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Abstract— The local optimization problem of cost functions has 
blocked the advancement of not only the traditional 
mathematics but also the emerging Neural Network (NN). 
Since most of the cost functions used in the gradient descent of 
NN is non-convex, there are high possibilities that the 
algorithm may converge at the local optimum. In order to 
eliminate the substantial error caused from this problem, deep 
learning has been introduced. Yet, standard computing 
environment cannot possibly power calculation that deep 
learning requires. The fake alpha algorithm, newly introduced 
in this paper, shares the same goal with the deep learning 
algorithm, but can successfully be operated in standard 
computers. Additionally, the heuristic approach that the fake 
alpha algorithm takes in the gradient descent process enhances 
the efficiency of NN.
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I. INTRODUCTION

Most Neural Network (NN) algorithms adjust their weight 
values through a process called Gradient Descent (GD) 
where a loss function is defined. [10] The purpose of GD is 
minimizing this usually non-convex loss function. [13] As 
GD is based on a direct search method – measuring previous 
against current calculated values – like greedy criterion, GD 
easily falls in the trap of local minima during iterations. This 
factor of GD lowers the accuracy and efficiency of NN. 
[2][6][7]

Several solutions to escape local minimum were suggested 
so far. The most widely known method is ⅰ) lengthening the 
iteration and ⅱ) deepening the NN – deep learning. Both rely 
on a simple principle of increasing the amount of calculation. 
This enables the greedy criterion to compare most of the 
values and thus provides the overview of the loss function. [9] 
However, both possess critical problems: the former may 
eventually struggle with overfitting of training data where the 
latter cannot be operated in standard computing 
environments. [3][12][7]

Surprisingly, the problem of local minimum in NN can be
easily solved without performing hard core computation by 
fake alpha (f-alpha) algorithm. As its name suggests, NN 
undergoes a fake gradient descent with a f-alpha value to 
update the weight values close to the global minimum. In 
other words, GD of a compressed form of loss function is 
held to find the approximate value of the global minimum. 
Therefore, the possibility that NN converges at local minima 

drastically decreases. Figure 1 suggests the overall idea of 
this algorithm.

Figure 1. The Visual Description of f-alpha Algorithm where step I directs 
the prior step of gradient descent with normal alpha and step II,
with f-alpha.

The efficiency of the f-alpha algorithm is confirmed 
through a series of controlled experiments with the famous 
Iris flower data set.

II. BACKGROUND

Neural Network (NN) is an algorithm that applies data-
processing structure of neurons of the brain to logic circuit. 
Early NN focused on the implementation of biological neural 
network theory to a logic gate. However, NN has progressed 
while proposing the solution of XOR problem. Today, it 
became the representative algorithm of sub symbolic learning; 
it can be applied universally to classification problems. The 
standard type NN is composed of three sections: the input 
nodes, the hidden nodes, and the output nodes. Input nodes 
are multiplied by changeable floating number to generate 
hidden nodes. Hidden nodes repeat the same process to build 
the output nodes. These outputs are compared with the aimed 
values. These errors calculated are revised by the process of 
back propagation. The repetition of this process yields 
accurate results. [1][7]

The intermediate goal of NN is accurately calculating the 
minimum value of the cost function. The most common 
method used to achieve this is the gradient descent (GD). 
[8][4] GD is based on a delta rule that optimizes the objective 
function – the least mean square of the error which is
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where is the calculated output value and is the target 
output value. The delta rule is a method that approaches the 
global optimum by gradually correcting it as much as delta, 
based on the gradient of random point on the quadratic curve 
or quadratic surface. The delta rule is given by

where is the ’s th weight, is the learning rate, 
is the activation function, is the weighted sum of the input 
values, and 
is the activation function, 

is the 
is the activation function, 

th input. [11][2]

III. TEST CASES AND RESULTS

The Iris flower data set is well known for its usage as a 
test case for machine learning models. Introduced by the 
British statistician Ronald Fisher, the data set is comprised of 
50 samples from three species of Iris: Iris setosa, Iris 
virginica, and Iris versicolor. [9] The data set used in this 
experiment is from the UCI Machine Learning Repository.

The algorithm was trained to recognize the species of the 
flower among three options, given the value of its four 
features: sepal length, sepal width, petal length, and petal 
width. The experiment is conducted to compare this training 
accuracy of the algorithm with that of the standard NN. Table 
1 shows the environment setting that does not change 
throughout the whole experiment.

