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Abstract
This paper studies on the mirror image learning algorithm for the autoassociative neural networks and evaluates the performance by handwritten numeral recognition
test. Each of the autoassociative networks is first trained
independently for each class using the feature vector of the
class. Then the mirror image learning algorithm is applied to enlarge the learning sample of each class by mirror
image patterns of the confusing classes to achieve higher
recognition accuracy.
Recognition accuracy of the autoassociative neural network classifier was improved by the mirror image learning
from 98.76% to 99.23% in the recognition test for handwritten numeral database IPTP CD-ROM1 [1].

1. Introduction
The mirror image learning was proposed in [2] and was
studied to apply to a linear classifier and the subspace
method [3][4][5]. The algorithm generates a mirror image
of a pattern that belongs to one class of a pair of confusing
classes and utilizes it as a learning pattern of the other class.
The mirror image of a pattern is generated in respect to the
mean vector of the linear classifier, and the minimum mean
square error hyperplane (subspace) of the subspace method.
This paper studies on the mirror image learning algorithm for the autoassociative neural networks [6] and evaluates the performance by handwritten numeral recognition
test. In the case of the autoassociative neural networks, the
mirror image is generated in respect to the associated output
of a neural network.

input layer and the hidden layer, and a decoding network
between the hidden layer and the output layer (Figure 1).
Each of the autoassociative networks is trained independently for each class using the feature vector of the class. As
a result, the squared error between an input and the output
is generally minimized by the network of the class to which
the input pattern belongs. This property enables us to classify an unknown input pattern. The unknown pattern is fed
to all networks, and is classified to the class with minimum
squared error [6].
In contrast with the pattern recognition using the mutual
associative networks, each autoassociative network is organized independently for each class, and the training load of
the networks can be distributed to handle large-scale pattern
recognition problems.
Figure 2 shows how to classify an input pattern by the
autoassociative networks. The number of neurons in the
input layer, the hidden layer, and the output layer of each
network is 2, 1, 2, respectively for a class. Two line segments in this figure represent the trace of the output that are
obtained by sweeping the output of hidden layers from 0 to
1. Squares on the line segments represent the projections
of the samples. These line segments correspond to the principal axes of the distributions. An input pattern (x1 ; x2 )
is given to the network of each class. The output (y1 ; y2 )
and (z1 ; z2 ) are the coordinates of Y , and Z on the projection line respectively, and the squared distance are given by
kY X k2 , and kZ X k2 respectively. The input pattern
X is classified to the class with the minimum distance, i.e.

2. Autoassociative neural networks
Autoassociative neural network is a network having the
same number of neurons in input and output layers, and the
less in the hidden layers. The network is trained using the
input vector itself as the desired output. This training leads
to organize a compression/encoding network between the

Encoder
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Figure 1. Autoassociative neural network.
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Figure 3. Decision boundary of three-layered
autoassociative neural networks.
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Figure 2. Discrimination of unknown pattern
by three-layered autoassociative neural networks.

the class which minimizes the square error of the input and
the output of the network, e.g. the left lower class in this
figure. The output u and v from the hidden layers take the
value from 0 to 1.
Figure 3 shows the decision boundary for this example.
In the rest of this paper, we focus on the mirror image
learning for three layered autoassociative networks without
loss of the extendability to five layered autoassociative networks.

3. Corrective learning by mirror image
3.1. Generation and learning of mirror images
When a pattern X of a class (class 1) is misclassified to
a different class (class 2), the minimum mean square error
hyperplane/hypersurface of the class 2 is kept away from
the pattern X as follows (Figure 4).
The mirror image X 0 of the pattern X in respect to the

X

0

=

Y

2

X;

(1)

where Y is the output of the network, which is the projection of X to the hyperplane. This mirror image X 0 is used
as a learning pattern of class 2 to keep the hyperplane away
from the pattern X .
While the mirror image X 0 is used as a learning pattern
of class 2, the pattern X itself is also used as a learning
pattern of class 1 to move the hyperplane of class 1 toward
the pattern X . As a result the decision boundary shifts to the
side of class 2. After the pairs of X and X 0 for all misclassified patterns are successively used as learning patterns, then
the same procedure is repeated until there is no change in
the number of misclassifications.

3.2. Mirror image learning with margin
If the number of misclassified pattern is too small the
mirror image learning quickly converges close 100% correct recognition for the learning sample, before the recognition rate for the test sample is significantly improved. In
order to supply the lack of misclassified patterns, confusing
patterns near to the decision boundaries are extracted and
utilized to generate the mirror images (Figure 5).
A proximity measure  of a pattern X to a decision
boundary is defined by

(X )
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=

d1 (X ) d2 (X )
;
d1 (X ) + d2 (X )

(2)
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Figure 6. Examples of binary ZIP code image.
Figure 4. Generation and learning of mirror
images.

