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Abstract For reaching to and grasping of an object,
visual information about the object must be transformed
into motor or postural commandsfor the arm and hand.
In this paper, we present a robot model for visually
guided reaching and grasping. The model mimics two
alternativ e processingpathways for grasping, which are
alsolikely to co-exist in the human brain. The ¯rst path-
way uses directly the retinal activation to encode the
target position. In the secondpathway, a saccadecon-
troller makes the eyes (cameras) focus on the target,
and the gazedirection is used instead as positional in-
put. For both pathways, an arm controller transforms
information on the target's position and orientation into
an arm posture suitable for grasping.For the training of
the saccadecontroller, wesuggesta novel stagedlearning
method which does not require a teacher that provides
the necessarymotor commands.The arm controller uses
unsupervised learning: it is based on a density model
of the sensor and the motor data. Using this density,
a mapping is achieved by completing a partially given
sensorimotor pattern. The controller can cope with the
ambiguit y in having a set of redundant arm posturesfor
a given target. The combined model of saccadeand arm
controller was able to ¯xate and grasp an elongatedob-
ject with arbitrary orientation and at arbitrary position
on a table in 94% of trials.

1 In tro duction

Eye-hand coordination in visually guided reaching has
attracted increasing attention in neurosciencein recent
years (Lacquaniti and Caminiti, 1998; Batista et al.,
1999; Snyder, 2000; Snyder et al., 2000; Buneo et al.,
2002;Carey et al., 2002;Crawford et al., 2004). Reach-
ing and grasping require a target object to be repre-
sented in arm coordinates (these could be the joint an-

gles1); in contrast, the object is given in retinal (eye-
centered) coordinates. Thus, the brain needsto trans-
form eye-centered coordinates into arm coordinates. To
understand how this transformation takesplace, neuro-
scienceaddressedthe question of which coordinate sys-
tem is usedat a speci¯c stagein the process.In a mon-
key study, Batista et al. (1999) reported that 81%of the
recordedneuronsin the parietal reach region (the reach-
planning area in the posterior parietal cortex) encode
location in eye-centered coordinates. However, reaching
must alsoinclude the position and orientation of the eyes
relative to the body frame. In the brain, the position on
the retina and the orientation of the eyesare represented
by population codes(Zipser and Andersen,1988).To ob-
tain the spatial location of targets, the retinal position is
modulated by the population code of the gazedirection.
This modulation has been termed `gain ¯elds' (Snyder,
2000).It is possibleto combine the two population codes
with a neural network to obtain a head-centered position
code (Zipser and Andersen, 1988).

On the other hand, a processingpathway without
retinal position coding is suggestedby the following ex-
periment. Carey et al. (1997) studied the caseof patient
D., which had widespreadcortical atrophy (seealso the
review by Carey et al. (2002)). D. was visually aware
of targets outside her fovea. However, if asked to reach
to these targets, she would reach to the point she was
¯xating (`magnetic misreaching'). Reaching to targets in
the fovea does not require coding in eye-centered coor-
dinates; instead, the gazedirection is su±cient for loca-
tion coding (for a ¯xed head position). The sameseems
to hold for healthy humans, which usually ¯xate an ob-
ject before grasping it. Apparently , there are multiple
redundant pathways for reaching in the brain.

Here, we present a model that can realizeboth path-
ways: One path usesonly the retinal information (for a

1 Behavioral data suggestthat arm tra jectories are planned
in these kinematic coordinates rather than in dynamic coor-
dinates, lik e muscular activation (Wolpert et al., 1995).
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¯xed gaze-direction); the other path uses the gaze di-
rection instead. In our model, a robot learns to ¯xate,
reach for and graspan object presented visually (Schenck
et al., 2003). One of the pathways needsa saccade con-
troller which brings the object into the fovea, and both
pathways include an arm controller which associates an
arm posture with the image of the object.

The learning of these controllers has to cope with
three major problems. First, for saccades,there is no
teacher that can provide the correct motor command
for a given target location. Second,the arm controller
needsto map a high-dimensional camera image (where
every pixel represents a dimension) onto an arm posture.
Third, the kinematic arm problem is redundant, that is,
several arm postures exist for a given object location
and orientation. Thus, the controller has to learn a one-
to-many mapping. Function approximators, speci¯cally
feed-forward neural networks like the multi-la yer percep-
tron, fail to learn such a relationship. A function approx-
imator can only averageover multiple output postures,
and the averageof redundant joint-angle sets is gener-
ally not appropriate (Movellan and McClelland, 1993;
Ho®mannand MÄoller, 2003).Theseproblemsare not re-
stricted to the robot setup we present; they are of wider
interest in robot control, and also many biological sys-
tems have to cope with them. In this article, we present
general learning strategiessuitable to tackle theseprob-
lems.

As a solution for the missingteacher signal,wepresent
a stagedlearning procedure.This learning mechanism is
illustrated in the exampleof a saccadecontroller, which
is modeled by a multi-la yer perceptron. The network
learns the mapping from target coordinates to motor
commands.At each learning stage, the saccadicmove-
ments are obtained by adding random movements to the
output of a previously learned controller. To generate
new training patterns for the network, only those move-
ments are selectedthat bring the target toward the fovea
within a quality threshold. From stageto stage,the qual-
it y threshold gets more restrictiv e, and the pattern set
and the controller improve. In the training of each stage,
we exploit the property of feed-forward neural networks
to average over multiple outputs. Thus, over- and un-
dershoots that occur for a given target position partly
compensate, and the resulting average is closer to the
optimal motor commands.

