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The problem of input features transform is onehef ¢entral problems in training a classifier.
There’s a lot of different methods have been pregoSome of them consider linear and non-linear
transform of the features, including decompositdrihe object description into some basis [1-4],
while other try to remove insignificant features . Large review on feature space dimensionality
reduction and feature selection can be found inBd} due to large variety of real-world problems
no approach can be considered a universal. Thisct be used to encourage application of
methods, which can adapt “on-the-fly” to the prolle properties, for such a transform of input
features, which could ease a subsequent gradinmirhe).

To address this idea a novel combined method d&amitrg of artificial neural networks (ANN)
is proposed in this paper. In this method ANN igagd in two parts (fig. 1): the first part (ANN-1)
is trained using neuroevolutionary approach, wiile second (ANN-2) is trained with use of
traditional gradient method. Note that the ANN ddonot obligatory be multilayered since
neuroevolution assumes in general evolutionary gemae of ANNs with irregular structure as
well.
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Fig. 1. General schemefor dividing of ANN for combined training. Input nodesfor ANN-2
have activation y(x) = x.

In this paper ANN-1 and ANN-2 have no hidden lay@mce ANN-1 is not connected with
the ANN output the objective function for ANN-1 iimang should guide the evolutionary search in
some indirect manner. We'll test combined trainwmith 3 objective functions for ANN-1.

1. The first objective functiofy considers is maximization of
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where Y' ={y;},i=1....an, .k =1,...,.N — vector ofi-th output signal of ANN-1, obtained during
application of all training setsYi and g, — are mean and deviation wf respectively; Ry —

Pearson’s correlation coefficient for vectafsandY .
2. The second objective functidsnconsiders minimization of (1).
3. The third objective function

* The research is supported by the Russian Fount&ir Basic Researches grant (project no. 09-GE394Q)



fy=max{g;, j =123}, f, - min,
wheree; — training error of ANN-2 trained using RPROP aitjon for 50 epochs.
RPROP implementation is taken from the Erlddayary, while the combined training is made
using Mental Alchem¥library.
Overview of the test classification accuracy on sgoblems from the Probenl [8] test set

for combined training and comparison with resulsnt [8] is given in the table 1. The best
statistically significant results are given in bold

Table 1. Mean classification accuracy on the testa different
algorithms. Deviation is given inside round brasket

Problem f f, fa RPROP [8]
cancerl 1,03 (0,53) 1,26 (0,45) 2,07 (0,73) 1,38 (0,49)
cardl 11,28 (0,30) 12,21 (0,39) 10,17 (0,63) 14,05 (1,03)
diabetes1 22,55 (0,95) 22,24 (0,65) 21,51 (0,43) 24,10 (1,91)
glassl 25,66 (0,97) 27,17 (0,97) 26,41 (0) 32,70 (5,34)
heartl 17,04 (0,34) 18,43 (0,42) 17,74 (1,02) 19,72 (0,96)
horsel 24,51 (0,53) 28,35 (2,25) 34,40 (3,84) 29,19 (2,62)

In all test problems the proposed combined traimmeghod allowed obtaining better results
that traditional ANN training.

Note that it's often when ‘indirect’ training witbbjective functiond; andf,, which is not
pushed towards local best result for ANN-2, alleksaining better generalization results than more
‘greedy’ training of ANN-1 usings.

Future research is aimed towards revealing of poggito use combination ofy, f, andfs for
ANN-1 training and committee of ANNs trained withffdrent objective functions via bagging
scheme. Also interesting results can be obtainéagusvolutionary algorithm for simultaneous
search of structure and connection weights of ANN-1
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