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Abstract:
The Brain isa slow computer yet humans can skilfully play games where very fast reactions
arerequired. A review of data on motor and cognitive effects of cerebellar lesionsleadsto
propose that the brain minimises reaction time during skilled behaviour by eliminating on-
line planning. Behaviour then results from direct mapping from perceptions to actions. The
proposed role for the cerebellumistoi) learn sensory-motor associations planned off-line
and ii) enable the set of sensory-motor associations most appropriate for a given goal. In
that framework, planning defines both the stimulus and the action that will be triggered. In
the performance of plans comprising sequences of actions, the cerebellum controls eye
fixation to obtain the sensory trigger that initiates the next action in the plan. For producing
effective behaviour, such a scheme requiresin principle that, for each goal, a large set of
sensory motor associations are prepared to cover a wide range of possibleinitial conditions
and variations in execution. Hence the planning process may need to produce not a single
optimal solution but a field of solutions. Such a scheme can then solve the paradox of so-
called automatic behaviour often seeming to proceed via situation-dependent planning
rather than simple stereotypical movements. Applied in the field of robotics, these principles
unify purely behaviour-based approaches and approaches based on planning using internal
representations. On one hand sensory-motor associations enable fast reactions and on the
other hand, being products of planning, these associations enables flexible goal adaptation.
Such a principle has been implemented using neural networks in the cases of a simulated
arm control problem and the control of a real autonomous wheelchair. An interesting
property of the proposed sensory-motor association neural net isits generalisation across
initial conditions, which may obviate the need for planning multiple associations.

1. Introduction:

In the game of tennis, the time for the ball to cross the court is almost exactly equal
to the reaction time of the player added to its displacemert fiinere does not seem to be
time for planning and it is unclear how players manage to produce strategic shots under these
conditions. The cerebellum is known to be involved in the co-ordination of action and its
lesion results in slower reactions (Stein and Glickstein, 1992). Can we learn sgnfietin
studying the cerebellum that may shed some light on the computational strategies used by

! This report is based on material initially presehat the IEE workshop on “Self-learning robots I1I
Brainstyle robotics: The cerebellum beyond funcproximation”, London 15 February 1999.

? The length of the court is approximately 24 m @sdavidth 8m. A ball flying at 100 km/h takes 860ms
to travel 24m. Choice reaction time is approxima840ms and the displacement time, to reach a
corner of the court starting from the middle, iBreated at 540ms. It is unclear how much time
planning would take.
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tennis players? Can we learn something that may help design faster robots desaiteriani
in computational resources? These are the questions underlying this paper.

How can the cerebellum accelerate reactions? The answer is not straigfdforw
because the cerebellum does not initiate actions, its inputs arriving usually to the motor
cortex around the time when the action starts (Butler, Horne & Hawkins, 1992). Several
experiments will be described in section 2 that suggest that the cerebellum resdfisgsel
actions to be executed. In section 3, a possible biological substrate is suggested. In section 4,
a conceptual model based on these observations is proposed that combines planning and
reactive behaviour. In section 5, a neural network implementation is described tatélustr
the principle. It is concluded in section 6 that, the model proposed in this paper may enable
skilled behaviour without on-line planning.

2. Role of the cerebellum in planning animal behaviour:

Several experiments show that the cerebellum is involved in planning. A more
precise view on its role in that respect emerges from an analysis of the expedesamtbed
below.

- In one experiment, human subjects are asked to walk a path of irregularly placed
stepping stones as fast as possible (Hollands & Marple-Horvat, 1996). Subjects usatally fi
the next stone just before starting to lift the foot that will be placed on the stone. 3® asse
the role of visual sampling, tests were also performed in the dark, with stone positions
indicated by LED' turned off at different times. Visual deprivation had no effect Wken t
goal was not illuminated during fixation time and swing phase of the movement. However,
deprivation towards the end of the swing affected sometimes the accuracy of themext ste
This indicated that subjects were planning the move to the next stepping stone, while fixating
the current stone an executing the current stepping action. Interestingly, shift of firaton f
the current to the next stone took also place in the dark, indicating that the fixation was more
a reflection of a pre-existing plan than a source of information needed for its execution. The
intermittent effect of visual deprivation could be due to compensation by spatial memory of
the layout, which, in another experiment, has be shown to persist for several seconds in the
dark (Thomson, 1980). The stepping-stone experiment done with cerebellar patients showed
a reduced accuracy and intermittent delays (prolonged stance) correlated witlhateacc
fixating saccades to the next stone (Marple-Horvat et al., 1998). Other experimeribedesc
below may allow narrowing down the numerous possible reasons for these effects.