To cope with the mapping from a high-dimensional
cameraimageto an arm posture, we pre-processthe im-
age. The image processingextracts information on the
position and orientation of the target object. Both posi-
tion and orientation are encodedwith a population code,
which can be gained by locally processingthe image.

For the mapping itself, we propose a new learning
and recall schemethat can cope with the redundancy in
the output. The new mechanism operates like a recur-
rent neural network: stored patterns act like attractors
for a pattern completion process.In each training pat-

tern, corresponding sensorand motor components are
integrated, forming a sensorimotorpattern. In the train-
ing phase,the distribution of thesepatterns is approxi-
mated by a density model. Given such a density model,
a partially given sensorimotorpattern (the input) can be
completed uniquely with a new recall mechanism (Ho®-
mann and MÄoller, 2003).The completion yields the out-
put in its components. In the example of the arm con-
troller, the input pattern is derived from the imageof the
target object and from the gazedirection for one of the
pathways; the output pattern is the grasping posture.

The remainder of this article is organizedas follows:
section2 describesthe architecture of the overall system.
Sections3 and 4 present the details of saccadeand arm
controller, respectively. Section 5 presents the result of
the robot experiments. These results are discussedin
section 6, which also relates the model to the literature.

2 Ov erall system architecture

Our model contains two alternativ e pathways: the reti-
nal pathway and the gazepathway. The retinal pathway
assumesthat the gaze direction is ¯xed and usesonly
preprocessedimage information to obtain an appropiate
grasping posture (Fig. 1, left). In the gaze pathway, a
saccadecontroller ¯xates the target, and the gazedirec-
tion and shape information from the image are used to
associate a grasping posture (Fig. 1, right).

2.1 Experimental setup

The setup consistsof two camerasmounted on a pan-tilt
unit (Dir ected Perception) and a six degrees-of-freedom
(6 rotatory joints) robot arm (Amtec Robotics) with a
linear two-¯nger gripper (Fig. 5). The cameraswereme-
chanically ¯xed relative to each other. Therefore, ver-
gencemovements had to be realized by software (sec-
tion 3.1). The camera pictures are in color and have a
resolution of 320£ 240 pixels (Fig. 12 shows the view
from the left camera). Throughout the experiment, the
illumination in the room was kept constant.

To train and test the saccadecontroller, 42 colored
woodenbricks wereplacedon a table in front of the cam-
eras and the arm. For grasping, however, only a single
elongatedred brick (74 £ 24£ 24 mm) was used.

2.2 Retinal pathway

To grasp an object from the table via the retinal path-
way, an imageis taken with the left camera(Fig. 1, left).
From this image,information about the object's position
and orientation areobtained. Given this information, the
arm controller associates (open loop) a sequenceof two
grasping postures: pre-grasping and grasping. To grasp
the object, the arm is ¯rst moved into the pre-grasping
and then into the grasping posture.
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Fig. 1 Information °ow in retinal and gaze pathway. The
box labeled D delays the feedback by one time step.

2.3 Gazepathway

For the gazepathway, the saccadecontroller has to se-
lect and ¯xate the target object (Fig. 1, right). This
controller operatesin a feed-back loop until the ¯xation
is optimal. The resulting gazedirection is described by
pan, tilt, and vergencevalues. Afterwards, an image is
takenwith the left camera.From this image,information
about the object's orientation is extracted (as in the reti-
nal pathway). This information|together with the pan,
tilt, and vergencevalues|is fed to the arm controller,
which associatesa graspingposture. To graspthe object,
the arm is moved as described for the retinal pathway.

3 Saccade controller

The task of the saccadecontroller is to move the cam-
eras such that a selectedtarget object is ¯xated. In a
typical ¯xation trial, ¯rst, the target object is located.
Then, the saccadecontroller processesthe sensoryinput
and generatesa motor commandthat attempts to center
the object in both cameras.After re-locating the target
object, either the ¯xation successis evaluated (in con-
troller learning), or another saccadeis started until the
¯xation is successful;that is, the controller carries out a
seriesof saccadesuntil the target object is centered.

3.1 Image processing

The image processingis adjusted to a special scenery
made of colored wooden bricks on a white background.
The de¯nition of a goal color (red, green,or blue) served

before

saccade

after

saccade

Fig. 2 Target re-identi¯cation. After a saccade, cross-
correlation|calculated in the salience image for each color,
over the areas marked by black boxes|w as used to ¯nd the
target again in the new image. The images on the right are
the salienceimages for red.

as a simple attention mechanism. This color determined
from which classof visible objects a ¯xation target was
selected.

In the ¯rst processingstep, software vergencewas
achievedby extracting a quadratic regionfrom each cam-
era image;this regioncoverednearly the full height of the
image,while its horizontal position dependedon the ver-
gencevalue.The horizontal vergenceo®setin onecamera
image was mirror symmetric to the o®setin the other.
Next, the obtained vergenceregions were sub-sampled
to 55 £ 55 pixels. Afterwards, a contrast mechanism en-
hanced the goal color and produced gray-scale images
(for example, R ¡ (G + B )=2 was used to enhancered;
R, G, and B stand for the red, green, and blue chan-
nels). The resulting imagesfor one goal color are called
`salienceimages'.

