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1 Introduction

An important part of human perceptual activity is the numerous eye movements that must be
made during even the shortest task. The organisation of photoreceptors in the eye is such that
the vast majority are located in a small, shallowly depressed region in the centre of the retina
called thefovea a window that receives light stimuli subtending approximatélflvisual

field. In trichromatic humans, most of the colour-sensitive cone photoreceptors are located in
this area, and the proportion of contrast-sensitive rod receptors dominates in this region as well.
It is therefore often necessary to relocate the position of the eye so that the image of an object
that requires detailed perceptual analysis projects onto this high-resolution area. The method
by which this is done is known assaccade an oculomotor reaction that moves the eyeball
such that the image of interest is fovealised.

A great deal of neurophysiological research has been carried out within the field of ocu-
lomotor control. Sparks & Nelson[4] have shown that saccades are triggered in the superior
colliculus at the dorsal side of the mesencephalon. A topographic mapping is in effect between
retinal photoreceptors and groups of neurons in the upper layer of the superior colliculus, i.e.
the neighbourhood of retinal neurons corresponds proportionally to the neighbourhood of col-
licular neurons in such a way thatetinotopic maps created in the superior colliculus. In a
similar way, the topographic organisation of neurons in the lower layer of the superior collicu-
lus corresponds to saccades triggered by neuronal stimulation in this layer. Experimentation
has shown that the intensity of artificial stimulation of collicular neurons does not significantly
affect the direction of the resultant saccades: only their topographic location is important in
this respect.

This paper is a continuation of the work done by Ritter et al[3] on the implementation
of a model of the superior colliculus that can learn saccadic behaviour, based on Robinson’s
(1972) fovealisation hypothesighe hypothesis that the connections between the upper and
lower layers of the superior colliculus serve to learn and represent saccadic motor movements
to centre the object of interest in the visual field.

The method by which the model learns the saccades is in accordance with current knowl-
edge of the process of saccadic correction occurring in the oculomotor system. When a saccade
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Figure 1. Schematic of the architecture of the model. White nodes represent the stimulus, dark
grey nodes represent the direction of the saccade. In the centre, the light grey nodes represent
the lattice units. Not all lattice units are shown.

is triggered, the image may or may not be fovealised as a result. If it is not, a corrective saccade
is triggered, which also may or may not cause fovealisation of the desired image. However,
if the position of the eye after the corrective saccade is closer to the fovea than after the first,
the saccade weight for the first is modified to approach the vector addition of the two saccade
weights. Ritter et al describe this process as a form of supervised learning. However, in the
light of the fact that no learning steps are made if the first saccade correctly fovealises the image
or if the corrective saccade leads the image further from the fovea than it was after the first, and
that learning occurs without resort to any kind of global error measure, | prefer to consider this
algorithm to be a form of reinforcement learning.

2 Method

As in Ritter et al's[3] model, | have used a single layer of formal neurons to represent the two
layers of efferent and afferent neurons in the superior colliculus, where the activation or ex-
citation of these neurons represents a receptive field of variable width centred on an internal
representation of the retina with respect to the object of interest. Thus, there are two sets of
connection weight values: firstly, those leading to the formal neuron layéattare, which
are termedattice weightsand which are responsible for determining the receptive fields of the
lattice; and secondly, those values representing the saccade that is triggered when the corre-
sponding neuron in the lattice is excited.

Ritter et al use a simplification of the neurophysiological reality to determine the saccade:

“...we describe the correspondence between the visual stimulus and the resultant
saccade simply by a pair of valu@s,, w{°*)) of the centrally localized neuron. In
reality, the resultant saccade is determined by a group of excited neurons localized
atr.”

The model outlined in this paper uses just such a group of neurons to determine the actual
saccade output. Specifically, a Gaussian distribution over all the neurons in the lattice, centred
on the neuron with the receptive field centred on the location of the stimulus vector in retinal
space, is used to calculate the resultant saccadic movement. It is hoped that this endows the
model with a greater degree of neurobiological plausibility.

