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Abstract

The present paper aims to propose a new type of learning method for information
augmentation by increasing the number of inputs or input dimensionality with multiple
steps for improving supervised learning. One of the major problems of neural networks
is that multi-layered neural networks, as a property of multi-layers as an in-formation
channel, principally tend to lose any information content, for example, input patterns or
error gradients. For overcoming the loss of information, unsupervised pretraining was
proposed, giving initial weights for the supervised learning. However, the unsupervised
pretraining to train multi-layered neural networks turned out to be not so effective as
had been expected, because connection weights obtained by the unsupervised learning
tend to lose their original characteristics immediately in supervised training. To keep
original information by unsupervised learning, we try here to increase information in
input patterns as much as possible to overcome the vanishing information problem. In
particular, for acquiring detailed information more appropriately, we gradually increase
detailed information through multiple steps. We applied the method to the real eye-
tracking data set, where the number of inputs was strictly restricted and the majority of
inputs were highly correlated. When the present method of information augmentation was
applied, it was confirmed that generalization performance could be improved. Then, we
could interpret the importance of input variables more easily by treating all connection
weights collectively. In addition, this interpretation of collective weights conformed to
that of the findings by the conventional eye-tracking experiments.

Keywords: information augmentation, excessive information, autoencoder, interpretation,
generalization

1 Introduction

The present paper aims to show that input information plays a crucial role in improving
the performance of neural networks. In neural networks, the input neurons of an input
layer have not necessarily received due attention. For example, the input node is only
considered to play a role in receiving inputs from the output side without any
modifications. This situation is clearly described by an expression for the input node,
saying that an input node is “clamped” to an input. Thus, in conventional neural network
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research, the input layer has so far played a very passive role. However, the input
layer should play the most important role in learning, because it is natural that the
performance of neural networks is dependent on the input information, and we can say that
any learning rules in neural networks cannot exist without input information.

Considering the importance of input information, one of the troublesome situations
in neural networks research is that the researchers have tried to reduce input information
as much as possible. For example, any types of sparse regularization methods in a
broader sense aim to reduce the information content [1], [2], [3], [4], [5] by reducing the
strength of connection units and connection weights. Those methods have been based on
an idea that input information is abundant, and all we have to do is to reduce unnecessary
information content. However, the input information is not necessarily abundant but is
very limited, because the input information is given through a limited number of input
nodes or neurons, compared with the very complex objects to be analyzed. More seriously,
the regularization methods cannot reduce or eliminate unnecessary information, but we
have a high possibility that unnecessary information will remain after regularization,
because the unnecessary information is naturally abundant in the input information.

In addition, the input information has a natural tendency to decrease, as shown by the
channel of information theory [6], [7], [8]. When a multi-layered neural network is consid-
ered an information channel, any information content should decrease through this channel
or multi-layers. Thus, we can say that the fundamental property of a multi-layered neural
network lies in the fact that information in inputs and error gradients naturally and rapidly
decreases through going over many layers. The vanishing information of error gradients
has been extensively discussed in neural networks, producing new computational methods
such as unsupervised pre-training [9], [10] and new and very simplified a ctivation func-
tions [11]. In particular, pre-training by unsupervised learning [9], [10] was reported to be
effective in weakening the vanishing information problem or gradient descent, inherent to
multi-layered neural networks. However, contrary to the brilliant success of convolutional
neural networks with application to image processing [12], neural networks with unsuper-
vised pre-training have not always been successful. In addition, the simplified activation
functions [11] have not been necessarily effective for all situations, compared with the
conventional sigmoidal or tansig functions from our experiments.