Before a saccade,a ¯xation target has to be identi-
¯ed. In one of the two salienceimagesfrom both cam-
eras,the object waschosenthat matched the goal color.
If several objects had the samecolor, one of them was
selectedat random. The corresponding position of the
target object in the salienceimage of the other camera
wasdeterminedby searching for the neighborhood region
(size:24£ 24 pixels) with the maximum cross-correlation
to the neighborhood of the selectedtarget. The cross-
correlation was computed in the salienceimagesfor all
three goal colors separately, and then the three values
were multiplied. After a saccade,when the visual input
had changed,the target object was re-identi¯ed in both
salienceimagesusing the samecross-correlationmethod
(Fig. 2).
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Fig. 3 Saccade controller input-output scheme. (Figure
adapted from Schenck et al. (2003).)

3.2 Controller input and output

The camera system had three degreesof freedom: the
pan and the tilt angle of the camerahead, and the ver-
genceo®set in both images. The sensory input to the
saccadecontroller wasboth kinesthetic2 and visual (Fig.
3). The kinesthetic part contained the current pan, tilt,
and vergencevalues of the camera system (pant , tilt t ,
vergt at the current time step t); these values are su±-
cient to describe the position of the cameras.The visual
part also contained three parameters, the image coordi-
natesof the center of massof the selected¯xation target
in both the left and the right salienceimage (x l ;t , x r ;t ,
yl r ;t ). Due to the designof the camerasystem,both ver-
tical coordinates were given by just one parameter yl r ;t .
The motor output of the saccadecontroller contained
the parameterspant +1 , tilt t +1 , and vergt +1 for the next
time step t + 1.

3.3 Controller training

In our model of saccadecontrol, the learning needsto
cope with two problems. First, there is no teacher that
could provide the correct motor commandsand thusper-
fect learning examples.Like the biological system, our
model has no feedback that could map the ¯xation er-
ror after a saccadeinto motor space.Second,a brute
force search in the motor space to ¯nd perfect learn-
ing examplesis far too time-consuming.We solved these
problems by using less-than-perfect learning examples
(under- and overshoot saccades)for controller training,
and by exploiting the averaging properties of a multi-
layer perceptron (MLP). The MLP averagedover under-
and overshoots for a given sensoryinput, and produced
an average close to the optimal saccade.The trained

2 For the control of human eye movements, the e®erence
copy might be more important than extraocular proprio cep-
tion (Ruskell, 1999;Bridgeman, 1995). Here, we usethe term
`kinesthetic' for the eye position, independent of the origin
of the information.
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Fig. 4 Basic steps of staged learning. The boxes labeled D
delay the information by one learning stage.

controller was still erroneous,however, but it could be
improved over several stagesof learning. At each stage,
the already trained controller from the preceding stage
was usedas a basisfor the training of an improved con-
troller (Fig. 4). In this way, a mapping of the ¯xation
error into motor spacecould be omitted.

3.3.1 Generation of a single learning example A learn-
ing example for the saccadecontroller contains the sen-
sory input and the motor output as described in sec-
tion 3.2. To generateonelearning example,the following
stepswere carried out:

1. Generatea random starting position (pant , tilt t , vergt )
for the cameras.

2. Selecta target object (goal colors alternate) and de-
termine its coordinates in both salienceimages(x l ;t ,
x r ;t , yl r ;t ).

3. Generate a new motor command pant +1 , tilt t +1 ,
vergt +1 .

4. Move the camerasto this new position.
5. Re-identify the target object and determine its new

coordinates x l ;t +1 , x r ;t +1 , yl r ;t +1 .
6. Include the learning example (pant , tilt t , vergt , x l ;t ,

x r ;t , yl r ;t ! pant +1 , tilt t +1 , vergt +1 ) in the training
set if it ful¯lls a certain quality criterion.

In the ¯rst stage (without any existing controller),
steps3 and 6 di®er from the corresponding stepsof the
following stages.In step 3, the motor commandspant +1 ,
tilt t +1 , vergt +1 were generatedby adding random noise
to pant , tilt t , vergt . In step 6, a learning example was
included whenever the target object got closer to the
center of the salienceimage on both sidesafter the sac-
cadic movement.

From the secondstage on, the controller Ck ¡ 1 from
the precedingstagek ¡ 1 is available. To generatea new
motor command(pan k

t +1 , tilt k
t +1 , vergk

t +1 ), random noise
was added to the output (pan k ¡ 1

t +1 , tilt k ¡ 1
t +1 , vergk ¡ 1

t +1 ) of
controller Ck ¡ 1. The rangeof noisedecreasedfrom stage
to stage(Schenck and MÄoller, 2004).



Learning visuomotor transformations for gaze-control and grasping 5

At each stage k > 1, the quality criterion is based
on the Euclidean distancesr L and r R betweenthe posi-
tion of the ¯xation target in the left and right salience
image, respectively, and the corresponding image cen-
ter. The values for r L and r R were scaledto the range
[0;1]. An overall target distancer wascomputedasmean
value of r L and r R . Postsaccadictarget distancesr post

were obtained for 200 trials using controller Ck ¡ 1. The
resulting distance r post was plotted against the presac-
cadic target distance r pre (Fig. 10). A functional rela-
tionship between pre- and postsaccadictarget distance
was obtained by ¯tting a quadratic function Q(r pre ) to
the data. A learning examplewas included in the train-
ing set only if the postsaccadictarget distance of the
example was smaller than Q(r pre ) for both the left and
the right side (Fig. 10).

3.3.2 Network training At each stage, 10000 learning
exampleswere collected. All input and output parame-
ters were scaled to the range [-1;1]. The MLP had six
input units, 40 hidden units in one layer, and three out-
put units. The activation functions for the respective
layerswerethe identit y function, the sigmoidal function,
and again the identit y function. Training wascarried out
using 2000 epochs of resilient propagation (Riedmiller
and Braun, 1993). For each stage, the con¯guration of
wooden blocks on the table alternated betweentwo sets.
The ¯nal controller was obtained after seven stages.