- In another experiment, subjects were told to touch, upon hearing a GO sound, one
of the elements of a display that is indicated by a light lit for a few seconds befor® the G
signal (Day, Thompson, Harding & Marsden, 1998). The reaching movements of healthy
subjects had the same characteristics in the dark or in the light, indicating théoexetat
pre-planned movement, or as noted above, the existence of an internal spatial memory (world
model) that is replacing actual visual input. In contrast, cerebellar patientsosimoneased
variability in initial movement direction and, for the final portion, performed worse in the
darkness, indicating their reliance on visual feedback. However, the overall cotiakt ini
direction suggests that the problem was not one of spatial memory (not remembering the
position of the target), but one of precise planning or plan execution.

- In another experiment, a monkey was trained to touch in the correct order the two
elements lit simultaneously in a succession of displays. (Lu, Hikosaka & Miyachi, 1998). In
such experiments, a trained animal shows anticipatory saccades to the next element,
indicating knowledge of the sequence, and as suggested above, the existence of a plan as for
which element to touch next. Lesions in the dorsolateral dentate nucleus, the output of the
cerebellum to the premotor and supplementary motor area, reduced the number of
anticipatory saccades and caused more errors. This could indicate a loss of sequence
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memory, or errors in translating sequence knowledge into a correct plan or action. The next
experiment shows that the latter is more likely.

- A patient with cerebellar lesions showed spatial dysgraphia characterisearfy a |
number of stroke omissions or stroke repetitions when writing in upper case, even when
copying a word (Silveri, Misciagna, Leggio & Molinari, 1997). Errors occurred despite a
memory of the sequence of strokes not being required. The authors suggested that this was a
case of neglected visual feedback (e.g. telling that all strokes of a letter havedukexe gy,
but as the performance worsened in darkness, visual feedback was being used. Somehow,
cerebellar lesions prevented available knowledge (visible example or memory of &@quenc
to be correctly converted into a motor plan.

- Patients with cerebellar lesions tended to do more illegal moves in a Tower of
Hanoi test which is a test of planning capability (Grafman et al., 1992). This effect wa
neither due to not understanding the instructions nor to some error in motor control. It was
more like an inadequate plan was being selected and executed from start to end.

In summary, healthy animals plan ahead, which is revealed by anticipatory saccades
that do not seem necessary for controlling the current action. The symptoms of cerebellar
patients can be described as resulting from an inappropriate selection of subgoals.

3. Possible biological substrate:

The posterior parietal cortex (PPC) contains maps of possible movements. When
given hand, arm or eye movements are intended, specific subgroups of neurones become
active (Snider, Batista & Andersen, 1997). However, for actual movement to result, this
activity must reach the primary motor cortex (M1). This can be done via the projections of
PPC to the pre-motor (PM) and ML1. It is speculated here that, for a given goal, movements
could be pre-selected via the cerebellar input to superficial layers in PPC (Okuda, 1997)
Such input would not be sufficient to activate PPC cells but could lower the firing threshold
of selected PPC cells for responding to sensory cues. Thereby, movements would be
generated not only with reduced latency but also in a purely feedforward circuit. The
cerebellum could pre-select successive movements in a sequence by monitoring the
execution of motor commands via various collaterals of descending fibres and ascending
somatosensory feedback. The details of possible sequence learning circuits have been
discussed elsewhere (see e.g. Braitenberg, 1997).