Now, let us consider the pre-training for overcoming the vanishing information
problem in multi-layered neural networks. As mentioned, the pre-training triggered a new
research trend on multi-layered networks, in which layer-wise unsupervised pre-training
could be useful in coping with the vanishing information, in particular, information on
the error gradients. However, contrary to our expectation, the pre-training has not been
used in fundamental neural network research [12]. We can explain this fact by two
reasons. First, information obtained by the pre-training is not useful in training supervised
and main learning. This is because connection weights, obtained by the pre-training, are
forced to change drastically in the fine tuning, losing the main characteristics of weights in
the pre-training. Connection weights are of no use in training multi-layered neural
networks or in reducing errors between targets and outputs. However, in many
applications, the unsupervised autoencoders have still been used, expecting that the
unsupervised pre-training can extract important features to be used in the supervised learning
[13], [14], [15], [16]. Thus, we need to consider another reason why little attention has
been paid to the pre-training recently.

One of the possible reasons is related to the present paper, namely, the vanishing or
loss of input information. As mentioned, a multi-layered network is considered an
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information channel, having a natural property of losing input information. Any input
information tends to decrease gradually through multiple layers. The well-known
unsupervised pre-training cannot escape from this property. The unsupervised learning
at a layer in the layer-wise unsupervised pre-training proceeds by using the outputs
obtained from learning in the previous or precedent layer as inputs. As mentioned, any
information tends to decrease: the outputs as inputs have less information than those
from the previous or precedent layer. Gradually, information on inputs as well as gradients
decreases as a natural property of multiple layers as an information channel.

To overcome this problem, and by paying much attention to the input information,
we try to increase input information as much as possible. However, it is not so easy to
increase the number of input patterns, and in addition, it is very difficult to increase
the number of input variables in actual experiments. In our experiments on the eye-
tracking data, discussed below, only five input variables were used to describe the data
set, and in addition, four of five input variables were highly correlated with each other,
leading to the problem of multi-collinearity. Though neural networks are said to be strong
at dealing with this kind of problem of multi-collinearity, a smaller number of input
variables causes the main difficulty for learning.

To overcome this problem, we propose here a new type of learning method to
increase information content in input patterns, and then the unnecessary information can
be reduced in the subsequent multi-layered neural networks. Because we do not know
which information is necessary for the subsequent learning, we need to increase any
information as much as possible. However, it is not so easy to increase the information,
because the data set for the experiment described in this paper is supposed to be fixed.
Thus, we try here to increase the number of input variables by using the autoencoders.
These autoencoders can produce the overcomplete representation in which the number of
dimensions of outputs is much larger than the input dimension [17], [18]. Though this
research on the overcomplete representation has focused on the production of sparse
representations, we use it here only for increasing the number of input variable in terms
of pseudo-inputs. These pseudo-input variables can be produced by taking into account
the input variables and their correlations, which can be used to produce quite similar
inputs but that are slightly different from the original ones. Because much detailed
information on input patterns is extracted and represented, the subsequent supervised
learning can choose appropriate information from among a great number of options or
candidates for supervised learning. For information reduction, we need not use special
techniques in learning, because the multi-layered neural networks have the characteristic
of losing information on input patterns, by its going through many different layers and
neurons from the information-theoretic points of view [6], [8], [19]. Thus, it is very
important to create detailed information from input patterns.

The present method is described by three main features: the complete separation
of unsupervised learning from the corresponding supervised learning, excessive
information acquisition, and multi-stage information augmentation. First, it is necessary to
separate unsupervised learning from supervised learning completely. As mentioned,
supervised and unsupervised learning have different objectives in learning, and those
objectives may be contradictory to each other. Thus, connection weights obtained by
unsupervised learning tend to lose their characteristics immediately in the main
supervised learning. To keep original information obtained by unsupervised learning, the
original information should be separately treated. One of the main characteristics of the
present method is that connection weights by unsupervised learning are not given as
initial weights, but the outputs from the unsupervised learning are considered the inputs to
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the supervised learning. This means that we transfer information by unsupervised
learning to supervised learning in terms of outputs. These inputs or pseudo-inputs can
give many candidates or options to be chosen by neural networks with supervised
learning, and the possibility to obtain appropriate weights consequently rises. Similar
attempts have been popular in machine learning for data augmentation using
conventional methods and newly developed generative models [20], [21],[22], [23], [24].
However, one of the most important differences is that our method is based not on data
augmentation but on dimensionality augmentation. In addition, it can be said that the
data augmentation is a kind of variable reduction [25]. Thus, input information cannot be
augmented by the small number of the dimensionality of input variables, even with
plenty of data sets. In addition, the number of inputs is supposed to increase step by
step or gradually, because we are concerned with the abrupt change in inputs, which may
cause drastic changes in the final inputs, with negative effects on learning. Thus, we
think that, for information augmentation, we should increase it very carefully and step
by step. This means that the detailed information is created by increasing the number
of neurons step by step and as carefully as possible. Contrary to the abrupt
augmentation of information on inputs, the present method tries to increase information
gradually, expecting that more detailed information on input patterns can be created in
the process of gradual and careful information augmentation.

