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Abstract

A computational model of sensorimotor transforma-
tions underlying eye-hand coordination in reaching
and grasping is preserted and tested in a robot-arm
setup. We suggest solutions for both the problem
of the missing teacher signal and for the problem of
one-to-many mappings encourtered when learning
inverse models and controllers.

Intro duction

Moving the eyes sud that the image of an object
appearsin both foveae, extending the arm towards
the foveated object, and "nally graspingit with the
appropriate hand shape and orientation requires a
complex transformation from the sensory (vision,
proprioception) to the motor domain (muscles of
eye, arm, and hand). The questions which neural
mecdanismsare underlying such sensorimotortrans-
formations and in which brain structures they are
implemenrted are intensively studied in neurophys-
iological experiments. There is abundarnt evidence
for a strong participation of parietal cortical areasin
this task, which seemto beinvolvedin spatial atten-
tion processesand object shape recognition (Gott-
lieb, 2002), in the transformation from retinal to
hand-certered coordinates (Buneo et al., 2002), and
generally in the integration of eye and arm move-
ments (Carey, 2000). Here we presert a computa-
tional model that addressesthe question how the
sensorimotortransformations for eye-handcoordina-
tion in reaching and grasping can be learned. Sen-
sorimotor transformations are a special caseof the
more general notion of \internal models" (Sabes,
2000), computational functions of the brain that es-
tablish relations betweensensorysignalsof di®erert
modalities and between sensoryand motor signals.
Internal models are \trained" by collecting exam-
ples of suc relationships, for example by observing
the e®ectsthat self-generatedactions have on the
sensoryinputs. Arti cial neural networks are often
usedasan abstract computational description of the
capability of internal modelsto learn generalizedre-
lationships from examples(Jordan and Rumelhart,
1992).

Internal modelsthat integrate sensoryand motor
information are classi ed as \in versemodels" (with

the special caseof \feedforward cortrollers") which
provide the motor commands required to achieve
somesensorygoal, and \forw ard models" which pre-
dict the sensory consequencef movemerts (Jor-
dan and Rumelhart, 1992; Sabes, 2000). Here we
focus on learning of inversemodels and cortrollers,
i.e. sensorimotor transformations from the current
sensory state and a given goal to the motor com-
mand required to accomplishthe goal (in the spe-
cial caseof a cortroller, the goal is speci ed implic-
itly). The training of inversemodels and cortrollers
is burdened with two problems. Firstly, without
an external teacher, the motor signal required to
achieve a goal in a given situation is unknown, so
that the training examplescan only be collected by
some kind of directed seard in the sensorimotor
space. Secondly sensorimotor relationships usually
are \one-to-many mappings": for the samecurrent
state, di®erert motor commandscan be appropriate
to achieve the samegoal, an examplebeing a manip-
ulator with redundant degreesof freedom. Solutions
for both problems are presened in this paper.

Overall system architecture

Figure 1 shaws the overall architecture of the learn-
ing system. It comprisestwo internal models en-
coding the sensorimotorrelationships of a 6-degree-
of-freedomrobot arm with two- nger gripper and a
2-degree-of-freedompan-tilt unit with stereo cam-
era system (‘gure 6). The task of the systemis to
foveate and grasp objects lying on a table. Sincethe
objects have an elongatedblock shape, they canonly
be grasped in certain gripper orientations. Input to
the learning system are two imagesfrom the stereo
camera system (top left) and proprioceptive infor-
mation describingthe current gazeanglesof the pan-
tilt unit in combination with a software vergencean-
gle. As output, the systemgeneratesangular changes
for pan, tilt, and vergence,as well as a joint angle
vector describingthe arm posture (including gripper
orientation). The internal model hastwo parts. The
“rst part is a foveation controller. According to a
goal category, it selectsa saliert object for foveation
and producesthe appropriate eye movemert. The
secondpart, the eye-arm model, receivesthe image
of the foveated object and the corresponding pro-
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Figure 2: Architecture of the foveation cortroller.
Figure 1: Overall systemarchitecture.

prioceptive signalsfrom the vision system, and pro-
ducesa sequenceof two arm and gripper posturesto
grasp the object.

