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ABSTRACT

255 Shimo-Okubo, Urawa 338-0825, Japan

We investigate the ability of feedback-error-learning (FEL)
algorithm through applying it to training a pan-tilt camera
head for pursuing a moving target. Although the task of pursuit eye movement is re ective and the control has a relatively
large delay, our experiments show that the camera head can
successfully acquire the skill of pursuit eye movement. Our
experimental results also show that the performance of the
learning highly depends on the gain parameter of the feedback controller module. The system sometimes oscillates or
breaks down when we use the optimal feedback controller
(large gain in general), because of over-training-like phenomena. If the gain is too small, the performance is not improved
by learning, though the system is stable. Those results suggest the large possibility of FEL algorithm as well as the
importance of the design of feedback module.
KEYWORDS:
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1. INTRODUCTION
Animals realize both global view and high resolution
by moving their eyes appropriately. Such skills are acquired through lots of gazes to moving targets in the
real world. The aim of this research is to reproduce such
an adaptability of animals on arti cial machines and to
nd a general principle from a view point of computational neuro science.

Such a biomimetic approach to

vision system has attracted much attention recently[1],
especially because of the development of hardware (computers and pan-tilt camera heads), and also because of

of re ective motion which is mainly controlled by feedback controller. Such an extension is considered to be
so-called `horizontal architecture'. There are two types
of extension called the inverse dynamics model learning
and the nonlinear regulator learning. In this paper, we
use the nonlinear regulator learning because it was a little superior to the inverse dynamics model learning in
our preliminary experiments.
We applied the FEL algorithm to the task of pursuing a
moving target (secs. 2 and 3). This task is re ective in
the sense that the optimal orbit can not be determined
a priori, because of the randomness of the target motion. From a hardware restriction of the camera head, a
relatively large delay until the control command is sent
(such a delay also exists in animal vision), and also the
control system includes some nonlinearity.

of our current system does not include redundancy.
Under the above situation, the camera head could successfully acquire the skill of pursuit eye movement by
FEL (sec.4.2), and we also found through the experiments that the performance of FEL highly depends on
the performance of feedback controller module (sec.4.3).
If the gain is too large, feedback controller itself oscillates.

late as the learning is going. On the other hand, if the
gain is too small, the performance is not improved by
learning though the system is stable.

2. FEEDBACK-ERROR-LEARNING
ALGORITHM

of animals[2, 3, 4]. In this paper, we provide some experimental results on the learning of tracking a simple

Katayama and Kawato[5] has proposed the feedbackerror-learning (FEL) algorithm as a model of motor
learning in a cerebellum. They say that the `inverse dynamics' calculates the motor commands from a desired
motion of hands, legs, eyes and so on. At the beginning,
the FEL algorithm was intended to explain the feedforward model that controls a plant along to a pre-planned

And under some value, although the feedback

controller works very well, the system comes to oscil-

the increase of knowledge on the visual nerve systems

moving target by a pan-tilt camera head.

One thing

that makes the task easy is that the freedom of control

In

this

section,

we

summarize

the

feedback-error-

learning (FEL) algorithm. In the framework of FEL, the
system receives a desired orbit of a control target (plant)
and an observed orbit of the plant. One diculty in this
framework than usual learning scheme is that the system
receives only a desired status as a teacher signal, not a
desired output. This is a kind of reinforcement learning
scheme in a wide sense.

orbit, and the validity of the algorithm has shown by the

The system for the FEL consists of two modules: one

task of reaching movement of robot hands. However, the

is a feedforward controller with modi able parameters

algorithm can be considered in more general framework,
and Gomi et al[6] extended the algorithm to the learning

w, and the other is a feedback controller which provides

rough and slow control commands to the target. As a

whole, the system outputs the sum of outputs of the

The pan-tilt camera head is EVI-D30 developed by

both controllers. If the output approximates the desired

SONY, which accepts many kinds of control/inquiry

output well, the learning equation can be composed so

commands from PC through a serial port. We can con-

that the output of the feedback controller is dealt with

trol a speed of the camera and get a current direction

as an error signal in the steepest descent method.

in about 70[msec] cycle. However, the speed control has

Kawato has proved the FEL algorithm is considered as a
Newton method in a wide sense under several conditions.
However, those conditions are not satis ed completely
in our task. For example, the controller has a relatively
large delay, and the desired orbit is incomplete as shown

relatively large delay, which is about 300[msec] at most
until the actual speed becomes the desired one. In the
experiments, we control only pan (horizontal direction),
and the range of the angle is narrower than between

030[deg] and +30[deg].

later.

Image data of the camera is transferred via NTSC and

The block diagram of the nonlinear regulator learning

veloped by Argo Craft. In order to synchronize to the

model, which is proposed by Gomi as an extension of
FEL, is shown in

g.1.