The paper is organized as follows. In Section 2, first, we stress how input
information plays an important role in learning. Then, multi-step information augmentation
is described, where the autoencoders are used to increase the number of neurons step by
step to obtain excessive information. Finally, we explain how to interpret the final results
by collecting all weights, namely, collective weights. In Section 3, the experimental results
on the snack food selection, or eye-tracking, data set, where two-step information
augmentation was used, are analyzed. In the experimental results, we point out that
generalization performance was improved when the number of neurons in the
augmentation component increased. In the final experimental results, two types of
collective weights were obtained. Detailed examination showed that the weights with the
best generalization performance conformed to the explanation presented by the eye-
tracking theory. In addition, we compared the results with those obtained by the
conventional method. The results showed that any conventional methods could not
produce explicit results comparable to those obtained by the present method.

2 Theory and Computational Methods

2.1 Excessive Information Augmentation

Here, we explain intuitively how the present method tries to infer or estimate the
important information. Neural networks have been applied to estimate an object by
information through the input layer, as shown in Figure 1(b). For simplicity, we ignore
the information given to the output layer in the supervised learning. The object to be
analyzed is supposed to be composed of many factors, but there are only four important
factors, shown in black, and moderate important factors, shown in gray, and the others
are unimportant factors. In the actual experimental situation, we do not know how
many factors or variables will be needed, and the inputs are usually supposed to be
smaller. In the case of a large number of input variables, some information reduction
methods, such as the principal component analysis, are applied for the variable
reduction. The variable reduction has played a very important role in neural networks as
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well as other machine learning methods [26]. However, we cannot definitely say that the
information through input variables represents well the target object. Thus, even if the
information selection or reduction is applied, it is not guaranteed that the compressed
input variables will represent the main factors of the target object.

In particular, we deal here with a case where the number of input variables is
much smaller, because there is some difficulty in defining the input variables. Figure 1
shows this situation clearly, where only two input variables are prepared, and it is quite
difficult to extract important factors because of too few input variables. For this situation,
the present method tries to increase the number of inputs as much as possible by taking
into account inputs as well as the relations between them. As shown in Figure 1(c), the
information on inputs and their relations can produce a number of different factors, some
of which may be important or contain, though partially, information on the real important
factors. Then, the information selection and reduction method, using multi-layered
networks, is applied. In this case, it is possible to find the important factors, because we
have a high possibility of finding some hints or partial information regarding the
important ones.

(a) Object
to be estimate

(d)Information SNgection

Figure 1: Information augmentation to estimate an object for learning.

An actual implementation is shown in Figure 2. Figure 2(a) shows a
conventional method in which only three inputs are prepared. In Figure 2(b), the
number of inputs is increased from three to eight by the autoencoder, and the inputs are
used in the subsequent supervised learning. Finally, we use two-step augmentation, shown
in Figure 2(c), in which the number of inputs increases from three to eight through four
inputs in the second layer for a gradual and smooth transition.

