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Abstract. The training of multilayer perceptron network starts by giving ini-
tial values to the weights. Commonly small random values are used for weight
initialization. Then their adjustment is carried out by using some gradient
descent based optimization routine such as backpropagation. If the initial
weight values happen to be poor then it may take a long time to obtain ade-
quate convergence, or in the worst case the network may get stuck to a poor
local minimum. To improve the convergence in the training phase we intro-
duce a maximum covariance method to initialize the weights. The simulation
results show that the maximum covariance method is relatively fast to compute
and it improves the convergence significantly over the random initialization.

-1 Introduction

The multilayer perceptron (MLP) network is one of the most well known and
widely used neural network model. Nowadays there exists numerous learning algo-
rithms which can be used for training the network weights [1]. Regardless of many
sophisticated learning algorithms the initial values given to the weights can affect
critically the learning behaviour. Therefore, several initialization methods have been
studied [2,3].

In this study a maximum covariance (MC) method is proposed for the weights
initialization. This method can be divided to three phases. First a large number of can-
didate hidden units is created by initializing their weights with random values. Then
the desired number of hidden units is selected amongst the candidates by using the MC
criterion. Finally, the weights feeding the output units are calculated with linear regres-
sion. After the MC initialization the network is trained with some optimization routine.
We chose to use the resilient backpropagation (RPROP) which has been shown to be
an efficient adaptive training algorithm {4,5]. The performance of the MC initialization
method is tested using two benchmark problems, and a comparison with random ini-
tialization is presented.
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2 Maximum Covariance Method

The proposed MC initialization method can be used to initialize MLPs with one
hidden layer as depicted in Fig. 1. Although in this study we use single-output net-
work, the MC method can be directly expanded to multi-output case. The network we
are considering can be written as

q r
y = v+ 2 vjtanh[woj + Z wi]xij. ¢
j=1 i=1
The number of inputs is 7, number of hidden units is ¢, weights are denoted with
v; and wy; (including the biases vy and wy;), and the activation function in the hidden
units is kyperbolic tangent (tanh) function. It is noted that the output unit is linear.
The RPROP training method, which is used after the initialization, can be

expressed with the following equations

0(t+1) = 0(1) +A0(n) 2
A1) Lif0E'/38 >0
AO() = V4A(n  Lif9E'/30<0 ©
' 0 , else
nAGE-1)  if (aE" 1/89)(812’/89) >0
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Parameter 0 denotes a weight (v; or wy) and E is the cost function i.e. the sum
squared error. The RPROP method includes several parameters for which we used the
following values: decrease factor °=0.5, increase factor n*=1.2, initial update value
Ag=10", maximum update value A,,,=1 and minimum update value Apin=10"10.
More details about the RPROP method can be found in Refs [4,5].

Figure 1. MLP with one hidden layer and single output.
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The maximum covariance initialization algorithm can be described by the fol-
lowing steps:

1. Choose the desired number of hidden units ¢ by using some appropriate model
selection method. Different model selection methods have been represented for
example in Ref [6].

2. Create M candidate hidden units (M>>g) by initializing their weights w;; with ran-
dom values. We used. M=10g and the candidate units were initialized with uni-
formly distributed random numbers from the interval [-4;4].

3. Do not connect the candidate units to the output unit yet. Only parameter feeding
the output unit at this time is the bias weight v,. Set the bias weight value to be
such that the network output is the mean of the desired output sequence.

4. Calculate the covariance for each of the candidate unit from equation

n
1 n D ; —
C; = ;2 (0; ,~0)) (e,~2) Lj=1,..,M )
=1

in which o0; , is the output of the jth hidden unit for pth pattern. Parameter 5j is the
mean of the jth hidden unit’s outputs, ¢, is the output error at the network output
and e is the mean of the output errors.

5. Find the maximum absolute covariance IC;l and connect the corresponding hidden
unit to the output unit. Set M=M-1.

6. Optimize the currently existing output weights v; with linear regression. Note that
the number of these weights is increased by one every time a new candidate unit is
connected to the output unit, and due to the optimization the output error changes
each time.

7. If g candidate units have been connected to the output unit then quit the initializa-
tion phase; otherwise repeat the steps 3-5 for the remaining candidate units.

The idea behind the MC initialization method is to one by one select those hidden
units amongst the candidates which have the maximum absolute covariance with the
current output error. In this way those candidate hidden units are selected which can
efficiently ’cancel’ the output error.

3 Experiments

Next we present two examples of the usefulness of the proposed MC initializa-
tion scheme. The first benchmark is the 4x4 chessboard problem, which is depicted in
Fig. 2a. In an nxn chessboard problem the network has two inputs which are the coor-
dinates of the squares in the nxn sized chessboard. For white squares the output is ’off”
and for black squares the output is *on’. The other problem is the well known two-spi-
rals problem which has been studied for example in Ref [7]. There are two inputs
which correspond the X-Y coordinates. Half of the input patterns produce 'on’ and
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another half ’off” to the output. The training points are arranged in two interlocking
spirals as shown in Fig. 2b.

The training performance is studied by using the misclassification percentage
metric which indicates the proportion of incorrectly classified output items. The 40-20-
40 scheme is used which means that if the total range of the desired outputs is 0.0 to
1.0 then any value below 0.4 is considered to be a zero ("off”’) and any value above 0.6
is considered to be a one ("on’). Values between 0.4 and 0.6 are automatically classi-
fied as incorrect. The training was repeated 100 times for each scheme. In the random
initialization scheme uniformly distributed random numbers from the interval [-
0.5;0.5] were used. For the 4x4 chessboard problem we used 6 hidden units and for
two-spirals problem 42 hidden units in the network. In the two-spirals problem the
MLP with 42 hidden units has about the same number of parameters as the 15 unit
Cascade-Correlation network which have been shown to give good results in Ref [7].

The average learning curves for the benchmark problems are shown in Figs. 3
and 4. Evidently, with maximum covariance initialization the convergence is signifi-
cantly better compared to the case where random initialization is used; much lower
misclassification value is obtained on average. From Table 1 it can be seen that the
computational cost of the MC method is acceptably low. For example, in the chess
problem the MC initialization corresponds 20 epochs of training with RPROP. Cer-
tainly it is profitable to do the initialization because it improves the convergence con-
siderably. The same conclusion applies for the two-spiral problem. More. simulations
of the MC method and comparisions with other initialization methods can be found in
Ref [6].

Table 1. Computational costs of the initialization methods.
Data | Method n M q | Costin epochs

chess | random 16 - 6 ~ 0 epoch
chess MC 16 60 6 20 epoch
spiral | random | 194 - 42 ~ 0 epoch

spiral MC 194 | 420 | 42 180 epoch

4 Conclusions

The initialization of the multilayer perceptron network with maximum covari-
ance method was studied. The experimental results showed that with this initialization
the training convergence can be improved significantly. On the other hand, the maxi-
mum covariance method was found to have acceptably low computational cost. These
findings indicate that the proposed method can be useful for initializing multilayer per-
ceptron network, and inspire further studies.
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Figure 2. Circles represent the "off” and crosses the "on’ values. a) 4x4 sized chess-
board problem. b) Two-spirals problem.
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Figure 3. Average learning curves for the chess problem. Dashed line was obtained
with random initialization and solid line with maximum covariance initialization.
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Figure 4. Average learning curves for the spiral problem. Dashed line was obtained
with random initialization and solid line with maximum covariance initialization.
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