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ABSTRACT: In recent years many studies have demonstrated that the used weight initialization strategy has significant
impact in the training process of multilayer perceptron networks. However, even nowadays a common approach is to use
small random values for weight initialization. In many difficult classification problems this simple strategy is not ade-
quate. This has led to another widely used strategy, in which random initial values are used with the constraint that the
initial weight distribution should be such that sigmoidal units operate within the active region in some well defined man-
ner. There are numerous variations of this approach differing in the manner on how the active region is used. Another
computationally simple approach is to utilize the concept of candidate weight initialization. In addition, there are numer-
ous other methods, but they often involve extensive statistical and/or geometrical analysis of the data. Even though a lot
of work have been done in this area, very little work have been done on comparing different approaches. In this study we
compare three different weight initialization approaches. The first is the basic initialization with small random values. In
the second we utilize the constraint that initially the sigmoidal units should operate in the active region in a well defined
manner. Thirdly we consider the candidate weight initialization approach. Empirical simulations demonstrate that the
candidate weight initialization approach is the most promising method for difficult classification problems while the
basic initialization with small random values is the worst (as expected).
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INTRODUCTION

Multilayer perceptron networks are powerful models for solving nonlinear mapping problems, Haykin (1999). Their
training is usually done with gradient descent based optimization routines, Fletcher (1990). The training can be viewed
as a nonlinear optimization problem in which the goal is to find a set of network weights that minimize a cost function.
The cost function which is usually a function of the network mapping errors describes a surface in the weight space,
often referred to as the error surface. Training algorithms can be viewed as methods for searching minimum of this sur-
face. The complexity of the search is governed by the nature of the surface. For example, error surfaces for multilayer
perceptron networks can have many flat regions where learning is slow, and long narrow "canyons" that are flat in one
direction and steep in the other directions. Thus, in realistic cases, the large number of very flat and very steep parts of
the surface make it difficult to search the surface efficiently using gradient based training routines. In addition, the cost
function is characterized by a large number of local minima with values in the vicinity of the best or global minimum.

Because of the complexity of the search space, the main drawbacks of gradient techniques are that they are slow and
unreliable in convergence. Major reasons for poor training performance are the problem of determining optimal steps
(i.e. size and direction in the weight space in consecutive iterations), the problem of network size, and weight initializa-
tion. The improved training algorithms (more optimal steps) and optimal network size do not alone guarantee adequate
convergence because of the initialization problem. When the initial weight values are poor the training speed is bound to
get slower even if improved training algorithms and optimal network size are used. In the worst case the network may
converge to a poor local optimum.

Many recent studies have shown that a proper weight initialization can facilitate the training process significantly,
Denoeux and Lengelle (1993), Drago and Ridella (1992), Wessels and Barnard (1992). The conventionally employed
rule for weight initialization is to use small random values. The motivation for this is that large absolute values of
weights can cause network nodes to be highly active or inactive (saturated) for all training samples, and thus insensitive
to the training process. However, too small values can also slow down the training. The randomness is introduced for



preventing network nodes from adopting similar functions (this is also called symmetry breaking). This conventional
random initialization can be adequate in many simple problems. However, in many difficult classification problems this
simple strategy is not adequate. This has led to another widely used strategy, in which random initial values are used with
the constraint that the initial weight distribution should be such that sigmoidal units operate within the active region in
some well defined manner, Nquyen and Widrow (1990). There are numerous variations of this approach differing in the
manner on how the active region is used, Thimm and Fiesler (1997). Another computationally simple approach is to uti-
lize the concept of candidate weight initialization, Lehtokangas et al. (1998). In addition, there are numerous other meth-
ods, but they often involve extensive statistical and/or geometrical analysis of the data. Even though a lot of work have
been done in this area, very little work have been done on comparing different approaches. In this study we compare
three different weight initialization approaches. The first is the basic initialization with small random values. In the sec-
ond we utilize the constraint that initially the sigmoidal units should operate in the active region in a well defined man-
ner. Thirdly we consider the candidate weight initialization approach. Next the two latter approaches are described with
more detail to facilitate the comparison.

