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This paper considers the effect of input-space partition-
ing on reinforcement learning for control. In many such
learning systems, the input space is partitioned by the sys-
tem designer. However, input-space partitioning could be
learned. Our objective is to compare learned and fixed
input-space partitionings in terms of the overall system
learning speed and proficiency achieved. We present a sys-
tem for unsupervised control-learning in temporal domains
with results for both fixed and learned input-space parti-
tionings. The trailer-backing task is used as an example
problem.

1. The learning system

Many classic control-learning systems, such as Michie
and Chambers’ BOXES [11] and Barto, Sutton, and An-
derson’s ASE/ACE system [2], rely on the partitioning of
a space of continuous input variables into a fixed number
of discrete regions. More recent systems, such as Fuzzy
BOXES [18], have blurred the boundaries between the in-
put regions but nonetheless rely on a partitioning of the in-
put space. To use these systems, researchers have typically
partitioned the space manually, prior to the application of
the learning system. In these cases, the designer must ana-
lyze the problem to discover a suitable partitioning, or face
a trade-off between a fine partitioning that permits accurate
approximation of complex functions or a gross partitioning
that allows for rapid learning.

The Self-Organizing Neural Network with Eligibility
Traces (SONNET) scheme introduced by Hougen [4] is a
general paradigm for the construction of connectionist net-
works that learn to control systems with a temporal com-
ponent. In order to form mappings from input parame-
ters to output responses, the system discretizes the input
space by learning a partitioning of it, and learns an out-
put response for each resulting discrete input region. SON-
NET systems have separate subsystems for learning input

and output. The input subsystem learns input-space parti-
tionings through self-organization and the output subsystem
learns responses through the use of eligibility traces. Both
input and output learning make use of topological ordering
of the neurons and associated neighborhoods, as in Koho-
nen’s Self-Organizing Topological Feature Maps [8].
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Each SONNET subsystem consists of one or more arti-
ficial neural networks. For each network there is a topo-
logical ordering of the neurons that remains constant as the
network learns. Let ( be the dimension of a network. Each
neuron is associated with a ( -tuple that defines its coordi-
nates. Each neuron is assigned an integer tuple of the same
dimensionality as the network that uniquely defines its co-
ordinates in topology space. The existence of a network
topology allows for the definition of a distance function for
the neurons. This is typically defined as the Euclidean dis-
tance between coordinates in topology space. For the sake
of computational efficiency, however, we use the maximum
difference between coordinates of the neurons. E.g. for
neurons (1,1) and (2,3) in a planar network, the distance be-
tween them would be )+*-,�.0/21�3546/278/21�3:9;/ < or 2.

The distance function is used indirectly through the def-
inition of neighborhoods. A neighborhood may have any
width from zero (the neighborhood is restricted to the neu-
ron itself) to the maximum distance between neurons in
topology space (the entire network is in the neighborhood)
and may vary with time, typically starting large and subse-
quently decreasing. Formally, if = is the set of units > in the
network, ? the distance function defined on topology space,
and @ a time dependent function specifying the width of
the neighborhood, then the neighborhood A of neuron B at
time C is defined as
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Input-space partitioning in SONNET systems takes

place through the self-organization principles introduced by
Kohonen [8]. For this, a SONNET system may use a single
network of dimensionality equal to that of the input space
or may use multiple networks of lower dimension, as long
as all dimensions of the input space are covered. (While it
is possible to map a lower-dimensional self-organizing map
onto a higher-dimensional space, the resulting convolutions
will have a negative impact on learning the correct output-
responses. See [10].) In the present application, the input
space is two-dimensional and two separate one-dimensional
input networks of eight neurons each are used.

SONNET systems are trained in a series of “trials.” A
trial is divided into discrete time units, and lasts from an
initial positioning of the controlled system until a success or
failure signal is generated. During a “run” of multiple trials,
the learning system progresses from random performance to
competence.