4. Performance evaluation
4.1. Used sample and experiment
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Figure 5. Mirror image learning with margin.
where d1 (X ) is the square error between X and the output
from the network of its own class, and d2 (X ) is the minimum square error between X and the output of the other
classes. The range of  is [ 1; 1], and if  is positive (negative) the classification is wrong (correct). For a pattern X
on the decision boundary  = 0, and for the one on the hyperplane of class 1 (class 2)  = 1 ( = 1). Even if the
 is negative (correct classification) but is close to zero, the
pattern is selected to generate the mirror image to enlarge
the learning sample, i.e. a pattern X of class 1 is selected
for mirror image generation if

Y

  t

(

1

   0)
t

(3)

for a threshold t . The smaller the t is, the more learning
patterns are selected for the mirror image generation.

The handwritten ZIP code database IPTP-CDROM1 [1]
provided by Institute for Posts and Telecommunications
Policy is used in this experiment. The CDROM contains
three digit handwritten ZIP code images collected from real
Japanese New Year greeting cards. The writing style and
equipment have wide range of variation. The size of image
is 240 dots x 480 dots in height and width respectively, and
the gray scale is 8 bits (256 levels). Figure 6 shows examples of binary images of ZIP codes. The total number of
the images is 12,000 (36,000 numerals), and about a half is
used for learning, and the rest for test. A series of preprocessing such as binarization and character segmentation [1]
are first applied to generate binary numeral images of 120
dots x 80 dots in height and width respectively.
A feature vector of size 400 was extracted from each numeral image by the gradient analysis method [7], [8]. The
feature extraction process consists of procedures for gradient calculation, feature vector generation, and dimension
reduction of the feature vector. A gray scale image is generated from an input binary image by repeating 2 x 2 mean
filtering, and the gradient is calculated by Roberts filter [9].
Obtained gradient image is divided into square blocks, and
a gradient feature vector is composed of the strength of gradient accumulated separately in each quantized direction in
each block to obtain the feature vector of size 400. Then
the feature size was reduced to 64 by the principal component analysis. Ten autoassociative networks for ten classes
(0 to 9) were created and trained. The back propagation
method was used for training the networks. The number
of neurons in each layer is 64, 16, 64, respectively. For
the first k iterations of learning, the ordinary class independent learning is performed and after the correct classification rate is saturated, the mirror image learning is alterna-
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tively performed together with the class independent learning. The mirror image learning is performed for the patterns
for which   t .

4.2. Experimental result of class independent learning
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Figure 7. Recognition accuracy of the class
independent learning.
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Figure 7 shows the recognition accuracy of the class in-

dependent learning. It is shown that the recognition accuracies are nearly saturated at 200,000 times of iterations and
reach 98.96% and 98.76% for the learning sample and the
test sample respectively.

1000
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Figure 8. Accuracy improvement by mirror image learning ( = 0:1).

4.3. Experimental result of mirror image learning
The mirror image learning was performed after the class
independent learning of 210,000 times of iteration. Figure 8
shows the improvement of the recognition accuracy by the
mirror image learning with various t . When the margin
with t = 0:4 was set up (thick solid line) the recognition accuracies for both the leaning and the test sample
were best improved during the 3,000 times of iteration. For
t = 0:5 the recognition accuracy for the learning sample
peaked at smaller times of iterations and was deteriorated
by further iterations. In these experiments the learning rate
parameter of the back propagation method was fixed to
0.1.
Figure 9 shows the improvement of the recognition accuracy by the mirror image learning for various learning
rate parameter . The margin was fixed to t = 0:4. The
recognition accuracy for the test sample was improved from
98.76% to 99.23% for the learning rate parameter = 1:5

to 2:0.

5. Conclusion
The recognition rate of the autoassociative neural network classifier was improved by the mirror image learning. The effect of the mirror image learning is enhanced
by the margin that extracts the confusing patterns near to
the decision boundary to generate the mirror images. The
recognition rate was improved from 98.76% to 99.23% in
the recognition test for handwritten numeral database IPTP
CD-ROM1. Further studies on (1) the mirror image learning for feature vectors of higher dimensionality (> 64), (2)
the mirror image learning for five layered autoassociative
neural networks, and (3) application to other classification
problems e.g. automatic text categorization, are remaining
as future research topics.
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Figure 9. Accuracy improvement by mirror image learning (t = 0:4).
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