The goal category (presertly a color information)
is usedas a simple meansto model task-speci ¢ gat-
ing signalsfor feature selectivity which are supposed
to in°uence neural activity in the parietal cortex
(Gottlieb, 2002). Following neurophysiological ev-
idencethat saccadesare precedingand guiding arm
movemerns, and that limb movemerts, at leastin the
early processingstages,are describedin eye-cenered
coordinates (Carey, 2000), the input to the eye-arm
model is the result of the saccadesequenceayenerated
in the loop of the foveation cortroller. This alsoen-
tails a stagedtraining procedurewherethe foveation
cortroller is trained beforethe eye-arm model.

Readiing and graspingare not treated as separate
processesn our cortroller, taking into accoun re-
cert results that indicate a closerrelation between
the two phasesand thus contradict the older hypoth-
esisof separated\visuomotor channels" (Jeannerad,
1999). The eye-arm model includes a simple meda-
nism of shape pre-processingwhich is in accordance
with the fact that neuronsin someparts of the pari-
etal cortex are sensitive to two- or three-dimensional
shape parameters (Gottlieb, 2002).

Foveation controller

The goal of foveation is to xate a chosen target
within two saccades(on average), a performance
similar to that of humans (Deubel et al., 1996). The
core of the foveation controller is implemented as a
feedforward neural network. It receivestwo inputs:
Kinesthetic information about the current pan, tilt,

and vergenceposition, and the coordinates of the
selectedfoveation target in the left and right input
image (see gure 2). Theseinput imagesare regions
in the left and right cameraimage which are chosen
according to the current vergenceposition (the re-
sulting input imagesare shown in the left columnin
“gure 3). In this way, vergencemovemerts are sim-
ulated in software, while pan and tilt movemerts are
carried out through the hardware. When foveation



region surrounding the target object (bold arrow be-
tween upper left and right salienceimage in "gure

3). After a saccadethe foveatedtarget hasto bere-
identi ed in the images. For this purpose,the same
correlation approad is applied. There is evidence
that humans recover visual stability after a saccade
alsothrough re-iderti cation of the foveation target

(Deubel et al., 1996).

By this method, the coordinates of the target ob-
ject in the left and right input image are computed
asinput for the foveation cortroller. Sincethe height
valuesare nearly the samefor the left and right "eye"
due to the geometry of the setup, these values are
combined in only one input parameter. Thus, to-
gether with the three kinesthetic input parameters,
there are six input valuesto the foveation cortroller.
The output of the foveation cortroller comprisesa
changevalue for ead of the three motor parameters
pan, tilt, and vergence(see gure 2).

Sincethe cortroller isimplemented by an adaptive
multi-la yer perceptron, oneof the mostimportant is-
suesconcernsnetwork training and the collection of
good learning samples. The systemhasno meansto
determine the optimum motor output for comput-
ing error signals so that straightforward supervised
learning is not applicable. Thus, instead of build-
ing up a set of perfect learning samples,the system
starts with random movemerts and includes every
movemern in the training set as long as it fullls
a minimum quality criterion, namely, a shift of the
target position towards the certer in both the left
and right input image. In doing so, optimum ver-
genceis determined for each movemert sinceit can
be computed easily from the cameraimages. The
solution o®eredhere for the above-merioned (rst)
problem of the missing teacher signal exploits the
averaging property of feedforward neural networks.
While the training setwill rarely include perfect ex-
amplesfor saccadesit will include someexamplesin
which the saccadeundershaots, and other examples
in which it overshoots the fovea. Sincea feedforward
neural network is forced to averagesud examplesif
the input information is similar, it will produce a
close-to-optimal saccade. At the momen, training
is restricted to target objects on a table surface(see
“gure 6 for a picture of the robot-arm setup).

The foveation corntroller used for the combined
grasping system preseried in this paper is a multi-
layer perceptron with one hidden layer of 30 units.
In around 350.000random movemerts, a training
set of 40.000sampleswas collected. 12.000epochs
of training were carried out using resilient propa-
gation (Riedmiller and Braun, 1993) which shows
a much better performance than standard back-
propagation.

