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Multilayer Perceptron: NSGA II for a New Multi-Objective Learning Method for Training and Model
Complexity

ABSTRACT:  The multi-layer perceptron has proved its efficiencies in several fields as pattern and voice recognition. Unfor-
tunately, the classical training for MLP suffers from a poor generalization. In this respect, we have proposed a new multiobjective
training model with constraints which satisfies two objectives. The first one is the learning objective: minimizing the perceptron
error and the second is the complexity objective: optimizing number of weights and neurons. The proposed model will provide
a balance between the multi-layer perceptron learning and the complexity to get a good generalization. Our model has been
solved using an evolutionary approach called the Non-Dominated Sorting Genetic Algorithm (NSGA II). This approach has
led to a good representation of the Pareto set for the MLP network, from which an improved generalization performance model
is selected.
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1. Introduction

The multi-layer Perceptron is an efficient neural network is capable to approximate any continuous function or classify any data,
as long as he have enough neurons number and the adequate weight, what is known as optimization and learning of the MLP’s.
The learning of a neural network is mainly based on the search for the adequate weights value allowing to have a better result
without really worrying about the best network topology, thus intervenes the optimization of the neural network. Several works
treat each problem individually on the other using classical learning methods [1], optimization methods [2] [3], unfortunately
learning method that use only training data error do not necessarily yield to good generalization models for noisy data since they
does not control flexibility during the training process. These two subjects allows having a good generalisation performance,
which can be obtained with techniques such as validation [4], pruning [5] or constructive algorithms [6]. It has been shown in Ref.
[7] that generalization is strongly related to the norm  5ØdÜ  of the weight vectors. In this fact, a few theory basing on a multi-
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objective optimization such as model MOBJ [8, 9] and LASSO (last absolute shrinkage and selection operator) [10] appears but
proposes to solve the problem via mono-objective optimization. Our approach consists in modelling and solving the generaliza-
tion problem of the MLP by a purely multi-objective methodology including  two objectives: to minimize the general error of the
perceptron and the sum of the absolute values of the weights  under constraints. In this case, the solution of the problem is a set
of undominated solutions by the Pareto concept [11], what is the set name from, “PARETO FRONT”. We propose to solve the
model by the NSGA II (Non-dominated Sorting Genetic Algorithm II) [12] one of the most efficient multi-objective genetic
algorithms. This approach will make it possible to imply the generalization of the MLP’s  and reduce the topology.

The remaining part of this article is organized as follows. In Section 2, we introduced some related works on multi-objective and
regularization neural networks. In Section 3 we describe the training of multilayer perceptron. In Section 4, we present the
proposed model. Section 5 is about the multi-objective resolver, NSGA II, for MLP and before concluding, experimental results are
given in section 6.

2. Related Work

Generalization is the artificial neural network (ANN) ability to properly answer to unknown patterns. In this fact, for a good
generalization solution, it is necessary to fit the ANN to problem complexity.

Recently many researchers have introduced the multi-objective evolutionary strategy; Inspired from neural network regulariza-
tion, the training error and the sum of the absolute weights were minimized using an Epsilon-constraint-based multi-objective
optimization method.

Many approaches in the literature take into account the generalization concept of MLP. This section describes works that are
more or less similar to our proposed approach. The first proposed model in this context was by G. Liu and V. Kadirkamanathan [13].
Ricardo H. C. Takahashi et al [8] presents a new learning scheme for improving generalization of multilayer perceptron’s within
multi-objective optimization approach to balance between the error of the training data and the norm of network weight vectors
to avoid over-fitting. Ricardo H. C. Takahashi, Rodney R. Saldanha [9] introduces a new scheme for training MLPs, which employs
a relaxation method for multi-objective optimization. The algorithm works by obtaining a reduced set of solutions, from which the
one with the best generalization is selected. Marcelo Azevedo Costa et al [14] gives a new sliding mode control algorithm that is
able to guide the trajectory of a multi-layer perceptron within the plane formed by the two objective functions: training set error
and norm of the weight vectors. Marcelo Azevedo Costa et al [15] proposed an approach that explicitly considers the two
objectives of minimizing the squared error and the norm of the weight vectors. The learning task is carried on by minimizing both
objectives simultaneously, using vector optimization methods. This leads to a set of solutions that is called the Pareto optimal set,
from which the best network for modeling the data is selected. Marcelo Azevedo Costa et al [16] Improve generalization of MLPs
with sliding mode control and the Levenberg–Marquardt algorithm. In addition, our previous works [17, 18].