2.2 Information and Dimensionality Augmentation by Autoencoders

In the dimensionality augmentation or information augmentation, we use the autoencoder
as shown in Figure 3(al). The output Svgz) from the second layer (j =1,2,...,n) for the sth
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Input layer Hidden and output layer
@ S

(c) Tw step information augmentation

Figure 2: A network architecture without information augmentation (a) and with one-
step (b) and two-step information augmentation (c).

input pattern (s = 1,2,...,q) is computed by

ny
Svﬁ.z) = sigmoid <Z wﬁ) Sxk> , (D
k=1

where x_ represents the kth element of the sth input pattern and wﬁ) represents connection
weights from the kth input (k= 1,2,...,n;) to the jth hidden neuron of the second layer de-

noted by (2). Note that the transfer functions, such as the sigmoid function, are adopted
by using the default functions in the Matlab neural network package, because we put much
importance on the reproduction of the experimental results discussed below. The final
output from the autoencoder can be obtained by taking the pure-linear function

na
Sv,(cl) = le,((;) SVE-Z). 2)
j:

The error between outputs and inputs is

n

E=Y Y (u —Sv,ﬂ”)z. 3)

s=1k=1
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(b) Information augmen:

(a) Excessive and selective information processing

Figure 3: A network architecture with two-step information augmentation with stacked
autoencoders.

In the second step, the same type of autoencoder is used, as shown in Figure 3(a2). Let
WE,S]) denote connection weights from the second layer to the third layer; then, the output
from the third layer in the autoencoder is computed by

n
vi.?) = sigmoid (Z wﬁ?}sv§2)> ) 4)

j=1
The number of neurons in the third layer is obtained by multiplying the number of neurons

in the second layer by a constant 8 , which should be larger than or equal to zero. Thus, the
number of neurons in the third layer is obtained by

n3 = Ony,. )

When the constant is zero, one layer, namely the second layer, is used for information
augmentation. Then, the output is computed by

SVE_Z) _ Z W(.Z./)VQI‘ (6)
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The error between the second outputs and the first outputs is obtained by

2

e-1 5 (0 )

s=1j=1

Because the autoencoders try to augment information content on input patterns as much
as possible, the regularization methods, such as weight decay, should not be included.

Finally, we should mention briefly some important information, information
reduction, included in the detailed information obtained by the present method. As
mentioned, multi-layered neural networks have the natural property of losing information
content, meaning that, as the number of hidden layers increases, more information
decreases consequently. Thus, information reduction or selection among detailed
information can be simply realized by using multi-layers. By appropriately increasing
the number of multi-layers, we can decrease information content. However, it is better
or simpler to use more explicit regularization terms to decrease information. Here, we
use the L2 weight decay for this regularization, and we try to treat the error minimization
and the L2 weight decay evenly without subtle adjustment. We should stress that an
increase in the number of multi-layers may be enough for losing information content.

2.3 Collective Interpretation

Multi-layered neural networks have faced difficulties in being understood from outside,
because too many connection weights in many layers are entangled with each other. For
this interpretation problem, we have introduced the concept of collective weights [27],
[28], where complex connection weights of multi-layered neural networks are reduced to
much simpler ones by treating all connection weights collectively. Then, it is possible
to interpret relations between inputs and outputs by examining simplified neural networks
to ones without hidden layers, as shown in Figure 4(b).

Now, collective weights between inputs and outputs are computed by summing and
multiplying all weights in the input, hidden, and output layers. First, connection weights

(6)
J!

the fifth layer wﬁ? are compressed into new weights w

from the sixth layer to the fifth layer w; ", and connection weights from the fourth layer to

(6+4)
i

ns
wie = Y W), (8)
j=1

where the superscript (6 * 5) means that connection weights to the fifth and sixth layers are
combined with each other. The same procedures are repeatedly applied, and we have the
final collective weights

ny
wie = Yo ©)
j=1

Thus, simplified collective weights can be used to interpret relations between inputs
and outputs.
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‘ Collective combination

(b) Information augmentatid !

(a) Excessive and selegtive information processing

\ 4

(1) 1)
.“%6* (6)

(b) Collective interpretation

Figure 4: Reduction from the conventional weights (a) to the collective weights (b).

