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ABSTRACT order perceptrons). Hence, the focus of this report is orexae
periments performed with multilayer perceptrons for whileh

The default multilayer neural network topology is a fully in methods discussed later have been developed.

terlayer connected one. This simplistic choice facilisatiee
design but it limits the performance of the resulting neweth THE METHODS
works. The best-known methods for obtaining partially cein

ted neural networks are the so calfgdining methodwhichare ~ 1hiS research is concentrated on two very promising meth-
used for optimizing both the size and the generalizatiorabap ods, where one is a further development of the other. The first

ilities of neural networks. Two of the most promising prugin Méthod was proposed by W. Finneff al. Their method uses
techniques have therefore been selected for a compartiive s & €St statistic to estimate whether a certain weight witkioee
It is shown that these novel techniques are hampered by h&§rC during a future training step. This statistic is basedne
ing numerous user-tunable parameters, which can easiijynul Weight changes during the backpropagation (compare [2]).
the benefits of these advanced methods. In the original work of W. Finnofgt al, the pruning follows a
Finally, based on the results, conclusions about the eyt fixed schedule: in the first pruning step 35% of the connestion
of experiments and suggestions for conducting future rekea@nd in the following steps 10% is removed. In order to compare
on neural network pruning are drawn. objectively the_cr_lterla for When to prune,_the pruning _sdlhie
Keyworks: neural network, pruning, parameters, neural neff L. Pre_chelt is integrated into f[he algorlth_m of W. Flnn_eff_
work optimization, network size, generalization al.. In this schedule all connections for which the tegt stiatist _
evaluates to a value below the mean of all connections multi-
INTRODUCTION plied by a function\(G' L) are removed during a pruning step,

. . . hereA(G1) is defined as:
Various neural network pruning techniques have been dev\é\i- (@D

oped in the aim to find neural networks of suitable sizes for a MG = Ao (1 1 )

given to certain problem. The multitude of techniques arel th mar 1447

ongoing research can be explained by the difficulties to find a | ) ) ) _

minimal neural network for a specific application [1]. For this function, L. Prechelt determined ex_per!mentally-su
Looking at the history of neural network pruning method<P!€ valuesi,q; :E2/3 anda =2. Thegeneralization los&-L

one remarks that the first methods have been mainly concerie€fined as00- (g« —1), with £, , the current error andl’;

with which connection or neuron to remove from a networihe smallest error the observed during the training for edata

The most famous among these methods are: smallest weigfk distinct from the training set. The functiafGl) is close

removal, the smallest variance [6], the optimal brain daenad0 zero if the generalization loss is small and approaatesf

method [4]. Overviews on these and several other methods daificreases. Simplified, this means that the number of remov

be found in [5] and [10]. connections increases if the generalization of 'Fhe net\_getk
More recent approaches are also aimed at to estimating ¥M@rse. Note, that beside the constants used this functiemza

best moment for removing units and how many units to prunglfip length for the averaging @¥ 7 is introduced. Further, the

as well as to optimize the performance of the resulting netwo training data has to be split into two distinct sets. N

as well as its size and training time. These optimizatioss&r  The difference between the two methods is the decision of

ten outweighed by the introduction of additional paransetesr When to prune: W. Finnofét al. remove connections when

which the respective authors do or do not specify values sehdhe error for the training set is inferior to a fixed threshold

optimal values are usually specific for a certain data sencele Prechelt bqses this decision on the error fora separate_eiata S

a setting found to be good for one data set may be unsuitablefgsically, his method removes connections, when the ginera

another. Furthermore, these training parameters are ciuioje ation loss for the current training step exceeds a certaiit.li

changes if they are applied to new neural network architestu

A logical way to adapt such methods to a new network architec-

ture is to perform experiments with the original neural netv. = The experiments were performed using 5 real-world data sets

architecture in the aim to find suitable parameter settimgs aon which further documentation can be found in [9] or [7]. ©nl

to gain experience with these methods in order to facilitia¢e the outcome of the experiments is therefore documented here

adaption to the new neural network model. This was done forThe experiments follow a fixed scheme: in a first phase, for

to high order perceptrons (compare [8] for information ogthi each data set a few simulations have been performed in the aim
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to find suitable settings for the numerous parameters. Tien, ber of removed connections is comparable due to the difficult
ing these optimized parameter settings a certain amoumtef sin finding good parameter settings.

ulations was performed and the confidence interval for the av Second, experiments should ideally be repeated with érifer
erage generalization performance and network size caérlila data sets by someone, who is not familiar with the method in
These confidence intervals then were used for the comparigprestion. If this is not done, the results can be easily Hiase
for the pruning methods. This resulted in the following outas the developer of a certain method has more insight of the
come: influence of a certain parameter than others.

Solar data: for this data set, L. Prechelt's method performed Third, research in neural networks should not only aim at
better than the method, W. Einnadt al. The networks optimizing training procedures, but in eliminating usefined

found have on average a better generalization performarﬁ:%rameters' even at the cost of f"_’d'”g often suboptlmalaheur
and are smaller in size. networks. In most cases the optimal performance will not be

Auto-mpgdata: W. Finnoff's method found networks with a reachte;]d in mo_st appllc?tlcérli as ”:. m(iSt S[:?ses i?;er (;](C)aes not
better generalization but similar network size as compar&i"ve € experience 1o find the optimal Setlings ol the parame

to the method of L. Prechelt ers or does not have the time to search for them, or both.

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

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

Digitsdata: both pruning methods hardly improve the gener-
alization of a fully connected multilayer perceptron. Botf2]
methods remove only few connections (with a little advant-
age for W. Finnoff’s method). However, as the amount of
connections is considerably below the results obtainel wi3]
the pruning method of E. D. Karnin, this is a poor result.

The disappointing result for the wine and the digits data |
probably due to an non-successful search for the optimal-pa
meter settings. However, this search was considerablyeiong
than for the other data sets, and in a real application suex-an
tensive is not feasible. Further, a comparison with othenjg
methods, as for example the method of E.D. Karnin, which pﬁg]
mits the rating of the network is usually not possible. Therus
is therefore not able to rate the performance and size of-a net
work, which is necessary in order to decide whether the hearl%]
for optimal training parameter settings has to be extended.

]

[7]

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

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

The problem is that there are many different parameters-to a[qo]
apt and the unexperienced user is not able to find optimaésalu
for them. This phenomena does not only apply to the compar-
ison of the methods of L. Prechelt and W. Finneffal., but to
many others in neural network science and beyond.

DISCUSSION OF THEEXPERIMENTS

CONCLUSION

Several conclusions can be drawn: first, in an application or
ented environment, as for example in industry, the effigravfc
the methods of W. Finno#t al. and L. Precheltin terms of num-
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