3. Multilayer Perceptron and Training

A Multilayer Perceptron is a variant of the original Perceptron model proposed by Rosenblatt in the 1950 [19]. It has one or more
hidden layers between its input and output layers, the neurons are organized in layers, the connections are always directed from
lower layers to upper layers, the neurons in the same layer are not interconnected.

The choice of layers number and neurons in each layers and connections called architecture problem, the neurons number in the
input layer equal to the number of measurement for the pattern problem and the neurons number in the output layer equal to the
number of class.

The Learning for the MLP is the process to adapt the connections weights in order to obtain a minimal difference between the
network output and the desired output, for this raison in the literature some algorithms are used such as Ant colony [20], but the
most used called Back-propagation witch based on descent gradient techniques [21].

Assuming that we used an input layer with n0 neurons X = (x0, x1, … , xn0) and a sigmoid activation function f (x) where:
         

(1)
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To obtain the network output we need to compute the output of each unit in each layer.

Now consider a set of hidden layers (h1, h2, … , hN), assuming that ni are the neurons number in each hidden layer hi.

For the output of first hidden layer

The outputs of neurons in the hidden layers are calculated as follows:

Where  is the weight between the neuron k in the hidden layer i and the neuron j in the hidden layer i + 1,  ni is the number of

the neurons in the ith hidden layer, The output of the ith layers can be formulated by:

The network outputs are computed by

Where  is the weight between the neuron k of the Nth hidden layer and the neuron j of the output layer,  nN is the number of

the neurons in the Nth hidden layer, Y is the vector of output layer, F is the transfer function and W is the weights matrix, it’s defined
as follows:

Where X is the input of neural network and f is the activation function and Wi is the matrix of weights between the ith hidden layer
and the (i + 1)th hidden layer for  i = 1, … , N - 1, W 0 is the matrix of weights between the input layer and the first hidden layer, and
WN is the matrix of weights between the Nth hidden layer and the output layer.

4. Proposed Model

Choosing a suitable topology for the MLP neural network is a difficult problem as reasons that an unsuitable topology increases
the training time or even causes non-convergence and that it usually decreases the MLP generalization capability [22], another
important criterion in the MLP neural network efficiency. Therefore, we propose to find the tradeoffs between the network size and
generalization performance by a multi-objective optimization model [11] under constrains.

The proposed model aims to satisfy two objective, the learning and complexity one. The constraints aims to eliminate any
unfunctional neuron in the MLP architecture, what produces a large weight elimination. In this case, the nodes pruning does a
good job. While weights pruning can give better results at cost of more complex ANN structure and higher computational time.
Combining the both approaches will end up with great pruned neural network.

The network studied in this paper consists of a single hidden layer, in this fact we use the following formula:

4.1 Notation

(2)

(3)

(4)

(5)

(6)

(7)
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N: The number of neurons in the hidden layer.

n0 : The number of neurons in input layer.

n : The number of neurons in output layer.
X : Input data of the neural network.
Y : Calculated output of the neural network.
d : Desired output.
f : Activation function.
h : The hidden layer.
w : Network weights.

: Binary variable as:

k : is the connection index between two successive layers.

Ui: Binary variable as:

4.2 Output of the Hidden Layer
As we have a single hidden layer in the neural network, he is directly connected to the input layer, so the suppression of the
hidden layer neurons and the weights connecting the input layer to the hidden layer is represented in output of each neuron by:

4.3 Output of the Neural Network
The output network is calculated using the weights connecting the hidden layer to the output layer or at this point, we remove
some connection, so the network output is calculated by:

4.4 Objectives Functions
The model is a multi-objective model in order to satisfy two objectives:

The first one is the global error of the multi-layer perceptron training defined as the error between calculated output and desired
output, presented in the following form:

(8)

(9)

(10)
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The second objective aims to reduce the network weights number in order to control the weights variations during the training for
a better generalization.