3 Results and Discussion
3.1 Snack Food Selection
3.1.1 Experimental Outline

The experiment aimed to predict which snack foods, displayed on a monitor, were
chosen by the subjects via their eye-tracking records. We prepared six digital images as
stimuli, each of which contained four snack food pictures. Subjects were instructed to
browse a stimulus and to choose the one snack food that they wanted to buy the most,
and the same task sequence was repeated for the other five stimuli. Fixation data were
calculated from the eye-tracking records, relating to snack food pictures as AOI (Area
of Interest). Five eye-tracking major indices were then calculated for each snack food.
The eye-tracking data sets consisted of the first variable as the time for the first fixation,
the second variable as a total fixation duration, the third variable as a fixation count, the
fourth variable as a total visit duration, and the fifth variable as a visit count, with the
subjects’ decision of “chosen” or “not chosen” label.

Eye-tracking data for 22 subjects with 528 instances were used to predict snack food
selection. The data set was modified by using the over-sampling method “SMOTE” to
reduce the imbalance between targets in the data set [29]. Only half of all instances was for
training, while the remaining half was divided equally into the validation and testing data
set. We used the network architecture shown in Figure 5(b). The number of input nodes
was five, and the number of neurons in the second layer increased from 5 to 100. Then, the
number of neurons in the third layer was multiplied by the constant 6 ranging from 1.5 to
5. Thus, the number of neurons in the third layers increased from 56 to 1000 . Finally,
collective weights were computed by multiplying and summing all connection weights, as
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Figure 5: Correlation coefficients among five input variables (a), two-step information
augmentation (b), and collective weights (c) for the snack food selection data set. The size of
the squares represents the magnitude of correlations; green and red ones show positive and negative
correlations, respectively.

shown in Figure 5(¢).

3.1.2  Objectives of Experiments

The experiments have two basic objectives: the effectiveness of information or
dimensionality augmentation and the validity of final results with respect to the eye-
tracking theory. First, the effectiveness of dimensionality augmentation as information
augmentation should be demonstrated. For this purpose, we used an extreme case in
which almost all input variables were closely connected. Figure 5(a) shows correlation
coefficients among five input variables used in the experiments, where green squares
represent positive correlation coefficients, and their size shows the magnitude of the
coefficients. As can be seen in the figure, four of the five input variables show very
high positive correlations in large green squares, close to the maximum of one. This
means that the four input variables should play almost the same role in this
experiment. Thus, neural networks must actually infer the final outputs by two inputs,
namely, the first and the other combined one. The conventional methods such as regression
analysis cannot naturally deal with this situation, because of strong multicollinearity.
Thus, if it is possible to improve the performance in terms of generalization even in this
bad situation, eventually, we succeed in demonstrating the good performance of the
present method. Second, the effectiveness of the present method can be further confirmed,
if it is possible to explain the final results by the conventional theory of eye tracking.
Then, we try to show that even if the input variables are highly correlated, the present
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method can detect important variables, differentiated from the correlated ones. In addition,
it is shown that the importance of the obtained variables conforms to that of the eye-
tracking theory.

3.1.3 Generalization Errors

Figure 6 shows generalization errors when the number of hidden neurons #; in the second
layer in the unsupervised information augmentation component increased from 5 to 100.
Correspondingly, the number of neurons in the third layer was determined by 8 n,, where
the constant increased from 1.5 to 5 by 0.5 increments.

As can be seen in Figure 6, generalization errors in terms of average (left), minimum
(middle), and maximum (right) decreased gradually when the number of the second layer
increased from 5 to 100 for the first hidden layer, and correspondingly the number of neu-
rons of the third layer increased with the constant 6 ranging from 1.5 (top) to 5.0 (bottom).
The results suggest that the number of neurons in the second and third layer in the autoen-
coders increased, and correspondingly the generalization errors decreased gradually for all
cases.

In particular, the minimum values, depicted in the middle of Figure 6, showed a
tendency for minimum error values to decrease gradually, and their variation also
became smaller, in particular, when the constant increased from 1.5 to 4.5. When the
constant increased to 5 (at the bottom), the minimum values seemed to increase again.
However, we could see that the lowest error of minimum values (0.0446) was obtained
by the present method when the constant was 5.