4 Arm controller

The purposeof the arm controller is to ¯nd an arm pos-
ture that allows graspingof an object. For each process-
ing pathway, a separatearm controller is trained. First,
we describe the collection of training data, then the im-
age processing,and ¯nally the learning and recall of a
new associative memory.

4.1 Collection of training data

Random exploration was used to collect training data.
Initially , the robot arm was in a resting posture, such
that it did not occlude the table from the perspective of
the cameras.A brick was put in-betweenthe gripper. A
sequenceto collect one pattern consistsof several steps.
First, a random position on the table within a 40 £ 30
cm rectangle (the area covered can be seenin Fig. 12)
and a random orientation (0± to 360±) were chosen.For
a given object position and orientation, up to eight re-
dundant arm posturesare possiblefor grasping.At least
two equivalent solutions exist since a 180± turn of the
joint near the gripper does not change the appearance
of the posture. Thus, the inversekinematics3 of the arm

3 We solved the inverse kinematics analytically , which is
a deviation from a pure random exploration. The analytic

Fig. 5 Pre-grasping and grasping posture

provides a set of solutions. From this set, one solution
was chosenat random (ambiguous solutions will appear
in the ¯nal training set due to the density of training
patterns). We call the resulting arm posture the `grasp-
ing posture' (Fig. 5 right). In addition to the position
on the table, a secondone60 mm directly above wasde-
termined together with a corresponding joint-angle set,
asbefore.This is the `pre-graspingposture' (Fig. 5 left).
The grasping and the pre-grasping posture were stored
as part of the samepattern.

In the next step, the robot put the brick on the table.
Between two postures, all six joint angles were trans-
formed simultaneously and linearly. The arm moved via
the pre-grasping to the grasping posture. The insertion
of the pre-graspingposture avoids collisionswith the ta-
ble and the brick, which could occur if the arm would
turn directly from the resting to the grasping position.
After the brick was put on the table, the arm moved
again to the resting position.

In this posture, visual information of the brick was
obtained. Initially , the cameras pointed into a prede-
¯ned direction. In this state, an image from the left
camera was recorded (this was used later for the reti-
nal pathway|see section 4.2). Then, using the trained
saccadecontroller, the cameraswere turned such that
they ¯xated the brick. In this position, pan, tilt, and ver-
gencevalues were stored, and again a picture from the
left camera was taken for later processing(for the gaze
pathway|see section 4.2). Afterwards, the arm moved
through the pre-graspingto the graspingposture to pick
up the brick, and then back to its resting posture. This
concludes a sequenceto collect one pattern. The se-
quencecan be repeated without human intervention. In
total, we collected 3371training and 495 test patterns.

solution is a technical short-cut avoiding the useof a feedback
controller that brings the robot tip onto the table.
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4.2 Image processing

Retinal and gazepathway have di®erent image process-
ing procedures. For the retinal pathway, position and
orientation information is extracted. For the gazepath-
way only the orientation information is extracted and
then combined with the gazedirection.

4.2.1 Position To extract the position of the brick, the
original image (here, the image taken while the cam-
eras pointed to a ¯xed direction|see section 4.1) was
¯rst transformed into a gray-scaleimage, enhancingred
(R ¡ (G + B )=2). From this image, a rectangular region
was extracted that enclosedall possiblelocations of the
target (Fig. 6). In this region, a population code of the
brick's position wasobtained by superimposinga grid of
4 £ 4 `neurons' with Gaussian receptive ¯elds (Fig. 6).
Their centers covered the image uniformly. The activa-
tion of a neuron is the weighted sum over all pixels, with
weight factors taken from the corresponding Gaussian
function. The resulting 16 activation valueswerepart of
one training pattern.

contrast image coarse imageoriginal image

Fig. 6 Pre-processing to obtain the position information.
The coarse-grainedimage was gained from the region inside
the white rectangle within the contrast image.

4.2.2 Orientation To obtain the brick's orientation,
¯rst, a contrast mechanism enhancedred, resulting in
a gray-scale image, as above. Then, the gray-scale im-
age was low-pass ¯ltered. In the next step, four com-
pass¯lters (Umbaugh, 1998,pp. 65) enhancedthe edges
in four di®erent directions (0±, 45±, 90±, and 135±). A
threshold function was applied to the four resulting im-
ages(Fig. 7). The remaining pixels in each image were
counted to give a value for the distribution of edgesin
a given direction. The result is a histogram showing the
edge-directiondistribution in the gray-scaleimage.Such
a histogram can uniquely encode the orientation of the
brick at a given location. The four values of this his-
togram were part of one training pattern.

4.3 Training patterns

Each training pattern combines visual and postural in-
formation. For the retinal pathway, the visual part con-
tained the edgehistogram and the activation of the 16

121 48 40 99
���

���

���

contrast image

Fig. 7 Image processing to extract information about the
brick's orientation. On the very left is the contrast image.
In each column, the preprocessingsteps for one compass¯l-
ter (top) are shown, the edge-image, the threshold image,
and the sum of white pixels in the threshold image. (Figure
adapted from Schenck et al. (2003).)

Gaussianneurons, and the posture was only composed
of the 12 joint angles (six for the pre-grasping and six
for the graspingposture). For the gazepathway, the four
valuesfrom the edgehistogram form the visual part, and
the postural part consistsof the 12 joint anglesand the
pan, tilt, and vergencevalues.