The lattice architecture is ring-shaped, as in Ritter et al's model, with 30 circumferential
neurons in alayer and 20 radial layers. The rotational symmetry of this architecture is suggested
by the rotational symmetry of the input space. Ritter et al additionally mention that

“Every neural unit has two radial and two circumferential neighbours.”

This is obviously false, as what they are describing is a torus, rather than a cobweb. Obvi-
ously, in a ring-shaped lattice, the innermost (foveal) and outermost (peripheral) neurons only
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have three neighbours. We will return to another problem with their description of the model
later.
The choice of stimulus vector, as in Ritter et al's model, is random yet determined by a fixed
probability densityP(v%) corresponding to a Gaussian distribution with a width of #6m
the centre of the retina (maximum9pwhich function corresponds closely to the distribution
of receptors on the retina from the centre, as noted by Korn[2] with stimuli absent within the
radius of the fovea (3. The initial state of the lattice and saccade weights is also randomised.
The algorithm for the development of this model of the superior colliculus is as follows:

1

2

9.

. Present a vectar® in accordance with the probability distributidh(v’) above.

. Find the centre of excitatiatt in the lattice according to the “winner-takes-all” condition

0" —wg I<]| v* — wi || Vi

Perform the learning step for the lattice weights to form a Kohonen-like topology-conserving
map onto the lattice

Aw}f = n"hi (v —wi)Vi

Trigger the saccade centred @nso that the new position® of the image occurs at
S8 vl
vt =t + Zzhfil’

If the image is now in the fovea, i.8.0° ||< 7foueq , 9O tO Step (1)

Find the new centre of excitatieni in the lattice for the stimulus® according to

% = wgs [[<[l v* = wf || Vi

Trigger the saccade centred @nso that the new position™ of the image occurs at
Zi hfcswf

S S
V=07 = —
S

If this corrective saccade is an improvement, jLe’ ||<|| v° || , perform the learning
step for the saccade weights according to

Aw? = nh? L (W + wi) — w)Vi

i,cL

Go to step (1)

The termsh/, andh, are Gaussian functions of the magnitude of the distance- ||
contingent orv” ando®, respectively, which in turn decrease over time, like the learning rates
n* andn®, according to a standard exponential decay. The parameters in this model were
chosen to be

o nE(t) = 0.3 - exp(—0.0002t)

o of(t) =10 - exp(—0.0003t)

e o(t) =10 - exp(—0.0003t)

e 75(t) = 3 - exp(—0.0003¢)

wheret is an integer value indexing the time, or stimulus presentation. The actual deter-
mination of the distance between two neuraérendwu is a complex matter since there are a
number of ways in which this can be calculated. Ritter et al describe the situation as follows:
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“The precise form of the distance measure between two neural units in the lattice
is inconsequential for the organizational process to converge; however, sometimes
a certain metric may fit a problem better than other distance measures. ...we used
the ‘Manhattan’ rather than the Euclidean metric. ... it is the distances in the lat-
tice which determine the spatial interaction between the neurons themselves and,
thereby, determine the distance-dependent adaptation steps in the model. ... (I)n
the vicinity of the fovea ... receptors that are directly opposite to each other lie
close together but have to learn saccades that differ as much as saccades that be-
long to receptive fields directly opposite ... Therefore, it makes sense to use the
‘Manhattan’ metric which yields, for the foveal and peripheral pair, the same lat-
tice distance between the diametrically opposite neural units.”

