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Abstract: The architecture of spiking neural network (SNN) is introduced inspired by dynamic spiking neurons. SNNs
have great potential to understand time-dependent entanglement pattern by dynamic spiking neurons and can process
coded data according to time event. However, training deep SNNSs is not straightforward. In this paper, we propose a new
layered SNN learning framework for fast and efficient pattern recognition, which uses optimization algorithms to learn
deep SNNs. In the mentioned method in the deep learning problem of our deep SNN layers, with the help of different
algorithms of gradient-based optimization (GBO) and wild horse optimization (WHO), the two main parameters of spike
neurons are searched and calculated for different layers. We use SNN to model the digital speech recognition system and
compare and evaluate their performance in different scenarios with other deep learning methods. The results of SNN
training for data extracted from different datasets show an increase in identification and estimation accuracy compared to
the performed tasks. Comparing the results, the proposed SNN-WHO method was able to achieve accuracies of 95.47%
and 92.3% among its counterparts, and they show an increase in the accuracy of identification and estimation compared
to the performed works.
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1- Introduction

The architecture of spiking neural network is introduced
inspired by dynamic spiking neurons. SNNs have great
potential to understand time-dependent entanglement
pattern by dynamic spiking neurons and can process coded
data according to time event. However, training deep
SNNs is not straightforward. In this paper, we propose a
new layered SNN learning framework for fast and efficient
pattern recognition, which uses optimization algorithms to
learn deep SNNSs. In the mentioned method in the deep
learning problem of our deep SNN layers, with the help of
different algorithms of gradient based optimization (GBO)
and wild horse optimization (WHO), two main parameters
of spike neurons are searched and calculated for different
layers. We use SNN to model the digital speech
recognition system and compare and evaluate their
performance in different scenarios with other deep
learning methods. Comparing the results, the proposed
SNN-WHO method was able to achieve accuracies of
95.47 and 92.3 among its counterparts, and they show an
increase in the accuracy of identification and estimation
compared to the performed works.

2- Methodology

Considering the problem of SNN training according to
systematic data, providing an optimization approach with
the help of optimization algorithms is the main solution to
adapt the trained systems to the expected values.
Therefore, in this article, an effective error measure is used
to calculate the objective function. First, we prepare the
training data for the desired system. In this step, with the
help of a genetic algorithm, the data sets or features that
have the closest match with the system outputs are
normalized to train the SNN network in the interval [0,1].
Other input features are removed from the training set.
After preparing the training data for the SNN network and
defining the network structure for the number of layers and
neurons in each layer, we determine the learning
parameters of the DSNN deep spiking neural network by
algorithms.

In this method, by determining the number of layers of the
deep SNN network and the number of neurons in each
layer, a general definition of the network is obtained,
which is used to match the results of the desired system to
estimate the output of the network. The system will use the
optimization algorithms proposed in this article (GBO and
WHO).

To match the simulation results, we need to calculate the
generated network for each test data and calculate the

effective error or deviation for their equivalent outputs. In
the next step, the objective function of aggregating all
errors is determined based on the following relationship.
The important point for calculating and valuing the output
of the network in this work is to calculate the RMS value
of the turn spike in the output of the output neuron, which
is calculated for the interval 0 to 0.21.

for i=1,....,
number of training set

F(x) =(exp(u * Yerror(i)?)-1)

3- Results and discussion

In this article, we have used two data sets to analyze the
performance of our proposed design for different samples.
Three machine learning methods have been applied, which
include feedforward ANN and ANFIS, adaptive neural
network, and the proposed SNN method with two GBO
and WHO algorithm approaches. For this case study, the
defined network of a three-layer network with the number
of neurons [5 3 1] has been used for all machine learning
networks. Comparing the results, the proposed SNN-
WHO method was able to achieve accuracies of 95.47 and
92.3 among its counterparts, and they show an increase in
the accuracy of identification and estimation compared to
the performed works.

4- Conclusion

Preliminary results have shown that the detection
performance of SNNs is either comparable or slightly
worse than that of ANNs with the same network
architecture. A possible reason for this performance
reduction is the reduced representation power of the
discrete neural representation (i.e. spike count) compared
to the continuous floating point representation of artificial
neural networks. In addition, the identification
performance of ANFIS and ANN and SNN models in a
scenario with few resources is also investigated. In this
scenario, SNN noise models outperform conventional
artificial neural networks, which can be attributed to the
noisy training of the burst learning framework. The neural
encoding scheme adopted in this work allows the input
features to be encoded in a short encoding time window
for fast processing by SNNs. Recurrent neural networks by
exploring the long temporal context information in the
input signals have excellent modeling capability for the
signals. They have shown once. As future work, we will
investigate recurrent networks of spiking neurons for
speech recognition applications for digit classification to
improve recognition performance.
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