All postural variableswereencodedby tuning curves;
that is, a variable x was represented by the activation of
four neurons with Gaussianreceptive ¯elds, exp(¡ (x ¡
ci )2=(2¾2)), whosecenters ci were uniformly distributed
within the maximal range of the variable. The width
¾ was chosen to be equal to the distance between two
neighboring centers (Fig. 8).

For the retinal pathway, a training pattern was thus
68-dimensional, but 64-dimensional for the gaze path-
way. Before training, the patterns were normalized to
have unit variance in each dimension.

max x

activation

min

s

Fig. 8 A population of four broadly tuned neurons encodes
the value (thic k arrow) of a postural variable x with four
values (circles).

4.4 Associative memory

Associative memoriescomplete patterns and can there-
fore learn one-to-many mappings in contrast to feed-
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forward neural networks, which averageover all possible
solutions and thus fail. Here,we useda new model (Ho®-
mann and MÄoller, 2003) that sharesthe characteristics
of a recurrent neural network: patterns are completed
by recalling a solution close to the domain of training
patterns (SteinkÄuhler and Cruse, 1998).

In the training phase,the distribution of training pat-
terns is described by a collection of ellipsoids.Their axes
are aligned with the principal components of the local
pattern distribution. We used a neural PCA algorithm
(see,for example,Diamantaras and Kung (1996)). To ¯t
the mixture of ellipsoids, Ho®mann and MÄoller (2003)
used an extension of the vector quantizer `Neural Gas'
(Martinetz et al., 1993) to local PCA (MÄoller and Ho®-
mann, 2004). In the present study, a di®erent method
was chosen that led to slightly better results and was
lesssensitive to the training parameters.

A mixture of Gaussian functions approximates the
density of the data distribution. The Gaussian centers
were initialized with the Neural Gas algorithm. Then,
the axes were adjusted (and the centers' position ¯ne-
tuned) using the `mixture of probabilistic principal com-
ponent analysis' algorithm (Tipping and Bishop, 1999).
Herein, di®erent from Tipping and Bishop (1999), we
extracted the principal components using the `robust re-
cursive least squareslearning algorithm' (Ouyang et al.,
2000).

The `network' parameters are the number of ellip-
soids and the number of principal components. For all
tests, 120ellipsoidswereusedand four principal compo-
nents extracted. Four principal components were used
because,the brick on the table has three degreesof free-
dom (two for position and onefor orientation). Thus, the
distribution of patterns has an intrinsic dimensionality
of three, and can therefore be described locally by three
principal components. An additional principal compo-
nent was extracted to account for the curvature of the
data distribution (this turned out to improve the perfor-
mance).

In the recall phase, the pattern completion is used
as a mapping from an input to an output. The input
constrains the recall. Thus, the output spaceis a sub-
space(spanned by the basis vectors of the components
assignedto the output) whoseo®setis given by the in-
put. To computean output (appendix A), the ellipsoid is
selectedthat is closest(smallestnormalizedMahalanobis
distance) to the constrainedsubspace.Then, on this con-
straint, the point that is closest to the chosenellipsoid
gives the desiredoutput values.Figure 9 illustrates this
process.In contrast to recall in a true recurrent neural
network like the Hop¯eld network (Hop¯eld, 1982), in
our method no spurious memoriesexist (appendix A).

This recall algorithm has two advantages over feed-
forward networks (Ho®mannand MÄoller, 2003).First, it
doesnot fail on one-to-many mappingsbecauseonevalid
output is chosenout of many possibleones.Second,the
input and output dimensionscan be selectedafter train-

constraint

arm posture

input

output

and orientation
target position

resulting point

Fig. 9 Pattern completion. The recall is basedon a density
model of the data (ellipses). The ellipsesdescribe points hav-
ing the same local density. (Figure adapted from Ho®mann
and MÄoller (2003).)

ing. Thus, a trained network can (without relearning)
operate in di®erent directions. Therefore, in principle,
we could alsorecall image information from an arm pos-
ture; in the present study, however, we exploit only the
advantage on one-to-many mappings.

After recall, the population-coded postural variables
were re-transformed into their original form. The result
for one variable was obtained by ¯nding the center of
a Gaussian that ¯tted best (minimum sum of squared
error) the bell shaped activation over the four neuron
centers.

5 Results

First, we show separatelythe results of saccadeand arm
controller. Theseresults were gained from a databaseof
real images.Then, we show how thesetwo moduleswork
together.

5.1 Saccade controller

The stagedlearning of the saccadecontroller was evalu-
ated by inspecting the collected learning examples,and
by measuringthe performanceof the resulting controller
at each stage.The averagepostsaccadictarget distance
of all learning examplesdecreasedfrom 0.38 in the ¯rst
stage to 0.0 in the seventh stage. In the ¯nal stage, all
training saccadesend at a target (Fig. 10, left column,
bottom row). Thesesaccadeswere `perfect' in the sense
that the precision limit of the image processingdid not
allow a better performance (the center of mass of the
target object was at the center pixel of both the left
and right salienceimage). The number of random move-
ments neededto ¯nd one learning example ful¯lling the
quality criterion increasedfrom 4.2 at the ¯rst stage to
19.1at the seventh stage.Altogether, to obtain oneper-
fect saccade,about 60 random movements were needed
during the history of staged learning. In comparison, if
searching from scratch, around 60,000random movesare
required to ¯nd a perfect learning example.