REFERENCE PATTERN INITIALIZATION

We have recently proposed a so called reference pattern (RP) weight initialization scheme, Lehtokangas and Saarinen
(1998). It belongs to the category where the constraint that initially the sigmoidal units should operate in the active
region in a well defined manner, is utilized. Namely, with RP-initialization the aim is to set the initial weight values to be
such that inputs to network nodes are within the active region (in active region the derivative of the hidden unit activation
function is non-zero; otherwise the hidden unit is saturated). In addition the discriminant functions formed by the hidden
nodes are evenly distributed to the input space according to the reference patterns. For the reader’s convenience, with one
hidden layer and hyperbolic tangent activation functions, the RP-initialization can be described by the following steps:

step 1. Let the number of hidden units to be initialized beq. Createq reference input patterns from the training data
for example by clustering. Create also the corresponding desired reference output patterns. Different methods
for obtaining the reference patterns have been discussed in Lehtokangas and Saarinen (1998).

step 2. Initialize the weightswij  (these are the connections between input and hidden layers) by finding the least mean
square error optimal solution for the following modelling problem. Let us define a linear model as

(1)

in which hj is aqx1 vector containing the outputs of the linear model,W is aqx(p+1) matrix containing the
weightswij  to be initialized (including the biases), andcj is a (p+1)x1 vector consisting of thej:th reference
input pattern created in step 1 and a unit input to bias weights (the first element). The desired model outputdj
is a qx1 vector in which thej:th element has the value 1 and all the other elements have the value -1. The
desired output values have been selected so that they are well within the active region of the activation func-
tion which was the hyperbolic tangent function in this work.

step 3. AfterW has been initialized, feed the reference input patterns through the hidden layer. Then initialize the
weightsvjk (these are the connections between hidden and output layers) by finding the least mean square
error optimal solution for another linear modelling problem defined as

(2)

in which oj is a rx1 vector containing the outputs of the linear model,V is a rx(q+1) matrix containing the
weightsvjk to be initialized (including the biases), andaj is a (q+1)x1 vector consisting of hidden layer outputs
for the j:th reference input pattern created in step 1 and a unit input to bias weights (the first element). The
desired model outputdj is now arx1 vector which is thej:th reference output pattern created in step 1.

This concludes the initialization procedure. More detailed description can be found in Lehtokangas and Saarinen (1998).
As can be seen from the above, the proposed RP-initialization scheme involves only creating reference patterns and solv-
ing two relatively small linear optimization problems given in equations (1) and (2). Considering the reference pattern
creation, it should be emphasized that the only restriction here is that the selected reference patterns should be represent-
ative of the training data. By this we mean that reference patterns should only indicate where the training data lies in the
input space. The rationale of the RP-initialization approach can be explained as follows. For each hidden unit we attempt
to assign a representative reference pattern. That is, when a reference pattern is fed to the network we desire that the
input to the corresponding hidden unit would be one and minus one for all the other units (in case of hyperbolic tangent

hj Wcj ,= j 1 … q, ,=

oj Vaj ,= j 1 … q, ,=



activation function). First of all, this causes that the inputs to the hidden units are within the active region for all the ref-
erence patterns. Because the reference patterns are supposed to be representative of the training data, it follows that the
inputs to the hidden units are within the active region also for all or most of the training data. Secondly, each hidden unit
attempts to become sensitive to one of the reference patterns. Therefore if the reference patterns are representative (the
input space area where training data is located is evenly covered) then the weights become initialized so that the discri-
minant functions formed by hidden nodes are evenly distributed to the relevant region of input space where the training
data lies. This could be called as deterministic symmetry breaking.

MAXIMUM COVARIANCE INITIALIZATION

The maximum covariance (MC) initialization method, Lehtokangas et al. (1996), is an efficient example of candidate
weight initialization approach. There the underlying idea is based on the stepwise regression which is an old statistical
technique for selecting the best regression equation, Draper and Smith (1981). First a large number of candidate hidden
units (or candidate regressors) are created by initializing their weight with random values. Then the desired number of
hidden units is selected among the candidates by the use of the MC criterion. A practical MC-initialization procedure can
be described by the following steps:

step 1. CreateQ candidate hidden units (Q>>q; q denotes the desired number of hidden units) by initializing the
weights feeding them with random values.

step 2. Do not connect the candidate units to the output unit yet. The only connection feeding the output unit at this
time is the bias weight. Set the value of the bias weight to be such that the network output is the mean of the
desired output sequence.

step 3. Calculate the covariance for each of the candidate unit from the equation

(3)

k=1,...,Q. In aboveyk,l is the output of thek:th candidate hidden unit for thel: th example. The parameteryk is
the mean of thek:th hidden unit outputs,εl is the output error at the network output andε is the mean of the
output errors.

step 4. Find the maximum absolute covariance |Ck| and connect the corresponding hidden unit to the output unit. Dec-
rement the number of candidate hidden unitsQ by one.

step 5. Optimize the currently existing weights that feed the output unit 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.

step 6. Ifq candidate units have been connected to the output unit then quit the initialization phase. Otherwise go
back to step 3.