Each input neuron has a weight vector consisting of one
weight for each dimension of its input network. (In the
present application, this vector has a single entry – i.e. each
weight “vector” is really a scalar.) Typically these weights
are given random values at the start of each run. On each
time step a new input vector �, is given to a network and
its values are compared to the corresponding values of the
weight vectors using an appropriate similarity measure 	
(such as the absolute value of their difference). The neu-
ron 
 that has the weight vector most closely matching the
input is said to be the “winner” or the “selected” neuron.
Formally,
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where �� is a neuron’s weight vector. If more than one neu-
ron satisfies this equation, then one is selected by any ar-
bitrary method. In the present study, the neuron with the
lowest number (topological coordinate) is selected. The
weights of the selected neuron and of all other neurons in
its neighborhood are updated to match the input even more
closely using
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where & is a time-dependent function that determines the
influence of the input vector ( * Q & Q 1 ). In general, &
starts near 1 and decreases with time. In this way, there
is competition amongst all the neurons in a network to be
the neuron selected and cooperation within a neighborhood
as the neurons change their weights towards the same tar-
get. By repeated presentations of data to the network, the
network self-organizes so that closely neighboring neurons
have similar values for their weights (and therefore respond

to similar input) while neurons that, according to the net-
work topology, are far from one another have very different
values for their weights (and therefore respond to very dif-
ferent input).

The selection of neurons from all input networks should
allow for the selection of a single corresponding neuron
from the output network. Further, this correspondence
should be such that adjacent regions of the input space
should result in the selection of output neurons adjacent in
their topology space. For this reason, it is necessary for the
output network to have the same dimensionality as the input
space. In the present application, the one-dimensional topo-
logical coordinates of neurons in the two input networks are
used as indices into a two-dimensional output network. The
combination of all weights from all input networks, then,
can be seen as a partitioning of the input space. This parti-
tioning gives a discretization of the input space and allows
for a single output response to be learned for each of the
resulting discrete input regions.

���,+'��-.� � �%� ��� �
"%� ��� � � " � "%	�� �#$�� �

When a neuron from the output network is selected as
described above in Section 1.2, it produces an output re-
sponse for the SONNET system, based on the value(s) of
its weight(s). These responses are given as control signals
to the system for which control is being learned. Each out-
put neuron has one weight for each dimension of the output
space. These weights, like the weights of input neurons, are
typically given random values at the start of each run. Their
updates, however, use a function known as the eligibility
trace. The concept of the eligibility trace as part of a theory
of brain function was presented by Klopf [7]. As discussed
by Singh and Sutton [16], eligibility traces have since been
used in several reinforcement learning systems.

The use of an eligibility trace allows for response learn-
ing in domains in which system performance is temporally
dependent on network responses and corresponding evalua-
tions (such as terminal success and/or failure signals) are
available. This eliminates the need to have a “teacher”
that knows the correct control signal at each time step and
thereby allows for unsupervised learning to occur.

At the start of a trial, all neurons have an eligibility
value of zero. When an output neuron is selected and re-
sponds (fires) it becomes amenable to change according to
the equation / D��0� I
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where

/
is the eligibility of the neuron for adaptation, and 1

is the initial eligibility value of a neuron that has just fired.
This plasticity reduces with time but provides an opportu-
nity for learning based on feedback received by the neuron
after its activity. At each time step, the eligibility value of



each output neuron decays, regardless of whether that neu-
ron fired on that time step. Eligibility is realized as a trace
according to /
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where
�

is the rate of eligibility decay ( * Q � Q 1 ).
When success or failure occurs, it is likely that more re-

cent control signals are more responsible than earlier con-
trol signals and, due to the eligibility trace, are correspond-
ingly rewarded or punished to a greater extent. When a suc-
cess or failure signal is received by the output network, all
of the weight vectors of all of the output neurons are up-
dated according to
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where �� is the weight vector,

/
is the eligibility for adapta-

tion, 
 is a scaling function that changes with the trial num-
ber � , and  is the feedback signal (+1 for success, -1 for
failure). The scaling function 
 is used to allow for large
changes to the weights in early training trials and smaller
changes in subsequent trials.