TABLE 1. ENVIRONMENT SETTING

Variable Value
Input Unit 6

Hidden Unit 6
Output Unit 2
Error Limit 0.0001

Divergence Prevention 200,000

The number of input, hidden, and output units are 
graphically represented in Figure 1. The error limit lets the 
algorithm to escape the iteration when the error between the 
actual and aimed output values becomes smaller. Finally, 
divergence prevention is set in order to prevent the algorithm 
to diverge during gradient descent. [1]

Figure 1. Diagram of both standard NN and f-alpha algorithm

As the goal of the experiment is confirming the efficiency 
of the f-alpha algorithm, the experiment is conducted with a 
test group (f-alpha algorithm) and a control group (standard 
NN algorithm). The test group has nine cases with different 
f-alpha where the control group has three cases with different 
alpha. Each case is again divided into three subcases by the 
iteration number (10, 50, 100) – f-alpha iteration number for 
the test group and minimum alpha iteration number for the 
control group. Ten trials were done for each subcase. This 
specification of the experiment is introduced in Table 2.

TABLE 2. EXPERIMENT SPECIFICATION

Test Group Control Group
F-Alpha Alpha Alpha

1
0.01 0.015

10
1

0.1 0.15
10
1

0.5 0.55
10

(sec)
The results of the experiment are shown as the amount of 

time required to finish the calculation. Since every case has 
ten trials, its resulting time is recorded as the mean value, the 
variance, and the standard deviation of ten trials as shown in 
Table 3.

TABLE 3. EXPERIMENT RESULT

Test Group Control Group
f-alpha Value alpha Value

Mean

1 5.616 0.01 5.378
5 1.364 0.1 0.455
10 1.173 0.5 0.158

Average 2.718 Average 1.996

S.D.

1 1.167 0.01 0.441
5 0.156 0.1 0.816
10 0.127 0.5 1.134

Average 0.484 Average 0.797
(sec)

The mean values and the standard deviations of both 
groups in Table 3 are compared in Figure 3 and Figure 4, 
respectively. 

(sec)

Figure 3. Mean Value of Operating Time
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  The mean value of the algorithm’s operational time 
generally decreases as the alpha increases, in both the test 
and the control group. That is, the efficiency of the algorithm 
increases proportionally to the alpha value. The standard 
deviation, however, showed relatively various aspects. The 
data gradually descended in the test group, while that of the 
control group increased in proportion to the alpha value. 

 
(sec) 

 
Figure 4. Standard Value of Operating Time 

  The average of all values in Figure 3 and 4 is represented 
in Figure 5. The mean value of the test group is larger than 
that of the control group where the standard deviation is the 
opposite. This proves the accuracy of the f-alpha algorithm. 
The mean value indicates that the test group needs more time 
to complete its calculation. This is because the gradient 
descent of the f-alpha algorithm is done in a smaller range. 
The lower value of the standard deviation suggests that the 
algorithm is more credible and accurate than the standard NN. 
The results, overall, prove that the f-alpha algorithm deals 
with smaller numbers and thus, result in more accurate 
outputs. 

 
(sec)

 
Figure 5. Average Experiment Results  

IV.  CONCLUSION 
The experiment held to test the efficiency of the f-alpha 

algorithm achieved its purpose; the f-alpha algorithm 
enhances the accuracy of the outputs. Though the experiment 
was conducted with relatively small amounts of dataset, it 
has apparently shown the potential of the f-alpha algorithm. 
That is, f-alpha algorithm may contribute in solving the 
notorious deep learning problem as well as the global 

optimization problem. The deep learning algorithm, 
notwithstanding its accuracy, has been criticized for its 
inefficiency as normal computing environment cannot endure 
the heavy calculation that it requires. [12] Although it is 
impossible for f-alpha algorithm alone to completely 
substitute deep learning, the implementation in each unit of 
deep learning may lighten the amount of calculation and 
therefore, improve the efficiency. 

Still, improvements must be sought. Further research is 
required to find the ideal relationship of f-alpha values, f-
alpha iterations, and the datasets. Without it, the amount of 
trials needed to achieve the utmost results outnumbers that of 
a standard neural network. 
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