I would like to take issue with this explanation. By defining a distance metric, one is also
defining the architecture of the formal neuron lattice. If the Manhattan metric is used, the lat-
tice will be seen to have the form of a cylinder rather than a ring, since the distance between
two circumferential units at foveal-receptive positions and peripheral-receptive positions is the
same. In practice, this means that it is unlikely that the lattice weights will ever come to repre-
sent the input space effectively: the geometry of the input space and the lattice architecture is
such that unless the first few learning steps cause one ring edge (foveal or peripheral) to become
completely encircled by the other, the lattice weights will come to represent the input space in
the form of a windsock, with one edge representing one half of the visual field and the other the
other half. The same problem occurs with the straightforward Euclidean metric (counting only
single units). Therefore, a distance metric must be found that preserves the actual geometric
structure of the lattice. For the saccades, it is true, the Manhattan metric may be beneficial for
the reasons described above, but unless Ritter et al are to explain why they have chosen differ-
ent neighbourhood metrics for models of groups of neurons that at a neurophysiological level
appear to be quite homogeneous, we should have to reject such an explanation, as the above jus-
tification looks very much like an ad hoc solution to the problem. How can the system “know”
that some neurons will come to represent a particular part of the input space? If, for instance,
some part of the visual field had significantly less interesting objects for which fovealisation
was required, the network should come to represent that asymmetry naturally. In that case (the
“foveal” inner ring of the lattice being off-centre from the fovea), neurons orsémeside of
the ring would have to learn very different saccade vectors. In a biological implementation,
the agent might have to cope with this very same problem, in that after the lattice has formed,
afferent connections from the retina or from the executive interest-generating system may be
lesioned, providing an asymmetric stimulus probability distribution which must nevertheless
be properly represented in order for sensible functioning to occur. Ritter et al's model, in this
case, will always be much more severely impaired than one which uses a straightforward metric
representative of the true form of the lattice.

In this model, | have chosen a suitable metric for the distance between units in the lattice,
namely

i == \/[(rssin(g)) = (rusin(Zg)? + [(rscos(Z5)) = (r cos(%ge))

wherer is the radial component of a unit (or how far it is from the centre of the lattias),
the circumferential component of a unit (some proportio@dfandC is the total number of
circumferential units (30 in this model). This metric represents the Euclidean distance between
the positions of the units in the lattice, assuming that they are arranged evenly in the ring. In
this way, we preserve the geometric structure of the lattice.

3 Implementation

The above model was implemented on an 80486DX2-66 processor over 16,000 training presen-
tations. In the simulation, the two main windows represent the states of the lattice and saccade
weights. The outer ring circumscribes the limit of the visual field. Each neuron’s position is
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Figure 2: Lattice and saccade weight space before any stimuli.

represented in this space by the retinal location of the centre of its receptive field. In the lat-
tice window, each neuron is connected by lines to its immediate neighbours. In the saccade
window, each line shows the saccade vector. Since this model uses a group of neighbouring
neurons to dictate the eventual position of the image after the saccade, the actual position of the
image may not be precisely the same as the saccade vector would appear to show (the context
of the centre of excitation in the lattice determines the measure of error of that vector). To make
the weight space a little more comprehensible, | have used a greyscale function to display the
lattice connections and saccade vectors proportionally to the radial component of their neural
units in the lattice. In the parameters window, the values of the parameters are plotted over a
20,000-step time window. Additionally, an error measure was calculated every 200 timesteps
and plotted in white in this window. This measure is simply defined as

il

N

whereN is the number of neurons in the lattice, as a proportion of the radius of the visual
field.

Figure 3 shows the state of the network before any training has taken place. The magnitude
of the randomised saccade vectors was set to a small proportion of the radius of the visual field.
This helps the network to settle down quickly, and was also the method used by Ritter et al, but
is not strictly necessary, as convergence of the saccade weights will still occur given enough
time.

Figure 3 shows the state of the network after 4,000 timesteps. At this point we can see
that the lattice has formed a more or less isomorphic cobweb shape, and the saccades have
all become directed towards the fovea. The error measure display shows, however, that the
network’s performance on saccade learning over time is nonmonotonic. This problem occurs
because the lattice weights, in the early stages, move around the input space following the
stimulus vectors to a great degreg (s relatively high). This means that even if a saccade led
directly into the fovea at one timestep, the centre of the receptive field of that neuron might
change in the next timestep, causing the saccade to miss the fovea. It is therefore important for
the lattice to become relatively stable with respect to the saccades at an early stage. This will
be discussed further later.