As with the input network(s), the output network uses
inter-neural cooperation. After the completion of a trial
each neuron updates its weight(s) a second time, this time
based on the weight values of the other neurons in its neigh-
borhood, according to
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where each �� is a weight vector, A is the neighborhood of
neuron � , ) is the number of neurons in that neighborhood,
and � determines the degree to which a neuron’s value is
“smoothed” with that of its neighbors ( * Q�� Q 1 ). In
general, � starts near one and decreases with time. This
means that each neuron’s value becomes more independent
from those of its neighbors as time passes.

2. Experiments

To investigate the possible trade-offs between learned
and fixed input-space partitioning, we applied systems of
these two types to the same problem. For learned input-
space partitionings we used the SONNET system described
above. For fixed partitionings we used a similar system
known as the Rapid Output Learning Neural Network with
Eligibility Traces (ROLNNET), introduced by Hougen et al
[5]. In this system, the input space is partitioned by the sys-
tem designer and remains fixed throughout response learn-
ing. Otherwise this system functions in the same way as the
SONNET system.

The problem to which both systems were applied was
the trailer-backing problem. For a full description of the
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Figure 1. Fixed partitioning used by the
ROLNNET system in all runs.

version of the trailer-backing problem used, see [5]. In both
the SONNET and the ROLNNET systems, the output net-
work consisted of an 8 x 8 grid of neurons with one weight
each. This output weight was thresholded to give bang-
bang control of the steering wheels. (Bang-bang control
was necessitated by the hardware used previously [5], but
neither SONNET nor ROLNNET is intrinsically linked to
it, as will be shown in future work.)

In the ROLNNET system, the input space was divided
into eight equally sized regions in each dimension, for a
total partitioning of sixty-four regions. Each input region,
then, was set to correspond with a single output neuron such
that nearest neighbors (according to the neighborhood rela-
tion described above) are assigned adjacent regions of the
input space. (See Figure 1.)

In the SONNET system, each of dimensions of the in-
put space (one for the hitch angle between the car and the
trailer and one for the angle between the spine of the trailer
and the goal) was learned independently by a different lin-
ear (one-dimensional) input network of eight neurons. The
topological ordering of the selected neurons from the two
input networks was then used to index into the network
of output neurons. (See Figure 2. Note that, due to the
self-organizing feature of SONNET input partionings, the
topoligical ordering of the neurons may be reversed about
one or both input axes in comparison with those of the fixed
ROLNNET partitioning.)

Four cases that varied in the range of initial car-trailer
positions and in the presentation of new positions to the
learning system were studied. For each case the system was
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Figure 2. Example of partitioning learned by
the SONNET system during a typical run.

trained in a series of runs of 100 trials each.

Case 1: the car-trailer rig was started with the back of the
trailer from four to seven feet from the target, with an
angle to the target between 3 � *�� and $ � *�� , and with
a hitch angle between 3 1���� and $ 1���� . New initial
positions were chosen randomly at the start of each
trial (see below) with a uniform distribution over the
entire range.

Case 2: this is identical to case 1, except that the rig was
started with the back of the trailer from three to six
feet from the target and with an angle to the target
between 3	��� � and $ ��� � .

Case 3: resembled case 1, differing only in when new ini-
tial positions were presented. In case 3, new ini-
tial positions were given only when success had been
achieved with the previous position; when the sys-
tem failed to reach the target, the same initial position
would be repeated.

Case 4: resembled case 2, differing from it in the same way
case 3 differed from case 1.

A total of 100 runs were made in simulation for each of
four cases, using different random seeds for both the initial
starting positions for each trial and for the random initial
values of the neural weights. The results are presented in
four graphs (Figure 3), one for each of the test cases in-
vestigated. Each graph shows the average performance of

the SONNET (dashed line) and ROLNNET (solid line) sys-
tems, averaged over 100 runs of 100 trials each. The hori-
zontal axis on each graph gives the trial number while the
vertical axis gives the success rate.