Eye-arm model

The eye-arm model is implemented as an abstract
recurrent neural network (RNN). Unlike feedfor-

ward neural networks | which are \function ap-
proximators" and thus only can learn one-to-oneor

many-to-one, but not one-to-mary mappings (Jor-

dan and Rumelhart, 1992)|, recurrent neural net-

works are pattern storageswhich can encade arbi-

trary data manifolds and thus also reproduce one-
to-many mappings (Cruse, 2003). In our setup, an
elongated block-shaped object (a 74 mm long red
brick, see gure 4) can at least be grasped in two
gripper orientations; in addition, eventhough our 6-
degree-of-freedommanipulator is not \redundant"

with respect to end-e®ectorposition and orienta-

tion, multiple (up to 8) discrete postures bring the

end-e®ectorinto the sameposition and orientation.

We shaw that the RNN can actually solwe this (sec-
ond) problem of learning one-to-mary mappings in

inverse models. Similar approaces were suggested
by Steinkéhler and Cruse (1998) and Walter (1998).
However, these studiesrely on knowledgeabout the

structure of the training data, while we aim for a
generalunsupervised learning method.

We assumethat recurrent networks could be em-
ployed in the parietal cortex to bi-directionally as-
scciate visual and motor information; neurons that
respond to both manipulation of an object in the
dark and to the "xation of the sameobject can be
interpreted aspositive evidence(Sakata et al., 1995).

The abstract RNN is implemented by a combina-
tion of a density model, describing the structure of
the training data, and a recall medanism working
solely on the density model.

A Gaussian mixture model (a sum of Gaussian
functions) is usedto approximate the density distri-
bution of the training pattern vectors. For tting
the Gaussian functions, we rst set their certers
using the vector quantization method Neural Gas
(Martinetz et al., 1993). Then, we used the algo-
rithm \mixture of probabilistic principal componert
analyzers" (PPCA) (Tipping and Bishop, 1999) to
adjust the shape of the Gaussiansto the local dis-
tribution of the data. Here, we used a mixture of
160 Gaussians(modules). The PPCA determines3
eigervectors for ead module.

The resulting Gaussianscan be regarded as a set
of hyper-ellipses(with axis directions = eigervectors
and squaredaxis lengths = eigervaluesas calculated
by the local PPCA) in the sensorimotor spacethat
\enclose" all training examplesand thus represen
the manifold of the sensorimotor relationship in a
generalizedway.

Recall starts by de ning a hyper-plane spanning
over all output dimensionswith an o®setin the input
dimensionsset to the input values. In this hyper-
plane a point is chosenwhich hasthe smallest nor-
malized Mahalanobisdistancesto an ellipsoid certer.
This point is thought to be closestto the described
data manifold. Its position in the output dimensions
de nesthe output uniquely. Figure 5 illustrates this
process, equations can be found in Ho®mann and



MAller (2003).

Here, the abstract RNN is only usedin one di-
rection of recall (as \in verse model”): image and
proprioceptive signals are \clamp ed" to the values
coming from the eyes, while the arm motor signals
are \free", sothat our \network” can nd the ap-
propriate motor commandsfor the given input.