These results on generalization show that generalization performance can be
improved by increasing the dimensionality of the second layer as well as the third layer. In
particular, the minimum errors suggest that much better performance on generalization can
be obtained when we can appropriately adjust the number of neurons in the second and
third layer.

3.1.4 Generalization Comparison

Table 1 shows the summary of generalization errors by six methods. In the present method,
the number of the third layer in the autoencoder was obtained by & n,.

In the first place, we could see that the lower values in terms of all measures were
produced by the present method with one and two hidden layers in the autoencoders. In
particular, the best errors (0.0827 and 0.1040 in terms of average and maximum) were ob-
tained by the present method with 95 neurons, and the constant 6 for the third layer was
3.5, namely, 333 neurons. Thus, even for this kind of small-sized real data set, a large
number of neurons was needed to improve generalization performance. The lowest minimum
error of 0.0495 was obtained by the present method with two layers and with § =2.5. The
lowest maximum value of 0.1040 was obtained by the present method with two steps with
95 neurons (6 =3.5), 90 neurons (6 =1.5). With one layer in the information augmentation
component, a slightly larger average error (0.0886) was obtained, but the best maximum
error (0.1040) and the smallest standard deviation (0.0113) were obtained by the method
with 65 neurons. In addition, for results with different hidden neurons and constants, the
final errors ranged between 0.0827 (3.5) and 0.0881 (1.5, 2 and 3), which were all much
smaller than those obtained by any other conventional methods. The results show
explicitly that the dimensionality augmentation was related to improved generalization.

Let us examine the results by the other methods. Four-layered neural networks with
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Figure 6: Generalization errors in terms of average (left), minimum (middle),
and maximum (right) when the constant 6 for the third layer increased from
1.5 (top) to 5 (bottom) for the snack food data set.
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Table 1: Summary of experimental results by six methods on generalization performance
for the eye-tracking data set. The values in the table were for the minimum average errors.

Methods 0 2ndlayer Hidden Avg  Stddev  Min Max
Logistic 0.1455 0.0219 0.1089 0.1733
Bagging 01010 0019 00788 0.1330
P o5 4 00985 00169 00792 01337
Autoencoder 45 4 01267 00225 00990 0.1634
Onelayer 0 65 4 00886 0.0113 00693 0.1040
Twolayers 15 90 7 00881 00138 00644 0.1040
2 85 5 0.0881 0.0211 0.0644 0.1188
25 70 4 0.0851 0.0216 0.0495 0.1188
3 90 2 0.0881 0.0119 0.0743 0.1139
35 95 1 0.0827 0.0136 0.0594 0.1040
4 70 3 0.0866 0.0223 0.0594 0.1188
4.5 100 10 0.0861 0.0223 0.0545 0.1287
5 65 8 0.0847 0.0150 0.0644 0.1139

BP produced the best error of 0.0985 with 95 hidden neurons except the present
methods. The multi-layered neural networks with the autoencoder pre-training could
not improve generalization performance, and their error (0.1267) was larger than
0.0985 obtained by the simple multi-layered neural networks without pre-training. This
means that the pre-training was not effective but even harmful to improved
generalization. The third worst error (0.1010) was obtained by the bagging ensemble
method [30], [31], and the worst error (0.1455) was obtained by the logistic regression
analysis. These results show that the two-step information augmentation method could
really improve generalization performance. Therefore, dimensionality augmentation is
effective for this kind of data set with a few input variables.

3.1.5 Collective Interpretation

We then try to interpret all connection weights collectively. The experimental results showed
that two types of collective weights were generated by the present method. Thus, we examine
here two typical examples of final collective weights obtained by the present method.
First, we present the collective weights when the best average generalization in Table 1
was obtained, and the constant 8 was 3.5 with 95 neurons in the second layer. Figure 7 shows
collective weights when the learning steps increased from one to 100, each of which was
composed of ten learning epochs. As can be seen in Figure 7, the first input variable had
the smallest absolute values for the first output (left) and the second output (right), while
all the others had positive weights for the first output neuron and negative weights for the
second output (right). Then, we could see that variable No.2 had the highest strength and
variable No.4 had the second highest strength, and both of the variables were related to
time measures. On the contrary, variables No.3 and No.5, both of which related to count
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measures, showed weak strength. Thus, the present method with the best
generalization performance considered the input variable No.2 the most important and
variable No.4 the second most important.