Plans are supposed to be elaborated in the pre-frontal cortex (although it is not clear
how). Such plans can control movements in a voluntary way, via pre-motor areas, but
seemingly at a slower rate and by addressing a small number of joints at a timedDay et
1998). In the proposed scheme, plans would be elaborated off-line, then downloaded to the
cerebellum in the form of a series of sensory triggers and their corresponding actions,
essentially equivalent to Stimulus-Reaction sequences. Such sequences would be replaye
with timing determined by the rate at which new sensory stimuli appear. The detads of t
mechanism used to set up sensory-motor associations are unknown. At this stage, the
proposed model is pitched at a functional level and further work is needed to determine if it
can be supported by anatomical data. Many areas of the cerebellum have well documented
role motor control but its lateral zone is reciprocally connected with various feoets
(Middleton and Strick, 1998) and could be involve in the proposed function.
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4. Conceptual model of the role of the cerebellum.
The reviewed data on cerebellar lesions and eye fixation are consistent with
following hypotheses:
1. Visual fixation provides the trigger for pre-planned actions.
2. Planning is used to set-up set of perception-action associations.
3. The cerebellum is involved in priming neurones involved in the sensory and/or
motor elements of the associations.

Figure 1 illustrates these hypotheses in the case of the stepping stone experiment of
(Hollands & Marple-Horvat, 1996). During fixation of the target of the current swing,
subjects would engage in planning the next swing. This entails (i) predicting the view at the
end of the swing, which then is set as a perceptual key for the next swing and (ii) calculating
the parameters of the next swing and the saccade to the next target.

FIXATION » PREDICT VIEW > DEFINE SACCADE
DURING SWING AT END OF SWING

=

KEY TO —» DEFINE 5WING
INITIATION OF

SACCADE + SWING

Swing

Figure 1. Model of the computational processes underlyimgstiepping stone experiment
(Hollands & Marple-Horvat, 1996).

The properties of this model are: i) Priming causes faster response when tliecegpasory
pattern is seen, ii) The control loop is faster due to the elimination of the planningijithe
fixation is incorrect, the perceptual pattern does not precisely resemble theiord dethe

plan and neuronal noise plays a greater part in action selection, which causesédrstors a
initiation due to loss of the speed benefit of priming.

The hypotheses above are not specific enough on the biological substrate to
constitute a model of cerebellar function, e.g. it is not clear which neurones are primed or
how sensory motor association are set up by planning processes, however, this is irrelevant if
the aim is the design of a biologically inspired robot control system.

Nevertheless, the model produces some testable predictions. For instance, swing and
saccades should be initiated simultaneously. Now, regarding effects of ceresatias,| a
correlation between swing and saccade aiming errors is probably not to be expected; that is
errors are due to noise in the action selection process.
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’—> Sensory —= Frontal [Plan] |— Premotor — Execute —‘

Sensory —{%—} Premotor T Execute
Eve Cerebellum

Figure 2. Top diagram: Serial view on action selection: Sensory inforimais used for planning

and the resulting plan is execut&dttom diagram: Proposed model: The cerebellum contributes to
priming a pre-selected set of potential sensoryemassociations, and controls the eye fixation to
ensure that appropriate sensory patterns are acquir

From a control perspective, the key notion in the hypothesis is that actions are
selected. This suggest that time can be saved if, instead of planning on the basis of current
sensory information, pre-calculated sets of sensori-motor responses (a “plemguwaiable
and appropriate responses were selected on the basis of current sensory information. An
important characteristic of a controller implementing such a principle is filabhanust be
reflected in a variety of response being set up, to account for the variability of ones action
execution and the unpredictability of the of the environment. Choosing a plan therefore
corresponds to the selection of a large set of possible sensory-motor associatigfis.dem
possible to extent the model to the use of sensory patterns for the selection of plans
themselves. Therefore, there is an interesting blurring of the distinction betweemgla
sensory-motor associations and priming them. Hence plans or actions could be selected by
the same principle.

A simple example of the combined used of sensory - plan association and sensory —
action associations is the return of a serve in tennis. A tennis player waiting foe aveeld
have prepared several responses, e.g. forehand or backhand, cross court or along the line,
depending on the class of the service trajectory. Then, from initial snapshots of the ball
trajectory, an appropriate response could be rapidly selected (plan triggered by sensory
patterns), then rapidly executed (actions triggered by sensory patterns).