4.5 Constraints
The first constraint guarantees the existence of hidden layer by the existence of; at least, one neuron in it, the constraints is
expressed by:

Since, we remove connections and neurons of the network. We must ashore the communication between them. A neuron, which
has no connections, should be removed from the network architecture. The same, as we delete a neuron, we must remove its
connections too. The constraint, then, is expressed by:

• The communication between the input layer and hidden layer :

• The communication between the hidden layer and the output layer:

4.6 Obtained Model
The multi-layer perceptron optimization problem can be formulated as:

Many methods was proposed to solve a multiobjective optimization model [11], in this paper we proposed to solve the multiobjective
learning method for training and model complexity by an evolutionary method called non dominated sorting genetic algorithm II
(NSGA II). The next section discuses in details the mentioned method.

5. NSGA II for MLP Multi-objective Training Model

5.1 Non Dominated Sorting Genetic Algorithm II (NSGA II)
The genetic algorithm (GA) is a metaheuristic approach based in evolutionary population, proposed by Holland [23]. During the
ten last years the genetic algorithm was developed and adapted to resolve multi-objective optimization problem, so many
variation appeared [24, 25].

One of the variation of GA multi-objective is NSGA [26]. It is a very effective algorithm but has been generally critiqued for its

(11)

(12)

(14)

(13)

(15)
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computational complexity, lack of elitism and for choosing the optimal parameter value for sharing parameter σ share. A modified
version, NSGAII [12] was developed to avoid the NSGA shortcoming. The NSGA II was classified as one of the most efficient
multi-objective evolutionary algorithm [27, 28], which has a better sorting algorithm, incorporates elitism and no sharing param-
eter needs to be chosen a priori. NSGAII is discussed in detail in this section.

5.1.1 Algorithm
The general algorithm steps are presented as follows:

Step 1: Create a random parent population Pt of size Z.

Step 2: Sort the random parent population based on non-domination concept.
Step 3: For each non-dominated solution assign a rank equal to its non-domination level, 1 is the best level, the second one is the
next best level and so on.
Step 4: Create on offspring population Qt using selection and production operators as following:

Selection. The comparison step applied to choose a parents solutions is defined by the rank value, if n solutions have the same
rank value, the crowded comparison operator based on the crowding distance is applied, the solution with the best crowding
distance is kept;

Crossover. Choose the parents solutions for crossover;

Mutation. Choose the parents solutions for mutation;

Step 5: Create the mating pool Rt by combining the parent population Pt and the offspring population Qt.

Step 6: Sort the combined population Rt according to the fast non-dominated sorting procedure to identify all non-dominated
fronts .

Step 7: Generate the new parent population  of size Z by choosing non-dominated solutions, starting from the first ranked
non- dominated front . When the population size z is exceed, reject some of the lower ranked non-dominated solution.
Step 8: Repeat from step 3 until the stopping criteria is reached.

The NSGA II considers all non-dominated solutions of the combined populations as the next generation member. If the population
size isn’t reached, the next front is caped, until the population is completed.

To select the candidates of the next generation through the crowding distance criteria, the mean advantage of this criterion is
maintaining the solutions diversity in the population. This procedure prevent premature convergence. The crowding distance is
detailed as follow:

5.1.2 Crowding Distance
The crowding distance serves as an estimate of the perimeter of the cuboid formed by using the neighbors as the vertices; an
estimate of the density of solutions surrounding a particular solution in the population.

The algorithm used to calculate the crowding distance of each point in the set Fr is given by:

Step 1: For each solution in the set, Fr assign 0 to the crowding distance corresponding;

Step 2: For each objective function , sort the set in worse order of fm;

Step 3: Assign a large distance to the boundary solutions (1 is the first solution and l is the last one in the
front Fr. On the other hand, for all other solutions i = 2, ..., l - 1 assign:

  is the mth objective function value of the (i + 1) solution in the set Fr.

(16)
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 is the mth objective function value of the (i - 1) solution in the set Fr.
 is the maximum value of the mth objective;
 is the minimum value of the mth objective;

5.2 NSGA II adaptation to MLP
To resolve the multi-objective training model for the multi-layer perceptron we use the NSGA II. As result, we well get a solutions
set, each of which satisfies the objectives at an acceptable level without being dominated by any other solution. In follow we will
adequate the NSGA II to the proposed model.

Solution Coding. The coding step is a very important one; each individual in the population is a presentation of a possible
solution of the problem, which can be represented as an integer, continuous, binary or mixed chromosome. For our problem a
single individual, contain tree chromosomes presenting the tree problem variables: , and ; so the NSGA II individual is
a structure in figure 1.

