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Abstract:

The Gradient algorithm is the simplest and most widely used method in optimization problems and machine learning.
The convergence rate of this method strongly depends on choosing the suitable value for the step size. Choosing a very
small value can cause a low convergence rate, on the other hand, choosing a very large value may also cause divergence
and oscillation around the optimal point. Usually, the step size is chosen larger in the initial steps of optimization and as
the execution steps progress and the optimal solution is approached, its value decreases. The optimal setting of this
hyper-parameter is experimentally and by trial and error and has to be done separately for every problem, so it takes a
lot of time. On the other hand, in swarm intelligence optimization methods, including the particle swarm optimization
(PSO) algorithm, the step size (the length of movement) is automatically adjusted during the execution of the
optimization method. Also, in these methods, few parameters need to be tuned and a predetermined range is available
for this purpose. In this paper, by combining the PSO and Gradient method, an intelligent optimization method based on
the gradient is presented, which does not need to adjust the step size. The performance of the proposed gradient
algorithm is evaluated on ten benchmark functions and it is observed that the proposed algorithm has a better
convergence rate than the Classic Gradient algorithm in reaching the optimal solution.
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1. Motivation of the work

In the Gradient Descent method, determining the step-
size is a very important issue that must be established
separately for each optimization problem through trial
and error, which is time-consuming and problem-
dependent because the step-size can vary by hundreds or
even thousands of times from one problem to another.
Therefore, its experimental selection is difficult and time-
consuming, and the efficiency and performance of the
Gradient algorithm highly depend on the appropriate
selection of the step-size. If the step-size is too large, the
Gradient method may oscillate and lead to divergence
from the optimal solution. Conversely, if the step-size is
too small, the optimization process may converge very
slowly. On the other hand, in swarm intelligence methods
such as PSO, this process of parameter tuning does not
exist. Drawing inspiration from PSO method, this paper
presents An intelligent Gradient method that addresses
the step-size adjustment issue.

2. Contributions

In the proposed method, the aim is to present an
intelligent Gradient algorithm by utilizing the normalized
gradient and drawing inspiration from the dynamics of
the PSO algorithm. This approach not only determines
the movement size intelligently at each step but also
enhances the convergence rate in reaching the optimal
solution compared to the Gradient method. As a result,
the proposed method achieves a better solution in fewer
steps than the Gradient method. Additionally, in the
proposed method, all parameters have predefined ranges,
making their selection and adjustment easier for different
optimization problems.

3. Procedures

In this paper, the goal is to present an intelligent
Gradient algorithm inspired by the PSO algorithm, such
that the challenge of selecting the step-size is solved, and
the size of movement changes automatically similar to
the PSO algorithm. The proposed gradient algorithm is
applied to ten benchmark functions, and the results are
compared with those from the classic Gradient algorithm.
It is worth mentioning that all simulations in this paper
were done in the MATLAB Software on a computer with
6 GB of RAM and a Core(TM) i5-4210 processor,
running Windows 10 (64-bit). Additionally, all results are
reported after thirty independent runs and then the
average, the worst and the best results are reported. The
simulation results indicated that the proposed algorithm
outperformed in all benchmark functions.

4. Findings

In this paper, by examining the PSO method, an
intelligent dynamic applicable to one particle is
presented. By combining this dynamic with the Gradient
method, an intelligent gradient-based approach is
proposed that addresses the main issue of the gradient
method in selecting an appropriate step-size and

enhances the convergence rate of the method. This
innovation has improved the efficiency of the proposed
method, making its use straightforward. Additionally, the
issue of determining the step-size in the Gradient method
has been solved in the proposed approach. The proposed
algorithm has demonstrated better performance across all
benchmark functions compared to the classic Gradient
algorithm and has increased the convergence rate relative
to the classical gradient algorithm.

5. Conclusion

In this paper, inspired by the advantages of the Particle
Swarm Optimization (PSO) algorithm, such as a limited
number of hyper-parameters and the existence of a
standard range for selecting these hyper-parameters, as
well as considering the advantage of low computational
time in the Gradient algorithm, a smart Gradient
algorithm is presented. In this algorithm, the step size and
direction of movement are automatically adjusted,
eliminating the need for selecting the step size hyper-
parameter. To evaluate the efficiency and performance of
the proposed method, ten benchmark functions were
optimized, and the results obtained from the proposed
method were compared with those from the classic
Gradient algorithm. The results of the simulations
showed that for all benchmark functions, the proposed
algorithm performed better in terms of both convergence
rate and achieving optimal solutions.
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