A key feature of this approach is that off-line planning needs to define also a sensory
trigger, not only an action as in the serial control approach in figure 2. This is notandgess
simple and practical implementation will enable to assess the usefulnesk ahsajgproach.
Some implementations with simple sensory input have already been tested. Thetitaxt se
describes an artificial neural network architecture that demonstratpsoftased principle.

A real-world application, the control of the trajectories of an autonomous wheekhair i
described in (Bugmann et al., 1998).

5. Neural network implementation.

The neural network architecture described bellow was initially proposed in (Afeed
Bugmann, 1995). The principle of the implementation is: i) Use the output of a planner to
train a sensory-motor (SM) association network; ii) Let the SM network cdh&@equence
of actions.

As a planner, a neuro-resistive grid was used (Bugmann et al., 1995) that approximates
Laplacian planning. In principle, any other techniques could be used, directed graphs, etc.
For encoding sensory-motor associations, a network of Normalized Radial Bagisr3.isc
used (Bugmann, 1998).

Section 5.1 details the implementation of a neuro-resistive grid and describes the two-
dimensional robot arm control problem that is used to illustrate the proposed principle of
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planning SM associations. Section 5.2 details the operation of the NRBF network and its
application to the robot arm problem. Section 5.3 describes the generalisation properties of
such a network.

5.1 Planning with a neural resistive grid.

For using a resistive grid for planning, the state space is divided into a set diismall
dimensional cubes. Each cube corresponds to a node in the resistive grid. Each node is
connected to it28N neighbours. Planning can be performed by setting the potential of the
node corresponding to the goal state to a high value, e.g. 1. The nodes corresponding to
obstacles, or forbidden states, are set to a potential zero. Electric currenfréiowthe goal,
through the grid and towards the obstacles. At any point in the grid, the direction of the
current flow indicates the shortest path to the goal.

In a neural resistive grid (Bugmann et al.,1995), one neurone is assigned to each
node. The neurone sets its OUtpUID the average value of the outputs of its neighbyurs

yjzf(Ziji)'Hj ()

where
f(x)=0 forx<Q f(x)=x forxO[Q7; f(x)=1forx>1

After all neurones in the grid have been updated a large number of times, their outputs
approximate the potential distribution in a physical resistive grid. It is shown ihg]in

the limit of a very large number of nodes in the grid, the updating rule (1) is equieikeat t
Poisson equation:

0% — bl. (2)

Whereb=2N/4r2 andr is the horizontal and vertical distance between nodes. The use of a
linear saturating transfer functid{x) in (1) allows external control to be exerted on the
resistive grid by the ianI} from the map[1] layer in Figure 3. Each neurone in that layer has
only one output that is connected to the neurone in the resistive grid with corresponding
location. By setting the output of the goal node in the map[1] to 1 (white node in the Figure),
it forces the goal node in the neural resistive grid to have an output 1. Simildnhg tes

activity of obstacles nodes in map[1] to -1 (grey nodes in the Figure) will forice the
counterparts in the neural resistive grid to have outputs zero. This flexibleearatgtallows
dealing with any configuration of obstacles and goal(s).

The 2-dimensional resistive grid in Figure 3 represents the configuration spa2gahnt
robot-arm that is shown in Figure 4. A point in the configuration space represents a
configuration of the robot arm. A path in the configuration space represents a sequence of
arm configurations. The arm in this example has only two mobile joints, so its configurat
space is two-dimensional. In Figure 3, the x-axis is the shoulder joint angle and thésy-axis
the elbow joint angle. Those joint angles that correspond to collisions with walls and
obstacles are represented by forbidden positions in the grid. The goal node corresponds to a
configuration where the grip is in contact with the filled circle in Figure 4. Thisahe
implementation of the resistive grid is very flexible due to the possibilityamirporating
knowledge in the form of a temporary activation of nodes in the control layer (map[1] in
Figure 3).
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Figure 3. Neural resistive grid (bottom) and its controldaynap[1] (top). The initial arm
configuration is indicated by a cross in map[1]ehite node indicates the goal.

