contrast) region in the

image it sees and provides three analog voltage outputs, one of which encodes the

target position, the second voltage encodes the target's horizontal speed to the left

and the third voltage encodes the horizontal speed to the right. Assume that the

machine should execute a tracking task and track the highest contrast object in its

field of view. It could do this by learning with which behavior to react to sensory

input in order to optimize the tracking task. A possible implementation would be

the following procedure. Give the robot a set of stereotyped behaviors with which

it can react, such as: fast forward locomotion using a trot gait, turning left with

two different curvatures and turning right with two different curvatures. For each

behavior, create examples by measuring the output of the tracker chip at time t,

applying the behavior and measuring the output of the tracker chip again at time

t + 1. If at time t +1, the target is closer to the center than at time t, then the point
in the tracker-output space that was recorded at time t is added to the training
data set which is used to train the SV learning algorithm.

We have used prior knowledge obtained from the circuit analysis to speed up the

procedure. However, in principal this is not necessary.

6.3.3 Extending the systems sensory input

The WGC chip could be interfaced to many other neuromorphic chips, yielding com¬

plex robotic systems. The following two examples could be realized in a straight
forward way using the existing components. First, Lewis et al. [72] recently pre¬

sented a neuromorphic chip that controls the velocity of the leg movement. They
use an adaptive motor neuron output stage which controls the leg's motor and

which receives input from an oscillator with the same output characteristics as the

oscillators on the WGC chip, i.e. square wave voltage. Thus, their adaptive motor

neuron circuit could be directly interfaced to the WGC chip. The resulting system
would combine gait control with adaptive velocity control. Secondly the WGC chip
could be interfaced with neuromorphic sensors, which have been around for many

years [80], extracting cues from a visual scene. Consider the simplest case of two

behaviors, a fast trot gait and a slow walking gait. Thresholding the average out¬

put of a 2 dimensional retina chip would provide information about the density of

edges in a visual scene and be sufficient to chose between these two behaviors. This

would be a first step towards making the robot select an appropriate walking gait

depending on the terrain. Terrains with many objects can be expected to have a

high edge density. In these terrains a slow, flexible gait is most adequate. Terrains
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with few objects can be expected to have a low edge density, enabling the robot to

use a faster gait.

Finally, if one aims at building a walking machine that is easy to control and

that is to be used for some specific application, then the chip introduced here is

useful because the distinct sets of control parameters it needs as input to generate a

certain rhythmic movement sequence could be delivered by a simple converter that

takes, for example, input from switches which indicates the gait chosen by the user

of the machine and input from a steering device operated by the user.

If, on the other hand, the goal is to build a fully autonomous walking machine

that can handle rough terrain and is controlled by neuromorphic hardware, it is

certainly necessary to include more sensory processing. The system described in

this thesis can be used as a tool for the development of new chips that address this

issue. The system provides an interface between PC and walking robot. Because

of the chip fabrication time and costs, it would be reasonable to simulate new im¬

plementations using the robotic system introduced in this thesis, before building a

new chip.
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