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I-Introduction  

Artificial Neural Network (ANN) is one of the modern computational methods proposed to 

solve increasingly complex problems in the real world (Xie et al., 2006 and Chau, 2007). 

ANN is characterized by its pattern of connections between the neurons (called its 

architecture), its method of determining the weights on the connections (called its training, or 

learning, algorithm), and its activation Function. Training is accomplished by presenting a 

sequence of training vectors, or patterns, each with an associated target output vector. Then, 

the weights are adjusted based on a learning algorithm.  

 

A Multi-Layer Perceptron (MLP) is a feed-forward ANN model that maps sets of input data 

onto a set of appropriate output. It contains advantage of flexibility in making approximation 

between the input and output data. Hence, it has been studied extensively and applied to many 

areas, such as parallel distributed processing, forecasting time series, classification, pattern 

recognition, and spectroscope signal measurement. The learning rule for MLP is called Back-

Propagation (BP) rule. The optimization method used to determine weight adjustments has a 

large influence on the performance of MLP. While gradient descent is a very popular 

optimization method, like any other algorithm, it suffers from some limitations. The major 

shortcomings of this algorithm are the existence of temporary, local minima and slow 

convergence. Therefore, other approaches to improve MLP training have been introduced.  

The standard BP algorithm utilizes two terms: Learning Rate (LR), and Momentum Factor 

(MF) to overcome these problems. Yu and Chen (1995, 1997) proposed BP learning by using 

dynamically optimal learning rate (LR) and momentum factor (MF). This method did not 

need to explicitly compute the first two order derivatives in weight space, but rather made use 

of the information gathered from the forward and backward procedures. Two typical 

examples were provided to evaluate the performance of their approaches. For each example a 

network with two hidden layers was applied. The convergence performance versus running 

time was compared, and the LR and MF of the conventional BP algorithm were carefully 

chosen so as to achieve the fastest convergence. In another research, Ueda (2000) added a 

momentum during the training network stage which created a stable convergence and higher 

learning efficiency. 

 

Furthermore, Zweiri et al. (2003) proposed addition of an extra term, a proportional factor in 

order to speed-up the weight adjusting process. This new Three-Term Back-Propagation 

algorithm was tested on three example problems and the convergence behaviour of the Three-

Term was compared with the standard two-term BP algorithm. The results showed that the 

proposed algorithm generally outperformed the conventional algorithm in terms of 

convergence speed and the ability to escape from local minima.  

In spite of the general success of the Three-term algorithm, Shamsuddin et al. (2007) showed 

that the Three-term BP algorithm is suitable just for small scale data, not for medium and 

large scale dataset. Mashinchi and Shamsuddin (2009) employed a fuzzy proportional factor 

and it was added to the fuzzy BP’s iteration scheme to improve the convergence speed. The 

added factor made the proposed method more dependent on the distance of actual outputs and 

desired ones. According to the simulation results, the proposed method was superior to the 

fuzzy BP in terms of generated error.  

http://en.wikipedia.org/wiki/Feedforward_neural_network
http://en.wikipedia.org/wiki/Artificial_neural_network
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In this paper, we survey the presented algorithms of MLP training and the proposed solutions 

to overcome the limitations. Then, results and conclusion are presented at the end of paper. 

II-Material and Methods 

The major disadvantages of BP are its convergence rate which is relatively slow and being 

aatrapped at the local minima. In addition to the mentioned method, different algorithms were 

applied to improve MLP training. Some of these algorithms belong to a larger class of 

evolutionary algorithms (EA), which generate solutions to optimization problems using 

techniques inspired by natural evolution. These kinds of algorithms are normally started by an 

initial population. To name a few as examples, we can mention Genetic Algorithm (GA), 

Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO). A genetic 

algorithm for self-adaptation to accelerate the steepest descent rate was presented by Salomon 

and Hemmen (1996). The idea was to take the LR of the previous step, to increase and 

decrease it slightly, to evaluate the cost function for both new values of the LR, and to choose 

the one that gave the lower value of the cost function.  Fnaiech et al (2002) and Wyeth et al. 