A planned sequence of movements is obtained by: i) reading out the direction of the potential
gradient at the neurone corresponding to the current state, ii) selecting thetegkt)sta
executing the corresponding movement. The resulting trajectory in configurati@ispac

shown in Figure 5, and the resulting arm trajectory in the workspace is shown in Figure 6.

robot _arm

Figure 4. Robot arm in its initial position in the workspace
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trajectoryg

Figureb. Trajectory in configuration space. The x-axigis shoulder joint angle. The y-axis is
the elbow joint angle.

robot _arm

Figure 6. Sequence of arm positions corresponding to thectay in Figure 5.

The main advantage of the resistive-grid method is that it guarantees finding a soluten to t
planning problem, if there is one. However, it has also the limitations of grid-based methods:
a limited resolution. In Figure 3, a 25 x 25 grid is used to represent all possible combinations
of the two joint angles. As the joints can rotate by a full 360 degree, there is a 14.4 degree
angular step change from one node to the next. This has two consequences, i) the planned
movement is very saccadic (Figure 5 and 6), ii) the goal is not reached (Figure 6) because it
exact location does not necessarily correspond to the centre of a node in the grid. It is indeed
possible to increase the resolution of the grid but at the cost of a higher computational load.
Another solution is to use the goal nodes (target_trans) in the sensori-motor association
network presented in the next section.

5.2 A Normalized RBF net representing sensory-motor associations.

In this simplified example, sensory inputs are measurements of the joint angles and
motor outputs are desired joint angles. This input corresponds to proprioceptive information
rather than visual input, but the network operates in the same way in both Thsdaputs
and outputs are read out from the planner. For each node in the resistive grid (corresponding
to the current valuesgq, as of joint angles), the planner determines the best “next node”
(corresponding to the next set of valugg a’» ). These transitions are learned by the
sensory motor association network in figure 7.

° Provided the representation of visual informatjieneralises in such a way that the activity at the
input of the net diminuishes gradually as the imiageansformed.
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—
target_trans

Figure 7. Neural network for Sensory Motor Association.

The sensory motor association network has two active layers, as depicted en/-ighe

hidden layer, named "transitions”, is composeMpheurones with Normalized Radial Basis
Functions (NRBF) (Bugmann, 1998). In this network, these "neurones" have two joint angles
a1 andap as input. They respond maximally when these angles are equal to pre-set values
al10 andaloq (the centre of their “receptive field" in the configuration space). The width of
the tuning of their responsyje(or size of the receptive field) is determineddj)y

1
20

vy =expl-—s33 @ -al 1. (@3

J

These neurones project with WeiglolVﬁ to the output layer ("next_alpha" in the Figure 7).
The output layer comprises two nodes with outptfsanda’s. These outputs are calculated

as follows:
> W
a,- — ]

i~ zyj
J

This operation corresponds to the weighted average over the input weights, where the input
activities are used as weights for the weighted average. It may be ptssipfgoximate

such a function with biological neurones, assuming feedforward inhibition. The function (4)
allows the encoding of the values of the next angles imghghts from hidden to output

layer.

(4)

The network is trained during the read-out of a sequence of movements as determined by the
resistive grid. At each transition from one nagléo the nextn+ 1, a new RBF node is

recruited, its receptive field is centred on the starting point in configuratioe spa
corresponding to the nodg, and itsweights to the output layer are set to the values of the

joint angles corresponding to noakg: 1.

During replay, the output of this network alone is used to control the arm movement (The
resistive grid is not used). As soon as one configuration has been reached, the network
provides the next values of joint angles. As NRBFs have overlapping recefdtgedie

small number of nodes in the hidden layer are simultaneously active and may point to
different future configurations. However, the function (4) of the output nodes allows the most
active of the inputs to have the largegtight in the decision.
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To solve the problem of inaccurate end position, two extra-nodes "target_trans'dare use
(Figure 7). These nodes have receptive fields centred on the two possible finalretioing

of the arm, and have their output weights pointing to these exact final configurations. (The
are two combinations of joint angles allowing the wrist to touch the filled circlerzt

turns out to be forbidden, because the arm would have to go through the short wall protruding
from the right in Figure 4). Thereby, when the arm approaches one of the selected final
configurations, it becomes strongly attracted to the exact final position.

trajectory

Figure 8. Trajectory in configuration space produced byttaed Sensory Motor Association
network.