The above maximum covariance method can be seen as a deterministic method for choosing the best initializations
(according to the covariance criterion) from a large set of random initializations. Compared to the reference pattern ini-
tialization in the previous section, the maximum covariance initialization obviously requires more computation since the
value ofQ can be very large, and linear regression (step 5.) has to be performedq times. In certain type of problems this
difference in computational cost can become critical feature when considering the usefulness of the methods.

EXPERIMENTS

In this section the performances of the basic random, reference pattern and maximum covariance initialization methods
are empirically investigated in the context of multilayer perceptron network training. We have used two benchmark prob-
lems. The first problem is the two spirals problem, Fahlman and Lebiere (1990), where the goal is to separate two inter-
locked spirals. This problem has been found relatively hard to solve with multilayer perceptron networks. The second
problem is the channel equalization problem described in Kantsila et al. (to appear). There the goal is to equalize a burst
of bits transmitted through a fixed communication channel having 20db signal-to-noise ratio. The optimization procedure
we used for actual training was the RPROP algorithm, Riedmiller and Braun (1993). Each of the simulations were
repeated ten times.

According to some experimentation, in the two spirals problem the number of hidden units was set to 40 (161 network
parameters). In terms of number of parameters, this is similar sized network as used in previous studies, Fahlman and
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Lebiere (1990). In the equalization problem the number of hidden units was set to 7. The number of candidates used in
the MC-initialization was set to be ten times the number of hidden units. With these settings the learning curves after dif-
ferent initializations are depicted in Figs. 1-3. Obviously, with basic random initialization there are considerable conver-
gence difficulties. The RP-initialization provides significant improvements, but the MC-initialization is in its own class.
Considering computational costs, in the two spirals problem the RP- and MC-initialization correspond to 14 and 150
epochs of RPROP training, respectively. Hence MC-initialization requires over ten times more computation, but 150
epochs is still quite low value considering the actual learning curves in Figs. 1a, 2a and 3a. Similarly, in the equalization
problem the RP- and MC-initialization correspond to 7 and 17 epochs of RPROP training, respectively. As a result,
the MC-initialization method seem to be the most promising one. However, one should keep in mind that in larger prob-
lems the MC-initialization may become computationally infeasible, whereas RP-initialization could still provide viable
alternative due to its simplicity. In any case, the results once more demonstrate that in difficult problems one should use
more advanced initialization techniques than just the usual initialization with small random values.

CONCLUSIONS

Weight initialization in the context of multilayer perceptron network training was considered. First we described the
problem of weight initialization. Then two weight initialization approaches were briefly described. These were the refer-
ence pattern and maximum covariance initialization. After that, we empirically investigated the performances of these
approaches. Comparison with the usual initialization with small random values was also included. The obtained results
demonstrated that in difficult problems advanced initialization methods can considerable improve the convergence.
Especially the maximum covariance initialization was found to provide the greatest potential for the initialization prob-
lem. However, in large scale problems the reference pattern approach may provide to be better alternative due to its com-
putational simplicity.
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Figure 1: Classification error as a function of training epochs with the initialization with small random values; a) two spi-
rals problem, and b) equalization problem (for independent test set). The solid line represents the average curve, while
the dashed lines represent the minimum and maximum curves, respectively.

Figure 2: Classification error as a function of training epochs with the RP-initialization; a) two spirals problem, and b)
equalization problem (for independent test set). The solid line represents the average curve, while the dashed lines repre-
sent the minimum and maximum curves, respectively.

Figure 3: Classification error as a function of training epochs with the MC-initialization; a) two spirals problem, and b)
equalization problem (for independent test set). The solid line represents the average curve, while the dashed lines repre-
sent the minimum and maximum curves, respectively.
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