The second example was obtained when the constant was 3.0, with the worst
average and minimum generalization errors among those by the present method in
Figure 8. As shown in the figure, input No.3 had the highest strength for all learning
steps. However, variable No.2, which showed the highest strength by the network
with the best average generalization errors, had strength slightly lower than that by the
second input variable. Considering these results, the best performance was due to the
finding of the importance of variable No.2.

The first input variable denotes a time to the first fixation. This metric measures
how long it takes before each subject fixates on the corresponding snack food picture
for the first time. Although an attractive item often tends to be viewed in the earlier
stage, it was shown that this metric had little relation to the consumer choice [32],[33].
The present method detected this characteristic properly, because the first input
variable showed the lowest strength by the present method. The strength of the other
variables differed slightly in accordance with the learning steps as they proceeded. In the
eye-tracking research, the total fixation duration [32] represented by input variable No.2
and the total fixation counts of variable No.3 were considered the most important ones.
As shown in the experimental results in Figure 7 and 8, input variables No.2 and No.3
showed the highest strength and importance. In addition, the present method with the
best generalization performance considered input variable No.2 as the most important. We
can say that, according to the results obtained by the present method, input variable No.2
was the most important and variable No.3 was the second most important. Thus, the
present results show the possibility that the dimensionality or information augmentation
method could extract the main important relations between inputs and outputs.

3.1.6 Interpretation Comparison

Figure 9(a) shows collective weights by the present method, with the best
generalization performance. As discussed in the previous section, variable No.2 showed
the highest importance, and variable No.4 showed the second highest importance.
Figure 9(b) shows correlation coefficients between inputs and targets of the actual data
sets. Except for the first input, all the other four inputs’ correlation coefficients were
almost the same, meaning that the four inputs contributed almost equally to the targets.
We have shown that the present method considered variable No.2 the most important and
variable No.4 the second most important. Thus, the present method succeeded in extracting
important information, which was not described by the linear correlation coefficients.

The bagging method produced the similar characteristic that the first input variable
had less importance in Figure 9(c), where variables No.4 and No.5 showed higher
importance. However, the importance of the first variable was considerably larger,
compared with the importance found by the present method. Then, the strength of
predictor importance seems to increase gradually, which was quite similar to the
correlation coefficients between inputs and targets in Figure 9(b). The bagging ensemble
method could not produce generalization performance equivalent to that by the present
method. This is because the bagging method succeeded in extracting only the relations
measured by the linear correlation coefficients, while the present method could extract or
detect the relations that could not be discovered by the linear correlation coefficients.
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Figure 7: Collective weights with 95 neurons in the second layer with § = 3.5 with the
best generalization performance into the first and the second output neuron from the first
learning step (top) to 100th tenth learning step (bottom) for the snack food data set.

The logistic regression produced a completely different result, in which only the fourth
input kept the stronger value, while all the other inputs became almost zero in Figure 9(d).
As has been well known, the regression analysis has the serious problem of multicollinear-
ity. In the present snack food data set, all the four variables were quite similar to each
other, with high correlations among them. This means that the regression analysis could
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Figure 8: Collective weights with 90 neurons in the second layer and with 8 = 3.0 with the
worst generalization errors into the first and the second output neuron from the first
learning step (top) to the 100th learning step (bottom) for the snack food data set.

not deal with this situation because of the multicollinearity. Considering this fact on
the correlation coefficients, the collective weights described in Figure 7 represent more
exactly the functions of input variables.
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Figure 9: Strength of collective weights into the first and second output by the
present method with the best generalization performance (a), correlation coefficients
between inputs and targets (b), prediction performance by the bagging method (c), and
regression coefficients by the logistic regression analysis (d) for the snack food data set.

