The main point of the method is the procedure for
generating new training data, Xcalled neural network
reduction of the class separatiofNN_RCS) [4] We
generate X which implies normal class-conditional
densities for the responsgsy(x';w*) for x'OX{, j=1, 2,
...N. For this purpose, we use an auto-associative
network having non-linear activation functions in the
hidden units (Fig.1).
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Fig.1l. Auto-associative network. It is trained to
map input wvectors into themselves in such a way

that the non-linear discriminant function Y(X',W¥)
has normal class-conditiocnal densities.

The targets used to train the auto-associative network
are the input vectors themselves, so that the network is

attempting to map each input vector onto itself. We train
the network by minimizing an error function of the form
EQ) = (1v)EM(u)+ vQ(u). (2)
Here,
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is the MS error of the auto-associative netwof&(u) is
the penalty function andis the parameter controlling the
extent to which the penalty terf(u) influences the form
of the solution. In (3)(x;u) represents the output vector
X'=r (x;u) of the auto-associative network (see Fig.1) as a
function of the input training vectoss, j=1, 2, ... ,Nand
vectoru comprising the adjustable weights of the network.
The penalty termQ(u) measures the departure of the
responses of the classification netwoyky(x';w*) from
the numbers ;g j=1, 2, ... ,N having normal class-
conditional densities
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The auto-associative network is trained by minimizing
the total error function Ej (2) with respect tou. A
function r (x;u) which provides a good fit to the training
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datax , j=1,2, ... , Nwill give a small value for £(u)

(3), while one which produces data with the normal
densities for y=y(x;';w*) will give a small value forQ(u)

(4). Minimizing E{@) (2) we obtain the network mapping
r(x;;u) which is a compromise between fitting the training
data x; and reducing the class separation fox;' y(*)
(deflating B"(w) (1) atw*) for suitable normal densities
of g, j=1, 2, ... ,N We obtain the appropriatg i the
following way. We propagatgIX; (current training data)
through the previously trained classification network and
obtain the corresponding outpufsyfx;w*), j=1, 2,..., N
Then we estimate the class-conditional means, variances
and (cumulative) distribution functions of the network
output using the samplg, y=1, 2, ... ,N We denote the

estimates by m., Gf andF (Ylw) for w, i=1,2. We

compute N numbers gby the percentile transformation
method
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for y, j=1, 2, ...,N Here Ac®, Am;, Am, are user-supplied
parameters. The numbers; chave approximately
the distribution N, -Am,, 67 +Ac®) for ¢=1 and
N( i, -Am,, 63 +Ac?) for G=1.

In [2],[3] we proposed a procedure for defining the
values of the control parametersn (2); Ad?, Amy, Am,
and the sign (+ or -) of the changAc? in (5). It directs
the local optimizer to a new minimum of"gw), and

keeps the new training data’' Xas close to the original
data X as is possible.

3. Experiment

We carried out an experiment with data set containing
150 upper-case handwritten letters “M” and 450 lower-
case handwritten letters “m”. Nine numerical results
from a feature extraction procedure (developed in a
company in lIsrael) were recorded for each case. We
divided the data into a training set and a test set. The
training set contained 75 M-cases and 225 m-cases and
the rest of the data was used for validation.

We used two layer networks with sigmoid activation
functions in the hidden units. We set the number of the
hidden units to be 3 and 6 for the classification and for the



auto-associative networks, respectively. WeragtAm.=0 and our recursive procedure, which was 3%. We evaluated
andé? +Ac?=1 for i=1,2 in (5),andv=0.5 in (2). This the significance pf this d_n‘ference by the paired t-test. The

! 99 percent confidence interval for the population mean
difference was 81.4% which confirms a decrease of the
test error rate of the network trained by our recursive
procedure.

setting implies that the class-conditional densities (5)q
are N(0,1) which results in a modified training datg X
with an approximately full overlap of the classes for the
previously defined discriminant function xy¢*). This
certainly eliminates the local minimum of"8w) (1) at 4. Conclusion
the previous solution but it causes large destructuring of
X¢ which is highly unfavorable to our procedure. We

ied out th . f the “reducti £ 1h We have proposed a method for training an ML
carried ou _re?’ successive runs ot the ‘reduction o In€, aqvork for classification. It was morecgiessful than the
class separation” (see [3]).

W d the discriminati It ¢ th conventional training with random initialization of the
€ compare € discrimination qualfiies of the weights for an OCR application considered in Section 3.
classification networks trained by our recursive method

. : ) L We were stimulated in our research by an idea of
(S_ectlon 2) anc_i _tho.f,e t.ralned by:an_vennonal training Friedman, called'structure removal"[6], which has
with a random initialization of the weights [5, pp.260-69]. o o hotential, like simulated annealing in the field of
We evaluated the classification quality of the networks by

th i ¢ tos W lculated th by th optimization. We extended Friedman’s ‘“structure
e resultingtest error rates We calculated them by the o401 1o non-linear classification functions. The price
percentage of the wrongly allocated test observations by 3hat we pay for the non-linear extension is the high

{)Iu.g—lln B?yci_s a]llocanloono (;gf:{e [72' Wg:‘ rgp_ltlf:all_tedt_ the computational complexity of an intensive non-linear
raining, starting from imerent randon Inftiafizations optimization technique for training the auto-associative

of the weights of the network for classification (Fig.1). network, while in the linear case [1][2],[6] a simple
Fig.2 shows the obtained result. Our recursive trainmgrotation 'of the data is carried out e

(solid path) outperforms the conventional training (dashed

path) for the most of the initializations. The dots in the

bottom of Fig.2 indicate the sequential number of the References
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