Figure 3 shows the state of the network after 8,000 timesteps. At this point, the error
measure is becoming monotonically smaller as the lattice weights are now much more stable
with respect to the saccades.

Figure 3 shows the state of the network after 16,000 timesteps. The total error has now
reached a very small level of magnitude, so it would seem that all saccades now lead directly
into the fovea. The actual effect of the saccades, given that a number of neighbouring neurons

5



A Soccodic eye movement's: oowlomotor confrol in the superior colliciius HiE R |

Laftice weights Saccade weights

t |4,:er

e PEET
e oo
L [30rE+00
e
s [o.0e-01

E |1.33£+m

Figure 3: Lattice and saccade weight space after 4,000 stimulus presentations.
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Figure 4: Lattice and saccade weight space after 8,000 stimulus presentations.
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Figure 5: Lattice and saccade weight space after 16,000 stimulus presentations.

contribute to the overall effect, may still cause some saccades to miss the fovea proportional to
the radial component of their location. This effect, given that the neighbourhood function

the saccades is monotonically decreasing to 0 in the limit, will eventually be corrected. | will
examine the implications of this effect, however, below.

4 Discussion

The effect of implementing a saccade strategy by which a number of neurons cooperate to
determine the eventual position of the image leads to some interesting findings. The purpose of
this model, as revealed above, is to endow the simpler saccade-learning model of Ritter et al[3]
with this particular feature. However, the phenomenology of saccadic learning in humans, as
documented by Becker and Fuchs[1], shows another interesting feature: in humans, saccades
almost never lead directly into the fovea but usually close by, whereupon a corrective saccade
takes over and fovealises the image. Ritter et al note this succinctly:

“Compared to these observations, our model learns its saccadic eye motions much
too ‘well’ because at the end of the learning process all of our saccades precisely
lead in the fovea.”

They further hypothesise that the consistent error in saccadic learning in humans may be
related to the fact that humans are mobile agents that plan ahead to be able to track relatively
mobile objects. This sounds quite plausible. On the other hand, let us examine the model
above. When the neighbourhood functibf of the saccade weights is still significant, any
saccade still has an error proportional to the difference between the saccade weight of the
centre of excitation in the lattice and the combined weights of other neurons in its vicinity. Due
to the geometry of the lattice once the lattice weights have been learned, any particular saccade
will tend to undershoot the centre of the visual field to some extent. This is in accordance with
the observations made on human subjects by Becker and Fuchs[1].

Although this model has used a monotonically decreasing neighbourhood and learning rate
for the saccades, let us now conceive of a model in which only the neighbourhood and learning
rates for the lattice weights decrease, or in which the decay ratés fand,® over time are
much smaller than for the lattice weights. In such a scenario, the corrective power of the above
model is much reduced, and the saccades will consistently undershoot the fovea by some small
margin.



The other issue still left latent is the early freezing of the receptive fields in the lattice with
respect to the saccades. The introduction of contextual information from neurons in the vicin-
ity of the centre of excitation for a particular stimulus can be extremely important in the initial
ordering of the saccades. If no contextual information is present, it would appear to be unjusti-
fied to introduce a learning rule for the saccades into the algorithm that updates neighbouring
weights for a particular saccade, since those weights did not contribute to the saccade in the
first place. Additionally, it might also be noted that in a physical implementation of the model,
there is always the risk that some saccade weight fails to respond to learning commands, or
interference from some external source affects the plasticity of the connection. In such a situa-
tion, if a group of neurons are responsible for the saccade, the network can learn to overcome
the effect of the recalcitrant connection to some extent. This is not possible in Ritter et al's
model.

In conclusion, we can see that this model of the oculomotor system offers numerous ben-
efits in terms of neurobiological plausibility and graceful degradation, and hopefully serves to
elucidate yet more clearly the issues surrounding simple visual reflexes in humans and other
mammals. It is also yet another example of how a very simple learning principle, embodied in
this model by the process of corrective saccades, can come to be a powerful organisational tool
within a neural architecture.
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