4 Conclusion

The present paper aimed to show the importance of input information to be stored in
neural networks. We stated that the input layer has not received due attention in neural
network research in spite of the fact that, without input information, any learning rules
cannot exist. Furthermore, input information tends to have the risk of being underestimated
by the limited number of inputs or input dimensionality. For example, in the present
paper, we dealt with a situation where the number of inputs, corresponding to the number
of input variables, was considerably small, and the majority of input variables were highly
correlated, and actually the number of inputs was even smaller. This means that, with
these inputs, it became difficult to extract important information for learning because
of the complexity of input patterns.

For coping with this difficult situation, we tried to increase the number of inputs or
input variables by using the autoencoders. This corresponds to a situation where we try to
acquire information from outside as much as possible. For living systems, it is natural that
they must try to increase the information content of input patterns of complicated outer
situations as much as possible to keep their existence. When detailed information or any
kind of hints for the important information is obtained, it is easier to find appropriate
information than without such information.

This method can be viewed as a way of information restoration for multi-layered neural
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networks. As has been well known, the vanishing information property, common to
multi-layered neural networks, has prevented multi-layered neural networks from
appropriately learning input patterns. For dealing with this vanishing information, and in
particular, the error gradients, pre-training by the unsupervised learning was introduced
[9], [10]. However, it has been known that the effect of pre-training has not been so
effective as had been expected. This is because the objectives of unsupervised learning
and supervised learning are different from each other, and weights by the unsupervised
pre-training turned out to be not effective for training supervised learning. In addition,
the input information tends to decrease when going through stacked autoencoders, and
eventually, information by the pre-training becomes of no use for supervised learning.

The present method tried to use information obtained by the unsupervised learning
in the form of inputs to multi-layered neural networks. Because multi-layered neural
net-works have the property of vanishing information, we tried to increase information
content obtained from input patterns as much as possible. For this purpose, the number
of output neurons in the unsupervised learning was increased to extract detailed and
redundant information content, because we do not know which features in input patterns
are necessary to train multi-layered neural networks. Then, multi-layered neural networks
tried to select necessary information from among many candidates in the form of
redundant and excessive information in connection weights. This task was certainly
easier, because many different options were already prepared.

The method was applied to real experimental data with only five input variables,
which were highly correlated with each other. The highly correlated four input
variables were combined into one variable, and then only two input variables were
available. This means that too few input variables were available, making it difficult to
learn relations between inputs and targets. The results show that the present method with a
large number of neurons produced much better generalization performance. In particular,
two steps of dimensionality augmentation could produce better generalization performance.

Finally, one of the major drawbacks of the present method is that the method is
computationally expensive, because the number of input nodes must be increased as
much as possible to extract redundant information content. Thus, we must compromise
between the number of inputs and the corresponding costs for computation. In
neurosciences, the compromise problem between the number of dimensions and the cost
has already been discussed [17]. Thus, it may be quite interesting to examine the optimal
ratio of the number of inputs to the corresponding cost.

For future directions, we should explore the possibility of much higher information
augmentation. The present paper dealt only with one- and two-step dimensionality
augmentation. However, it would be interesting to examine how many steps would be
necessary or better for improving generalization. In addition, it is not enough only to
increase the number of inputs for increasing information content, but it is better to
increase information useful for detecting relations between inputs and targets. We think
that information in input patterns should be increased, ordering the information for
using it for the subsequent supervised learning. In the paper, the autoencoder seemed to
be well suited for this information augmentation problem. One of our inferences on this
point is that the autoencoders may have an ability to order complicated information in
input patterns into more simplified forms, or more strongly to disentangle complicated
information into simpler information to be easily deal with. Thus, for future direction, we
need to examine more exactly what kind of information should be augmented in order to
increase information effective for supervised learning. Though some problems should be
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solved for actual and practical data sets,the method can be applied at least to data sets
with a few input variables.
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