Training data are collectedwith a combination of
random exploration and guided movemert. The goal
is to collect images of the unobstructed brick to-
gether with corresponding arm posturesallowing to
grasp the brick. A training cycle starts with ran-
domly choosing a position on the table, and an ori-
entation of the gripper (between0* and 360°). In the
grasping position the gripper is always facing down-
ward. Given position and orientation of the gripper,
the corresponding arm anglesare obtained asthe so-
lution of the inverse kinematics (this is the guided
movemert). Sincethere exist up to 8 solutions, one
solution is selectedat random. For ead gripper po-
sition on the table, a secondone6 cm aboveis chosen
as\pre-grasping" posture. A training sequencecon-
sists of moving from a home-position (allowing un-
obstructed view onto the table) to the pre-grasping
position, from there to the grasping position, releas-
ing the brick (initially placedin the gripper), mov-
ing badc to the pre-graspingposition, from there to
the home-position, and then recording the left cam-
era image of the brick (to do sothe camerawas al-
ways facing in the samedirection). The sequence
is repeated to pick up the brick again, and to get
bad into the initial state. Every movemert from
one position to another is performed by linearly and
simultaneously changing all joint angles. Sequences
that would result in a collision are skipped. Apart
from the image, the joint anglesof the pre-grasping
and grasping position (12 anglesin total) are stored.
Furthermore, the pan and tilt angle required for
foveating the brick are computed and stored. To
save time in collecting data, for ead brick position
and orientation, a secondsolution (di®erert from the
‘rst) of the inversekinematics is chosen(again ran-
domly) without executingit with the robot (sinceit
is not necessaryto replacethe brick), and stored as
a training pattern. Thus, the data clearly forms a
one-to-mary mapping. Totally, 4069 patterns were
recorded.

Joint angles, pan-tilt values, and image are pre-
processed,and the result is stored in a single 60-
dimensional pattern vector. Each of the 12 an-
gles, pan, and tilt were coded topologically by four
Gaussianneurons,which have receptor elds equally
spacedin the value range of the variable.

Shape information is extracted from the left cam-
eraimage (see gure 4). A red Tter and a binomial
“Tter are applied. Edgesin four di®erert orienta-
tions are extracted by a set of compass lters. Ac-
tive edgepixels are selectedby a thesholding oper-
ation. A summation over these pixels gives a value

Foveated image from the left camera

Figure 4: Preprocessingof foveatedimageto extract
shape information.
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Figure 5: Recall in the abstract recurrent neural
network. Ellipses describe points having the same
normalized Mahalanobis distanceto their respective
certers.

for the orientation. The variance in ead dimension
was normalized to 1.

In connectionwith the foveation cortroller, the in-
put is gained from left/righ t eye proprioception and
from the foveated image after successfulfoveation.
The proprioceptive input (pan and tilt) and the im-
age are preprocessedin the sameway as described
above. The output of the network are the topologi-
cally codedjoint-angles. Theseare transformed badk
analytically by "tting a Gaussian function to the
neurons'output, and we obtain 6 anglesfor the pre-
grasping and 6 anglesfor the grasping posture. The
brick is grasped by moving from the home-position
to the pre-grasping, and from there to the grasping
position in the sameway as described for training.

Results

Before being combined, the foveation controller and
the eye-arm model were tested separately

The foveation cortroller wastested usingthe same
setup as in training. More than 30 objects were
distributed over the table surface (800£ 800 mm).
Starting from a random position with a randomly
selectedtarget object, is was determined how many
saccadeswere neededuntil the certer of the target



Figure 6: Grasping the brick: after foveation (left
image), after moving to grasping posture (right im-
age).

object was located in both input imageswithin the
certer. If this certer was de ned as a 1%-region of
the overall image, 99 from 100trials succeeded2.05
saccadeswere performed in average (SD: 1.42). A
certer region de ned as 0.25% of the overall image
results in a considerably worse performance: 69 of
100 trials succeededthe averagenumber of needed
saccadesvas 3.61 (SD: 2.19).

The eye-arm model was tested with the help of a
test pattern ‘Te which was generatedthe sameway
as the training pattern Te. It contained 200 pat-
terns. The meanabsolute position error for grasping
was (3.5, 4.2) mm on the table and 1.6 mm vertical.
For comparison, the grasping positions cover a rect-
angle 250£ 400 mm. The meanabsolute orientation
error was 2:9*. This performanceis better then the
onegainedby usingthe wholetraining pattern setas
alook-up table. In that case,the horizontal position
error was (6.5, 7.5) mm, and the orientation error
3:7*. In addition, grasping performance was ana-
lyzed with a geometric model of brick and arm. In
92.5%of all tests, the brick could be grasped. This
demonstratesthe successfulpplication of recurrent
neural networks to solve the one-to-mary mapping
problem.