8 Heiko Ho®mann et al.

Fig. 10 In the left column, the pan-tilt coordinates of the
motor output of all collected learning examples are shown
(pan horizontally , tilt vertically). From stage one to seven,
the qualit y of the learning examples improved considerably.
In the right column, the overall postsaccadictarget distance
(y-axis) is plotted against the overall presaccadictarget dis-
tance (x-axis) for 200 controller movements. A quadratic
function (black curve) was ¯tted to this relationship and was
used as the qualit y criterion in the next stage of training.
(Remark: Overall target distance is computed as average of
left and right target distance.)

The controller performance was tested on 200 ¯xa-
tion trials. Each ¯xation trial started from a random
camera position with a randomly selected target ob-
ject. After a seriesof saccades,a ¯xation trial was only
counted as successfulif fewer than 20 saccadeswere
needed.The controller of the ¯rst stage was successful
in 36%of the trials. Moreover, on average,11.2saccades
wereneededfor ¯xation in a successfultrial. In contrast,
the controller of the seventh stagewassuccessfulin 99%
of the trials, with an averagenumber of 3.49 saccades.
The reduction of the postsaccadicdistance to the target
over the stagesof training is shown in the right column
of Fig. 10. On average,this distancewas0.48at the ¯rst
stage,and it decreasedto 0.06 after a single saccadeat

the seventh stage(for more detailed results seeSchenck
and MÄoller (2004)).

5.2 Arm controller

The arm controller was evaluated on 495 test patterns
(section 4.1). A decision whether a grasp was success-
ful was made using a one-to-onecomputer model of the
gripper and the brick (Fig. 11), whosecoordinates and
orientation were given in the test set. The position and
orientation of the gripper were computed from the joint
angles using the arm kinematics. Table 1 displays the
result for the mean position error, the mean orientation
error, and the successrate for grasping.The position er-
ror is the distance between the center of the brick and
the center of the two gripper tips.

Brick

Gripper
tip

Gripper
tip

1 cm

Fig. 11 Model to determine if a grasp was successful.With
zero orientation error the position tolerance is § 16 mm, and
with zero position error the orientation tolerance is § 41± .

Table 1 Grasping performance

variant position err. orient. err. success
(mm) (degrees) (%)

retinal pathway 7.4 3.9 95
gazepathway 9.3 3.8 94

no tuning curve 20.8 3.6 51
using look-up 15.6 4.9 79
using MLP 241 54 0

The performance is given for the arm controller using the
retinal and gazepathway (¯rst and secondrow). The follow-
ing rows show the result of the modi¯cations for the gaze
pathway: one model omits tuning curves (third row); one
model usesa look-up table (fourth row), and one model uses
a multi-la yer perceptron (MLP) as network (last row). All
error values are averagesover 495 trials.

The arm controller could learn the transformation for
both retinal and gazepathway (successrates: 95% and
94%, respectively). The coding of proprioception with
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tuning curves (section 4.3) was necessaryto achieve a
good performance(successrate: 94%comparedto 51%).
In addition, our associativememory did better than a ta-
ble look up model (successrate: 94% comparedto 79%)
which chose out of all training patterns the one that
was closestto a given input (Euclidean distance). Thus,
the network generalizedwell. The result was also com-
pared to a variant replacing the associative memory by a
feed-forward network. Here,a multi-la yer perceptronwas
used,with oneinput layer (16 neurons),onehidden layer
(20 neurons), and one output layer (48 neurons), com-
prising the activation functions identit y, sigmoid, and
identit y, respectively. As expected, the feed-forward net-
work could not learn the one-to-many mapping (success
rate: 0%).

5.3 Combined model

To test the combined model in the real world, 100 tri-
als were carried out. In each trial, a red brick (as in the
training for the arm controller) was placed (by hand)
on the table within the rectangle enclosingthe training
positions. The brick was then ¯xated, and the arm at-
tempted to grasp it (via the gazepathway). The same
trained arm controller was used,as before.

In all of these trials, ¯xation with the saccadecon-
troller wassuccessful.The meannumber of saccadeswas
2.15. In 54 trials, the brick was ¯xated with only one
saccade.In 94 trials, the brick was grasped without col-
liding with any of the two gripper ¯ngers. In four trials,
the brick slightly collided with one of the ¯ngers (this
would be counted as an error in the simulation), but it
still could be picked up; in the remaining two trials this
wasnot possible.Figure 12shows the distribution of suc-
cessfultrials (those with no collision) and errors on the
table.

Fig. 12 Grasping performance of the combined model. Suc-
cessful trials are drawn in gray, error trials in black

6 Discussion

Our robot model demonstratedthe abilit y to ¯xate a tar-
get object with the cameras,to reach for the object and
to grasp it with the robot gripper. The model could pro-
cessthe target's position via two pathways: the retinal
pathway and the gazepathway. In the retinal pathway,
the object's position is given as a coarse-grainedimage
of the object. This image together with information on
the object's orientation is mapped onto an arm posture
that is suitable for grasping. In the gazepathway, ¯rst, a
saccadecontroller ¯xates the target. After ¯xation, the
direction of the camerastogether with the target's ori-
entation (as above) are mapped onto an arm posture for
grasping.

6.1 Solution to learning problems

We solved two learning problems of general interest:
learning without a teacher signal and learning with am-
biguous goal values. For saccadelearning, to cope with
the missing teacher signal in motor space,a learning by
averagingprocedurewassuggested,which wascombined
with a staged learning mechanism. The missing teacher
signal is replacedby selectingtraining samplesbasedon
the quality of their sensory e®ect.Such a selection in
itself would require a prohibitiv e search in motor space.
In combination with stagedlearning, however, the search
is more e®ective. Stage learning reduced the number of
trials neededto acquire a perfect learning examplefrom
60000 to 60.