More speci cation about each

controllers used in our experiments are provided in the
next section.
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Figure 1: The block diagram of the nonlinear regulator
learning model

Since it is dicult to obtain

Linux

target motion, we use the following rough approximation
of

image sampling
period: 70[msec]

d (t) without any knowledge

about target motion because of the randomness of the
Draw Target
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x(t)[pixels] is a distance between the target and
k is a pre xed constant.

the center of fovea, and

Feedback controller

Feedback controller with

xed

parameters are designed as the sum of PDA errors

RS-232
Camera Head
SONY EVI-D30

(1)

where  denotes the actual orbit of the camera head, and
d denotes the desired orbit. The derivatives  0 ; 00 ; d0 ; d00
are estimated by smoothed di erence of  and d .
reflesh period:
10〜[msec]

Simple Target

g.1. The number of hidden nodes is

xed to 5.

weighted by gain parameters:

velocity control
position query
command sending period: 70[msec]

fb = Kp (d 0 ) + Kd (d0 0 0 ) + Ka (d00 0  00 ):
Figure 2: System architecture

Total output

The system outputs the sum of the out-

puts of the inverse model and the feedback controller as

3. SYSTEM SPECIFICATION
3.1. Hardware Speci cation

the speed command,

FEL algorithm

The camera head tracks a black spot displayed on CRT.

The learning equation of FEL is given



generate various kinds of target motion by displaying it
g.2. The

tot =  + fb .

by

The black spot is easy to recognize, and it is possible to
on CRT. The system architecture is shown in

(3)

where

w=

fb

@
@

w;

is a learning constant and we took

(4)

4

0

= 10

in

platform of the control is PC(Pentium II 200MHz) on

the experiments. The above equation approximates the

which Linux OS is running.

error signal

tot 0 d by fb .
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4. EXPERIMENTAL RESULTS
4.1. Target motion
We use time variant triangular functions as target mothe amplitude of the target,

Tv and Av .

MSE (running mean)
5
10

tion. Let us introduce the deviation of the period and
The target

changes its period in the uniform distribution between
[T0 (1 0 Tv ); T0 (1 + Tv )], where

T0 is a pre xed constant.

The amplitude is similarly changes with respect to the
uniform distribution [A0 (1

0 Av ); A0 (1 + Av )]. In order

to avoid the discontinuity and to keep the target around
the origin, we connect the variable triangular function
g.3.
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Figure 4: Moving average of MSE for feedback only con-
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Figs. 7 and 8 are the ratio of MSE between feedback-
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only and FEL, where each
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 (minKp0 Rfb (Kp0 ))=R (Kp ), where R (Kp )
is MSE of FEL, and Rfb (Kp ) is MSE given by g.6. If

ratio(Kp )

40

Figure 3: An example of target motion (Tv = 0:5; Av =
0:5)

the value is less than 1.0, the performance of FEL is
inferior to the optimal feedback controller.
If

We tried the following variations: (1) Fast,
(T0 = 2[sec],

gure shows the perfor-

mance in the di erent time intervals. Plotted values are

xed period

Tv = 0), (2) Slow, xed period (T0 = 6[sec],

Tv = 0), and (3) Varying period between fast and slow
(T0 = 4[sec], Tv = 0:5). For each target, we took Av = 0
and Av = 0:5, also experiments were made for di erent
gain parameter Kp (Kd and Ka were xed).

times it is getting worse. One reason is considered to be
that the feedback signal is not an approximation of error
signal at all.
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4.2. Learning Curve

Kp is very small (less than Kp ' 1:0), the FEL takes

a lot of time to be superior to feedback error or some-

back module is shown in

g.4, where the target varies

its period, and MSE (mean square error) is calculated
on the moving window of size 4[sec]. The performance
of FEL for the target with the same parameter is given
in

g.5. The e ect of learning looks apparent in this

g-

ure. However, the performance depends on the value of

Kp as shown in the next section.

MSE (running mean)
5
10

An example of the error curve controlled by only feed-

The performance of feedback controller itself depends on

Kp as shown in g.6, where MSE is calculated over some
time intervals (1500{2500 in g.6). As Kp increases,

0

4.3. Sensitivity to Gain Parameter
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the MSE for most targets decreases drastically, and the
performance suddenly break down at a critical point,
which is about

Kp = 10:0 in the experiments and almost

independent of the target motion.

Figure 5: Moving average of MSE for FEL.(T0 = 4[sec],

Tv = 0:5, Av = 0:5, Kp = 7:0)

Kp , as time is
Kp value

12

On the other hand, in a large range of

going, the breakdown occurs at the smaller
g.6.

Therefore, even if the

2(0:0)

10

than the critical value in

performance of feedback controller is optimal, the FEL
algorithm may cause the breakdown of the system.

MSE ratio
6
8

4(0:0.5)
2(0:0.5)
4(0:0)

As a conclusion, we should choose the feedback controller
which works modestly (but not too modestly) and the
system should stop learning before breakdown by observ-

4

ing some diagnostic value.

0

80

2

6(0:0)
4(0.5:0.5)
6(0:0.5)
4(0.5:0)

2(0:0)
2(0:0.5)
60

2

4(0:0.5)
4(0:0)
4(0.5:0.5)
4(0.5:0)

4

6
Kp

8

MSE
40
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steps 9000{10000.
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Especially the gain dependency of the algorithm is con-
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sidered.
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Figure 6: Gain dependence (MSE of Feedback control

Rfb ). Time steps 1500{2500. The numbers along the
graph indicates T0 (Tv : Av )

There is a trade-o

between the performance

and the stability, which reminds us of the over-training
in statistical learning.
The current research is preliminary work in our research
on biomimetic vision. The system will be extended to
more biomimetic, including not only binocular vision
and more freedom of control, but also the synthesis with
learning in early vision system.
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5. CONCLUSION
We investigated the

performance

of

feedback-error-

learning algorithm through the pursuit tracking task.
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