As can be seen from these graphs, there was a trade-
off between the SONNET approach and the simplified
ROLNNET approach. True to its name, ROLNNET learned
output responses rapidly, achieving its maximum profi-
ciency at the trailer-backing task in roughly 40 trials in three
of the four test cases and in fewer than 100 trials in all
cases. The SONNET system, on the other hand, consis-
tently learned more slowly near the start of the runs in all
four cases and reached its maximum proficiency later than
the ROLNNET system in three out of the four cases. In
these three cases, however, the SONNET system was able to
achieve a greater maximum proficiency. This would tend to
indicate that the self-organizing system realized a preferable
partitioning of the input space in these three cases, while us-
ing the same number of divisions in each dimension. This
suggests that learning input-space partitionings could have
a similar positive result for other problems and other rein-
forcement learning schemes but this remains to be verified.

Future work includes extending these comparisons to
higher dimensions. ROLNNET has already proven capable
of learning with a three-dimensional input space (backing
a truck with two trailers, see [6]) and SONNET has like-
wise proven itself in a four-dimensional input space (pole-
balancing, see [4]), but direct comparisons on these tasks is
still in progress. In general, we see no reason that these sys-
tems cannot be extended to higher dimensions, but doing
so brings with it the “curse of dimensionality” [3]. SON-
NET copes with this problem by achieving a fine partition-
ing where needed with a small number of total divisions but
is not immune to it altogether. We are, therefore, more in-
terested in finding ways of combining multiple networks of
low dimension, rather than building individual networks of
high dimension.

3. Related work

Many researchers have used one version or another of
the trailer-backing task as an example problem on which to
demonstrate their systems. It is beyond the scope of this
paper to consider all such works or even those in which the
demonstrated system was a learning system (as opposed to
a planning system, etc.). This paper is concerned with the
combination of input space partitioning and output response
learning for control systems.

Michie and Chambers [11], Barto, Sutton, and Anderson
[2], Woodcock, Hallam, and Picton [18], Kong and Kosko
[9], and others have introduced systems which use a fixed
partitioning of the input space to learn control of various
systems. Anderson [1] also explored the difficulty of mov-
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Figure 3. Simulation data. Dashed lines are SONNET results. Solid lines are ROLNNET results.

ing from a system with a user-defined partitioning to a sys-
tem in which an evaluation of the input must be learned.
Anderson uses a layer of neurons to learn “features” of the
input space through a variant of back-propagation. While
not a partitioning per se, these features do allow his sys-
tem to learn to treat related input vectors as similar to one
another. Anderson also found a trade-off between learning
time and performance.

Simons, Van Brussel, De Schutter, and Verhaert [15] and
Moore and Atkeson [12] have introduced learning systems
that can adaptively move from coarse to fine partitionings.
In our system in contrast, the number of partitioning mem-
bers is constant; only their extent is changed.

Rosen, Goodwin, and Vidal [14] independently devel-

oped a system known as Adaptive Coarse Coding (ACC)
that adjusts its input-space partitionings in a way similar to
that of SONNET systems. ACC, however, was only used to
refine partitionings initialized by the system designer, rather
than to learn them from a random initialization. Rosen et
al found that such refinements could improve system per-
formance. Differences with SONNET include the lack of
inter-neural cooperation in the learning of output in ACC
systems.

The systems of Barto et al and Rosen et al also use eli-
gibility traces to learn output responses, as do many other
reinforcement learning systems (see [16]). Many of these
systems, including these two, also use additional compo-
nents, such as temporal difference methods [17], to aid in



this process. Our system does not currently use these addi-
tional methods, although we are considering such combina-
tions.

The use of a topological ordering of neurons for self-
organization has been used by Kohonen [8]. This has been
extended to include output learning for control by Ritter,
Martinetz, and Schulten [13]. These ideas were brought to-
gether with the use of the eligibility trace by Hougen [4]
and the present paper is believed to be the first to explicitly
consider the trade-off between a completely learned parti-
tioning and one assigned by the system designer.
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