Figure 8 shows the trajectory in configuration space resulting from a movemewlledriy
the sensori-motor association network. Figure 9 shows the corresponding sequence of
positions in workspace. One may note the much smoother trajectories and the ecairect fi
position of the arm.

rabot _arm

Figure 9. Sequence of arm positions corresponding to thedtay in Figure 8.

The sequence is not replayed with the same nunilsteps as the sequence used for the training
(Figure 5). In practice, the next position of thmas calculated using current inputs. Then the arm
is set to its new position, which modifies the itgpto the RBF nodes, and the new position is
calculated. The speed at which the complete movemm@erformed depends on the size of the
receptive fields of the RBF nodes. If these arelange, there is little change in the responsdef t
RBF nodes after a movement and, conversely, @ttenge in the calculated next position. If the
receptive fields are too small, the smoothnesh@trajectory is lost. For the results shown here

= 21725 was used.
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5.3 Generalisation

NRBF’s nets behave as nearest neighbour classifier (Bugmann, 1998). This has the
consequence that inputs far from any input value used during training produce the response
(“next position”) corresponding to the nearest input in the training set. Figure 1Gitksstr
the trajectories in configuration space generated by the sensory-motor tassoetvork
for various initial positions.

trajectory

Figure 10. Example of generalisation: Trajectories in confgjion space generated by the
sensory-motor association network for variousahiirm configurations. It should be noted that
the network was trained solely with the trajectdaya shown in figure 5.

The particular type of sensory-motor association network used here needs to Heotriine
ononetrajectory produced by the planner, and can lead an arm to the goaaifsoimitial
configuration. Hence, the need for planning a field of sensory-motor associations that is
mentioned in section 4 might not be a practical problem.

Generalisation also relates to the question of habitual behaviour. Habitual beh&viour i
generally noted when it leads to inappropriate actions, such taking the usual route to work
after leaving home to go to the supermarket. When inspecting the details ofahs,abthse

differ from previous day, being flexible responses to varying traffic conditiomeHe
inadequate habitual behaviour seems to contain a planning component and could be described
as resulting from planning towards an inadequate goal rather than being a set dilénflexi
stereotypical actions. Within the context of the model proposed here, the interpretatidn w

be that, without specific goal being held actively in prefrontal areas, the maoré¢hesee

stronger) sensory-motor associations are dominating the behaviour. If the neural SM
encoding mechanism had the generalisation properties described above, then no planning in
the traditional sense needs taking place, but flexible responses to unpredictenhsituat
possible

6. Conclusions.

Observations of deficits related to cerebellar lesions have suggested thraphais
may be selected from a pool of pre-calculated or task domain-specific plans. The positi
side of such scheme is to enable fast skilled behaviour by eliminating the planning from the
perception-to-action processing. On the negative side, it also enables the initiation of
involuntary complex behaviour, as possibly revealed by inappropriate habitual behaviours.
As for the underlying circuit, it is proposed that input from the cerebellum to the PPC may
pre-select responses that are then triggered by sensory inputs. Inputs to frontahgreas m
possibly pre-select whole plans. This scheme is very speculative as a model dliacerebe
function, but it can lead to the design of novel control system architectures with useful
properties, as exemplified by an artificial neural network implementation.
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From a control theory perspective, the proposed scheme unifies i) behaviour-based
control that is fast but with limited flexibility in terms of goals and ii) cleaisplan-based
control which is flexible but slow due to the computational overhead.

Due to the inclusion of off-line planning, the proposed approach differs from
previous proposals viewing action selection as taken from a pre-existing pool of actions
(Jeannerod, 1997) or schemata (Shallice, 1988).
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