In both pathways, the mapping onto the arm posture
is one-to-many. Sincesuch a mapping cannot be learned
by feed-forward networks, we suggested,as a solution,
a new associative memory. This memory is basedon a
density model of the distribution of sensorimotor pat-
terns. Herein, we did not distinguish between sensory
and motor variables. Both are part of the components
of a training sample.The density model is a mixture of
Gaussians,which can be visualized asa mixture of ellip-
soids.A new recall mechanism completespatterns based
on this mixture model. From the mixture of ellipsoids,
the ellipsoid is chosenthat best completesa pattern us-
ing a linear mapping. Di®erent ellipsoids can represent
di®erent possiblesolutions. Thus, by choosing one ellip-
soid, the model copeswith ambiguous goal values.

The grasping performance via the retinal pathway
was slightly better than for the gazepathway. However,
the saccadecontroller performed accurately, and we also
do not expect any di®erencein the performanceof the
associative mapping for the di®erent pathways. Instead,
the reasonfor the higher position error in the retinal case
is probably explained by the reduced image resolution
(55£ 55 pixels) usedfor the saccadecontroller. Thus, the
target's position is lessaccurately processed.
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6.2 Saccade controller compared to literature

In the literature, alternativ e solutions exist for controller
learning without a teacher signal. These solutions are
called `direct inverse modeling' (Kup erstein, 1988),
`feedback-error learning' (Kawato et al., 1987; Kawato,
1990),and `distal supervisedlearning' (Jordan and Rumel-
hart, 1992).

In direct inversemodeling, the sensoryconsequences
of motor commands are ¯rst observed. The resulting
pairs of sensoryand motor commandsare then used to
train the controller by choosing the sensoryvaluesas in-
put (desired goal) and the motor valuesas output. The
disadvantageof this typeof learning is that it is not goal-
directed, which meansthat the random search in motor
spaceignores the goal. Thus, task relevant sensoryval-
ues may be underrepresented (Jordan and Rumelhart,
1992).

In feedback-error learning, a linear mapping (feed-
back gain) of the sensoryerror onto the motor commands
can be usedto train a non-linear controller. This scheme
has been shown to converge to the desired tra jectory
of motion, but the limitations are that the sign of the
feedback gain needsto be known beforehand,and that
the initial controller needsto be su±ciently closeto the
desiredsolution.

In distal supervised learning, a forward model is
learnedbeforehand.Afterwards, the controller is trained
by propagating the error signalback through the forward
model. Since the forward model is learned by sampling
in the spaceof motor commands,as in the caseof direct
inversemodeling, the learning is again not goal-directed.
In contrast, staged learning by averaging leads to an
accumulation of goal-relevant training samples,because
this learning scheme,¯rst, tightens a threshold function
around the desiredgoal,and second,producesnewtrain-
ing samplesnext to goal-relevant samples.

6.3 Arm controller compared to literature

The arm controller could cope with ambiguous goal val-
ues, that is, one-to-many mappings. We are aware of
two alternativ e models with this property which are us-
able for robotics: the `mean of multiple computations
(MMC)' network (Cruse and SteinkÄuhler, 1993; Stein-
kÄuhler and Cruse, 1998) and the `parametrized self-
organizing map (PSOM)' (Ritter, 1993; Walter et al.,
2000).

The MMC network is a recurrent neural network.
The weights are given a priori and incorporate the dy-
namicsof the plant (a robot arm, for example).This net-
work can complete patterns by constraining somestate
valuesand by letting the network relax to a stable state.
However, learning is not considered;the weights have to
be speci¯ed beforehand.

The PSOM ¯ts a manifold, given as a sum of basis
functions, to the distribution of training patterns. Pat-
terns are completed by intersecting a constrained sub-
space, as in our model, with this manifold. However,
PSOM has a disadvantage becauseit assumesthat the
patterns lie on a manifold which is connectedand su±-
ciently smooth. In contrast, our model is usable for ar-
bitrary distributions.

6.4 Reaching and grasping in robotics

There exist several studiesthat present alternativ e robot
models for reaching and grasping. However, we think
there are crucial di®erencesto our work. Alternativ e
modelsdi®er in at least oneof the following three points:
¯rst, in many studies, the target's position or its orien-
tation in space is given in world coordinates (Cipolla
and Hollinghurst, 1997; Molina-Vilaplana et al., 2004;
Salganico®et al., 1996; Fuentes and Nelson, 1998; Oz-
top et al., 2004). We avoided these kind of representa-
tion becauseit is not be accessibleto an animal either.
Second, there are di®erencesin the complexity of the
task of our model comparedto others sinceoften reach-
ing and grasping are not combined (Ritter et al., 1989;
Walter et al., 2000; Molina-Vilaplana et al., 2004; Uno
et al., 1995;Fuentes and Nelson,1998).Only combining
reaching and graspingrequiresknowledgeon the target's
position and orientation. Third, someexisting studiesei-
ther do not deal or cannot deal with the one-to-many-
mapping problem. On the onehand, arm controllers that
produce incremental changesonly deal with one-to-one
mappings(Distante et al., 2000;Molina-Vilaplana et al.,
2004). On the other hand, feed-forward networks, like
Kuperstein's neural controller, cannot map from one to
many as a matter of principle (Kup erstein, 1988,1990).

6.5 Relation to human physiology

In the remainder of the discussion, we show how our
model relates to human physiology. The input-output
°ow of the saccadecontroller is related to the human
oculomotor system in three ways. First, the position
of the ¯xation target is provided in retinal coordinates
(salience-imagecoordinates in our model). For example,
the striate cortex and the dorsal layers of the superior
colliculus hold similar information about the location of
visual stimuli in form of retinotopic maps (Leigh and
Zee,1999).