(2000) applied GA to increase learning speed and avoid trapping into local minima 

respectively. Although GA is successfully improved BP learning, there are still some issues 

such as longer training time to produce the output and usage of complex functions in 

selection, crossover and mutation calculation.  

 

In another study, Zhang et al. (2000) applied two real problems in medical domain which are 

breast cancer and heart disease to training MLP with PSO. The result showed that the 

proposed method had better accuracy in classified data compared to other algorithms.  Abdull 

Hamed et al. (2006) employed PSO and GA to enhance the learning process in terms of 

convergence rate and classification accuracy of MLP. The results illustrated that PSO gave 

promising results in term of convergence rate and classification compared to GA. 

In another research, Khabbazi et al. (2007) introduced an optimization algorithm called 

Imperialist Competitive Algorithm (ICA) that inspired by socio-political process of 

imperialistic competition in the real world. In ICA, Population individuals called country are 

in two types: colonies and imperialists that all together form some empires. Imperialistic 

competition among these empires forms the basis of the proposed evolutionary algorithm. 

During the competition, weak empires collapse and powerful ones take possession of their 

colonies. Imperialistic competition hopefully converges to a state in which there exist only 

one empire and its colonies are in the same position and have the same cost as the imperialist. 

After dividing all colonies among imperialists and creating the initial empires, these colonies 

start moving toward their relevant imperialist country. This movement is a simple model of 

assimilation policy that was perused by some imperialist states. By this way, an optimum 

solution for problem is generated. Abdechiri et al. (2010) proposed a new Imperialist 

Competitive Algorithm (CICA) using the chaos theory. In this method, they increased the 

exploration ability of the ICA algorithm using a chaotic behaviour in the colony movement 

towards the imperialist’s position for preventing a local solution. The performance of learning 

a three layered Perceptron Neural Network for ICA, PSO, GA and new algorithm called 

CICA was compared with each other. The goal was minimizing cost function. The results 

demonstrated that the learning and test error of the network trained by the CICA algorithm 

has been reduced in comparison to the other three methods. Also, the running time for 

training algorithm by proposed CICA has been reduced in comparison to PSO and GA 

algorithms but it was a little more than ICA algorithm.  

 III-Results and Conclusion  

In this section, we deal with the results and then will have a conclusion from the presented 

methods of learning MLP. The results of comparison ICA, PSO, GA algorithms with CICT 

algorithm have been shown by training a three layered Perceptron Neural on the data of 

Tehran Stock Exchange (TSE) (Abdechiri et al., 2010). The volume of changed stocks, the 

last price, the least price and the most price in different times areas the inputs and the 

http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/k/Khabbazi:Arash.html
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approximation of the most price of the changed stocks in TSE as the output of this network. 

Results in Table 1 show that the training and test error of network trained by CICA algorithm 

is less than the other methods. Also, the run time of the proposed algorithm is less than PSO 

and GA but a little more than primary ICA. 

 

Table 1: comparison of GA, PSO, ICA and CICA (Abdechiri et al., 2010) 

 

 

In this paper, the main drawbacks of BP algorithm were discussed. It is plagued by slow 

convergence and susceptibility to local minima. To overcome these problems, several 

solutions have been presented. One of them is dynamic change of the LR and MF. Another is 

a BP algorithm based on Three-Term method which consists of: LR, MF and a Proportional 

Factor (PF). The results showed that the algorithm had good performance just on a small 

dataset. In addition, a Genetic Algorithm (GA) has been used to determine optimal value for 

LR and MF and also for weight optimization. Although GA is successfully to improve 

learning MLP, some issues such as longer training time to produce the output and usage of 

complex functions in selection, crossover and mutation calculation limited the use of GA. 

Therefore, others algorithms employed to solve the problems. Particle Swarm Optimization 

(PSO) is one of them which is used to enhance the learning process in terms of convergence 

rate. The simulated results showed that the performance of PSO is better than GA. But, a 

recently introduced algorithm called CICA, which was an enhanced version of ICA, has been 

applied on a three layered Perceptron. This new algorithm had a better run time than GA and 

PSO but more than ICA. For further work, ICA algorithm can be used to achieve optimization 

of MLP architecture. Also, some parts of ICA can be modified in order to improve the 

algorithm execution speed. This modified algorithm can be applied for training MLP. 
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