Initial Population. The genetic algorithm population is the pool of the initial solution with what the algorithm will start. In most
cases, it is chosen randomly, it is the same for our population. The vector  and the matrix  are a binary variable so we generate
it 0 or 1.

However, for  is a continuous variable generate between [-0, 5, 0, 5].

Figure 1. The NSGA II individual for the multilayer perceptron multi-objective learning model

Fitness Assignment. To evaluate the solutions, the algorithm classify each solution in the adequate front using the ranking
philosophy. The algorithm assign a rank = 1 if the individual isn’t dominate by any solution in the population, in this fact the
individual belongs to the first front, the optimal front and removed from the unclassified solution. The process is repeated with an
increment, each time, of the rank until all individual is classified.

Parent Selection. Is the process of selecting parents [29] (mate and recombine) to create offspring for the next generation. This
step drive individuals to better and fitter solutions. It exist many different method for the parent selection, for our case, we select
the parent using the Tournament Selection [30]. The method consists to select randomly a set of k individuals, then, ranked
according to their relative fitness (rank and crowding distance) and the fittest individual is selected for reproduction. The whole
process is repeated n times until the selection proportion is reached.

Operator Production. We applied the crossover operation in two points chosen randomly. On the other hand, the mutation point
is randomly chosen.

Correction. Every children generated is not necessarily a possible solution of the problem, Therefore a verification-correction is
required.

Replacement. We used a steady-state population replacement strategy. With this strategy, each new child is placed in the
population as soon as it is generated and corrected. The best solutions are chosen to be caped in the population.
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6.  Implementations and Numerical Results

6.1 Description of used Data set
In this section, a number of experiments were conducted with standard benchmark data sets of the University of California Irvine
(UCI) machine learning repository [31] to test the performance of our methodology. Five classification problems are used: Fisher’s
iris data set, Seed data set, Breast cancer Wisconsin, Wine data set and Thyroid data.

The table 1 Show the summary of the used data sets along with the number of examples, number of attributes and class.

Table 1. Characteristics of Used Data Set

6.2 Numerical Results
To illustrate the advantages of the proposed approach, we tested it on databases described above. Since we adapt the NSGA II
algorithm to solve the obtained model. We have use a MLP with a single hidden layer containing 15 neurons. The adaptation of
the NSGA II algorithm requires, also, a setting of the algorithm parameter, the following table (table 2) shows the proposed setting:

Parameter Setting

Population size 100

Selection rate 80%

Crossover rate 70%

Mutation rate 30%

Stopping criteria 100*1000 iteration

At first, we obtain the right shape of the Pareto front, but it isn’t enough, for our case, the users need only a single solution. It is,
from the algorithm point of view, all the solution in the Pareto front are equally important. For this, many approaches was proposed
[31]. We have chosen the must adequate solution between the obtained optimal solutions by an approach basing on the crowding
distance. The solution obtained is illustrated in table 3.

Table 2. NSGA II Parameter setting

Table 3. The obtained solution
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The class presented in table 3 is calculate by the following formula:

The P. Method in table 3 represent the proposed model and BP+LASSO represent the Back propagation method with a regularized
error. Well, in order to prove the efficiency of our approach, we compare it to BP+LASSO. The back propagation is applied to
minimize the MLP error with a second term, aiming to regulate the current error, the error is presented as:

The β is a parameter fixed by testing several time with different value (0,05; 0,1; 0,15 …), the best results was find at β  = 0, 1. Which
to presented results in table 3.

From the table 3 we can see that our approach obtain a better results in the regulation term, compared to the BP+LASSO, as we
have add a decision variable. The number of the connections and neurons are also considerably reduces compared to the
BP+LASSO Method. The table 3, also chows a better calculate class rate for the proposed model. In this fact, we can say that the
proposed model is able to provide a good generalization and reduce the MLP topology.

6. Conclusion

In this paper, a new multiobjective learning model is presented to improve the MLPs generalization by minimizing the training error
and controlling the weights variation of the network during the learning process in order to prune the network efficiently.
Furthermore, we have proposed two new constraints to ensure the communication between connection and neurons. The model
was solved by adapting the NSGA II algorithm to the current model.

The results show that the proposed method allow to reduce unnecessary nodes and connections, compared to algorithm that
minimize only the regularized error, such as standard backpropagation with Lasso regularizer, our approach was able to reach
higher generalization solutions for different Data problems, well as a reduced topology.
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