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ABSTRACT

The default multilayer neural network topology is a fully in-
terlayer connected one. This simplistic choice facilitates the
design but it limits the performance of the resulting neuralnet-
works. The best-known methods for obtaining partially connec-
ted neural networks are the so calledpruning methodswhich are
used for optimizing both the size and the generalization capab-
ilities of neural networks. Two of the most promising pruning
techniques have therefore been selected for a comparative study.

It is shown that these novel techniques are hampered by hav-
ing numerous user-tunable parameters, which can easily nullify
the benefits of these advanced methods.

Finally, based on the results, conclusions about the execution
of experiments and suggestions for conducting future research
on neural network pruning are drawn.
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INTRODUCTION

Various neural network pruning techniques have been devel-
oped in the aim to find neural networks of suitable sizes for a
given to certain problem. The multitude of techniques and the
ongoing research can be explained by the difficulties to find a
minimal neural network for a specific application [1].

Looking at the history of neural network pruning methods,
one remarks that the first methods have been mainly concerned
with which connection or neuron to remove from a network.
The most famous among these methods are: smallest weight
removal, the smallest variance [6], the optimal brain damage
method [4]. Overviews on these and several other methods can
be found in [5] and [10].

More recent approaches are also aimed at to estimating the
best moment for removing units and how many units to prune,
as well as to optimize the performance of the resulting network,
as well as its size and training time. These optimizations are of-
ten outweighed by the introduction of additional parameters, for
which the respective authors do or do not specify values, whose
optimal values are usually specific for a certain data set. Hence,
a setting found to be good for one data set may be unsuitable for
another. Furthermore, these training parameters are subject to
changes if they are applied to new neural network architectures.
A logical way to adapt such methods to a new network architec-
ture is to perform experiments with the original neural network
architecture in the aim to find suitable parameter settings and
to gain experience with these methods in order to facilitatethe
adaption to the new neural network model. This was done for
to high order perceptrons (compare [8] for information on high

order perceptrons). Hence, the focus of this report is on theex-
periments performed with multilayer perceptrons for whichthe
methods discussed later have been developed.

THE METHODS

This research is concentrated on two very promising meth-
ods, where one is a further development of the other. The first
method was proposed by W. Finnoffet al. Their method uses
a test statistic to estimate whether a certain weight will become
zero during a future training step. This statistic is based on the
weight changes during the backpropagation (compare [2]).

In the original work of W. Finnoffet al., the pruning follows a
fixed schedule: in the first pruning step 35% of the connections
and in the following steps 10% is removed. In order to compare
objectively the criteria for when to prune, the pruning schedule
of L. Prechelt is integrated into the algorithm of W. Finnoffet
al.. In this schedule all connections for which the test statistic
evaluates to a value below the mean of all connections multi-
plied by a function�(GL) are removed during a pruning step,
where�(Gl) is defined as:�(Gl) = �max(1� 11 + Gl� ):
For this function, L. Prechelt determined experimentally suit-
able values�max=2=3 and�=2. Thegeneralization lossGL
is defined as100�( EvaEopt�1), withEva the current error andEopt
the smallest error the observed during the training for a test data
set distinct from the training set. The function�(Gl) is close
to zero if the generalization loss is small and approaches2=3 if
it increases. Simplified, this means that the number of removed
connections increases if the generalization of the networkgets
worse. Note, that beside the constants used this function, also a
strip length for the averaging ofGL is introduced. Further, the
training data has to be split into two distinct sets.

The difference between the two methods is the decision of
when to prune: W. Finnoffet al. remove connections when
the error for the training set is inferior to a fixed threshold. L.
Prechelt bases this decision on the error for a separate data set:
basically, his method removes connections, when the generaliz-
ation loss for the current training step exceeds a certain limit.

EXPERIMENT OVERVIEW

The experiments were performed using 5 real-world data sets,
on which further documentation can be found in [9] or [7]. Only
the outcome of the experiments is therefore documented here.

The experiments follow a fixed scheme: in a first phase, for
each data set a few simulations have been performed in the aim



Presented on the 1st Online Workshop on Soft Computing, Nagoya, Japan, 1996. http://www.bioele.nuee.nagoya-u.ac.jp/wsc1 2

to find suitable settings for the numerous parameters. Then,us-
ing these optimized parameter settings a certain amount of sim-
ulations was performed and the confidence interval for the av-
erage generalization performance and network size calculated.
These confidence intervals then were used for the comparison
for the pruning methods. This resulted in the following out-
come:

Solar data: for this data set, L. Prechelt’s method performed
better than the method W. Finnoffet al. The networks
found have on average a better generalization performance
and are smaller in size.

Auto-mpg data: W. Finnoff’s method found networks with a
better generalization but similar network size as compared
to the method of L. Prechelt.

Servo data: the method W. Finnoffet al. produced bigger net-
works with better generalization.

Wine data: both algorithms failed to reduce the size of the net-
work considerably, although it is possible: the method of
E. D. Karnin reduces the same network to approximately
20% of its original size [3].

Digits data: both pruning methods hardly improve the gener-
alization of a fully connected multilayer perceptron. Both
methods remove only few connections (with a littleadvant-
age for W. Finnoff’s method). However, as the amount of
connections is considerably below the results obtained with
the pruning method of E. D. Karnin, this is a poor result.

The disappointing result for the wine and the digits data is
probably due to an non-successful search for the optimal para-
meter settings. However, this search was considerably longer
than for the other data sets, and in a real application such anex-
tensive is not feasible. Further, a comparison with other pruning
methods, as for example the method of E.D. Karnin, which per-
mits the rating of the network is usually not possible. The user
is therefore not able to rate the performance and size of a net-
work, which is necessary in order to decide whether the search
for optimal training parameter settings has to be extended.

DISCUSSION OF THEEXPERIMENTS

From the outcome of the experiments it can be concluded
that the two methods perform on average equally good. Fur-
thermore, both methods have weaknesses for certain data sets.

The reader familiar with the publication of Prechelt might
have noticed that his results are somewhat different: he showed
that his method performs better than the method of W. Finnoffet
al. At this point, the authors would like to state that he showed
conclusively that for certain parameter settings and several data
sets his method performs better.

The problem is that there are many different parameters to ad-
apt and the unexperienced user is not able to find optimal values
for them. This phenomena does not only apply to the compar-
ison of the methods of L. Prechelt and W. Finnoffet al., but to
many others in neural network science and beyond.

CONCLUSION

Several conclusions can be drawn: first, in an application ori-
ented environment, as for example in industry, the efficiency of
the methods of W. Finnoffet al.and L. Prechelt in terms of num-

ber of removed connections is comparable due to the difficulty
in finding good parameter settings.

Second, experiments should ideally be repeated with different
data sets by someone, who is not familiar with the method in
question. If this is not done, the results can be easily biased,
as the developer of a certain method has more insight of the
influence of a certain parameter than others.

Third, research in neural networks should not only aim at
optimizing training procedures, but in eliminating user defined
parameters, even at the cost of finding often suboptimal neural
networks. In most cases the optimal performance will not be
reached in most applications as in most cases a user does not
have the experience to find the optimal settings of the paramet-
ers or does not have the time to search for them, or both.
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