Second,the motor output is encoded in absolute co-
ordinates. This encoding might also hold for the human
saccadecontrol. An incremental update of the eyes' po-
sition would often lead to rotations that violate Listing's
law (Sparksand Mays, 1990).Accordingly, Crawford and
Guitton (1997) showed that a neural implementation of
Listing's law requiresabsolutecoordinates (seealsoKlier
and Crawford (1998)).
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Third, for the generationof motor output in absolute
coordinates, the target position in retinal coordinates is
not su±cient. Additionally , the current eye position is
necessary, either provided by an e®erencecopy or pro-
prioception. In our model, this information is the kines-
thetic input to the saccadecontroller.

Reaching and grasping were achieved by associating
¯nal arm postures,rather than by planning tra jectories.
This is consistent with the ¯nding that in the monkey,
the stimulation of certain motor cortex neuronsleadsto
hand locations independent of the initial arm posture
(Graziano et al., 2002). A further study speaks for an
association of an object's image with a suitable grasp-
ing posture. Rizzolatti and Fadiga (1998) discovered so-
called `canonical neurons' in the premotor-cortex area
F5 in monkeys.Theseneurons¯re both when an object
is presented only visually and when the sameobject is
grasped by the monkey.

The raw image data is a thin distribution in a high-
dimensional space.Therefore, we neededto preprocess
the images.The position of an object was extracted by
simply blurring the image.Analogue to preprocessingin
the brain, blurring is parallel, and neighboring neurons
(pixels in the resulting image) respond similar to a given
stimulus (Blasdel and Salama,1986).The orientation of
the target object was extracted by applying four di®er-
ent compass¯lters. These ¯lters extract edges,and act
therefore like the simple cells in the primary visual cor-
tex (Hubel and Wiesel, 1962).

For the associative mapping, the joints anglesof our
robot arm werepopulation coded: four neuronsencoded
the value of each angle.Population codesare widespread
in nature. Tuning curves can be observed, for example,
in the monkey for the direction of a moving stimulus
(Treue and Trujillo, 1999) and in the cricket for the air-
°ow direction (Miller et al., 1991). Interestingly, in our
model, the intro duction of tuning curves improved the
performance.In biological nervous systems,the purpose
of population codes might be to reduce noise (Latham
et al., 2003).

Our future work will aim at extending the grasping
to manipulation tasks.
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A The recall mechanism

The goal of the recall is to complete a pattern p whose
components areonly partially given (Ho®mannand MÄol-

ler, 2003).The resulting pattern z sharesthe components
of p that are de¯ned as input.

After learning, the data distribution is represented by
a collection of hyper-ellipsoidswith centers ck , direction
vectorsw k i (principal axes),half-axeslengths

p
¸ k i , and

a residual variance ¾2
k (in the spaceorthogonal to the

spanof the principal axes).The w k i are the eigenvectors
of a local principal components analysis, and the ¸ k i

are the corresponding eigenvalues. The hyper-ellipsoids
are iso-potential surfacesof the normalized Mahalanobis
distance plus reconstruction error (Hinton et al., 1997),

dk (z) = y T
k ¤ ¡ 1

k y k + (»T
k »k ¡ y T

k y k )=¾2
k

+ ln det ¤ k + (n ¡ m) ln ¾2
k : (1)

The dimensionality of the pattern spaceis n, and m is
the number of principal components. »k is the distance
to the center, »k = z ¡ ck . Its representation in the local
coordinate system of the ellipsoid is y k = W T

k »k . The
eigenvectorsw k i are the columnsof W k . ¤ k is a diagonal
matrix containing the eigenvalues¸ k i .

An input to the network de¯nes the o®setof a con-
strained spacez(´ ) spanning the spaceof all possible
output values:

z(´ ) = M ´ + p : (2)

´ is a collection of q free parameters(q being the dimen-
sion of the network output) in the subspace.M is a n£ q
matrix which is chosensuch that the constrained space
is in line with the coordinate axes.p is the o®setfrom
zero, which contains the input in its components.

The recall of the complete pattern happens in two
steps.First, for each ellipsoid k, determine the point ẑk

on the constrained subspacewith smallest distance (1)
to the center ck . Second,choosethe unit k¤ resulting in
the smallest distance dk ¤ (ẑk ¤ ). The corresponding ẑk ¤

yields the desiredoutput values.
The distance dk as a function of the free parameters

´ can be written as:

dk (z(´ )) = (M ´ + ¼k )T

¢ ( W k ¤ ¡ 1
k W T

k + f I ¡ W k W T
k g=¾2

k )

¢ (M ´ + ¼k )

+ ln det ¤ k + (n ¡ m) ln ¾2
k ; (3)

with ¼k = p ¡ ck . We derive with respect to ´ :

@dk =@́ = 2M T D k M ´ + 2M T D k ¼k (4)

with

D k = W k ¤ ¡ 1
k W T

k + f I ¡ W k W T
k g=¾2

k : (5)

Setting the derivative equal to zero yields,

^́k = ¡ (M T D k M )¡ 1M T D k (p ¡ ck ) : (6)

The function d is convex. Therefore, ^́k is closestto the
center. Thus, ẑk = M ^́k + p. For each input, the pre-
sented algorithm givesa unique output, which is asclose
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aspossibleto the mixture of ellipsoids. In contrast, a re-
call mechanism using gradient descent alonga constraint
in a potential ¯eld may end in a local minimum that is
distant to all training data points.
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