The combined model wastested by 10 times plac-
ing the red brick at arbitrary positions and with
arbitrary orientations on the table, within an ac-
cessibleregion. Figure 6 illustrates one trial. In

nine out of the 10 trails foveation was successful.

On average, 2.9 saccadeswvere neededto match the
foveation criterion (here 0.25%, since precise pro-
prioceptive information was neededas input of the
eye-arm model). In 6 trials the brick was grasped
successfully

Discussion

We presernied a computational model which exhibits
some of the visuomotor competencesattributed to

the parietal cortex. We suggestsolutions for two
problems encountered when learning inverse mod-
els and cortrollers. As solution for the rst prob-
lem | the lack of a teacher signal| we suggestto
exploit the averaging property of feedforward neu-
ral networks and demonstrate the principle for the
example of a foveation cortroller. As solution of
the secondproblem, we preseried a generallearning
method for one-to-mary mappings, here shown for
a grasping task.

The foveation approad is based on the idea of
generalizing over an easily available set of imper-
fect samples. Compared to other approades from
the "eld of inverse model acquisition, this proce-
dure seemsto be better suited for cortroller train-
ing. For example, Jordan and Rumelhart (1992)
propose\distal supervisedlearning" and \direct in-
verse modeling". Both approades su®erfrom the
fact that the whole sensorimotor parameter space
has to be sampled intensively to 'nd some exam-
plesrelated to the cortroller task. In our approad,
all sampleswhich ful'll a minimum quality crite-
rion canbeincluded in the training setand usedfor
training. \Feedba& error learning" (Bruske et al.,
1997; Kawato, 1999) does not o®era general solu-
tion for cortroller training either, becauset relieson
the existenceof a suitable feedba& cortroller. For
foveation movemerts, such a cortroller can easily be
speci ed, but for more complex movemerts, this is
dizcult and biologically implausible. The work of
Kuperstein (1991) is also restricted: Learning sam-
pleswere collected by directly producing the desired
sensory e®ect. For foveation movemerts, such an
approad is not applicable.

On the other hand, the generalization approach
used for learning pan and tilt movemerts relies on
someprerequisites. First, the larger the dimension-
ality of the sensorimotor space, the more ditcult
is the acquisition of a suxcient number of learn-
ing samples. This restriction holds for most of the
aforemertioned approaces as well. Second,it has
to be guaranteed that averaging over data points in
output space actually producesthe optimum out-
put. This is only the casewhen learning samples
with similar input values are distributed in output
spacein a way that the averageof the output vectors
equalsthe optimum for the task at hand. For the
proposedfoveation cortroller, this is approximately
true. There is only one optimal saccadefor a given
target. Moreover, the mapping between cortroller
input space(including target coordinates) and pan-
tilt change spaceis almost linear. In the set of se-
lectedlearning samplesfor a giveninput, all patterns
are distributed symmetrically in target coordinate
spacearound the image certers. Due to the linear-
ity, thesepatterns are alsoalmost symmetrically dis-
tributed in pan-tilt changespace.The certer of this
distribution is closeto the optimal saccade. Thus,
averaging of output data in the multi-layer percep-



tron will result in optimal performance. However, as
the results with the 0.25% criterion show, the cur-

rent training data do not allow a precise foveation

for the whole table. Becauseof this, the accessible
region for the tests of the combined model was lim-

ited by both the arm geometry and the table area
where precisefoveation is possiblewith the current

cortroller network.

For training of the eye-arm model, the propriocep-
tive information of the eyeswas generated analyti-
cally. Alternativ ely, we could use the pre-trained
foveation cortroller to produce these values. So
far, for training of the eye-arm model, we took all
the brick imagesusing the samecameraorientation.
This could be improved by using the foveation con-
troller, becauseturning the camerasalters the shape
information in the images. Here, the e®ectwas only
small, a maximum deviation of about 10 degreesof
the brick orientation could be obsenedfor the region
of operation of the combined model.

Future work

In the next stepsof this work, we will strive to over-
comethe limitations of the recent implementation.
We will attempt to improve the foveation cortroller
by aniterativ e training procedurewheretraining ex-
amples are generatedby adding noiseto the motor
command produced by the cortroller of the previ-
ous iteration step. So far, the eye-arm cortroller
only usesa single image of an object which is suz-
ciert for the simple block objects usedbut will have
to be extendedto a stereoimage for more complex
object shapes. Similarly, the simple pre-processing
method of the eye-arm model has to be extended.
In the data collection, arm postures are currently
generatedbasedon an (analytical) inversekinematic
model, which will be eliminated.

We seethe inversemodels described in this work
as a stepping stone towards more complex mani-
pulation tasks. Similar to Cruse (2003), our ulti-
mate goal is to demonstrate that cognitive abilities
| speci cally anunderstanding of the shape and the
physical properties of objects | have their origin
in basic sensorimotor capabilities, an approach con-
trasting with the classical \cognitivist” paradigm.
Extensions of this work will therefore also include
\forw ard models" that allow a prediction of sensori-
motor consequencesand thus, an interpretation of a
visual scenewithout overt motor responses.

References

Bruske, J., Hansen, M., Riehn, L., and Sommer, G.
(1997). Biologically inspired calibration-free adap-
tive saccadecortrol of a binocular camera-head.
Biological Cybernetics, 77:433{446.

Buneo, C. A., Jarvis, M. R., Batista, A. P., and
Andersen,R. A. (2002). Direct visuomotor trans-
formations for reaching. Nature, 416:632{636.

Carey, D. P. (2000). Eye-hand coordination: Eye to
hand or hand to eye? Current Biology, 10:R416{
R419.

Cruse, H. (2003). The ewlution of cognition | a
hypothesis. Cognitive Sciene, 27:135{155.

Deubel, H., Schneider, W. X., and Bridgeman, B.
(1996). Postsaccadicarget blanking preverts sac-
cadic suppressionof image displacemen. Vision
Resarch, 36:985{996.

Gottlieb, J. (2002). Parietal mecanisms of target
represertation. Current Opinion in Neurobiology,
12:134{140.

Ho®mann, H. and MAller, R. (2003). Unsuper-
vised learning of a kinematic arm model. In
ICANN/ICONIP 2003,to appear in Lecture Notes
in Computer Scienc. Springer.

Jeanneral, M. (1999). Visuomotor channels: Their
integration in goal-directed prehension. Human
Movement Sciene, 18:201{218.

Jordan, M. I. and Rumelhart, D. E. (1992). Forward
models: Supervisedlearning with a distal teacher.
Cognitive Sciene, 16:307{354.

Kawato, M. (1999). Internal models for motor con-
trol and trajectory planning. Current Opinion in
Neurobiolagy, 9:718{727.

Kuperstein, M. (1991). INFANT neural cortroller
for adaptive sensory-motor coordination. Neural
Networks, 4:131{145.

Martinetz, T. M., Berkovich, S. G., and Sdulten,
K. J. (1993). \Neural-gas" network for vector
guantization and its application to time-seriespre-
diction. IEEE Transactions on Neural Networks,
4(4):558{569.

Riedmiller, M. and Braun, H. (1993). A direct adap-
tive method for faster badkpropagation learning:
The RPROP algorithm. In International Confer-
ena on Neural Networks pages586{591.

Sabes, P. N. (2000). The planning and cortrol of
reaching movemerts. Current Opinion in Neuro-
biology, 10:740{746.

Salata, H., Taira, M., Murata, A., and Mine, S.
(1995). Neural medhanisms of visual guidance of
hand action in the parietal cortex of the monkey.
Cerebral Cortex, 5(5):429{438.

Steinkdhler, U. and Cruse, H. (1998). A holistic
model for an internal represertation to cortrol the
movemen of a manipulator with redundart de-
greesof freedom. Biological Cybernetics, 79:457{
466.

Tipping, M. E. and Bishop, C. M. (1999). Mix-
tures of probabilistic principal componert analyz-
ers. Neural Computation, 11(2):443{482.

Walter, J. A. (1998). PSOM network: Learning with
few examples.In Proc. Int. Conf. on Rolotics and
Automation, pages2054{2059.IEEE.



