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Abstract Machine learning is achieved by making a cost function from a given digital signal data and
optimizing the cost function. The cost function here has local minimums in the cost function
depending on the amount of digital signal data and the structure of the neural network. These local
minimums make a problem that prevents learning. Among the many ways of solving these methods, our
proposed method is to change the learning step-size. Unlike existed methods using the learning rate
(step-size) as a fixed constant, the use of multivariate function as the cost function prevent unnecessary
machine learning and find the best way to the minimum value. Numerical experiments show that the
results of the proposed method improve about 3%(88.8%—91.5%) performance using the proposed
method rather than the existed methods.
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Fig. 1. Deep Neural Netwok (from :
https://en.wikipedia.org/wiki/Artificial_neur
al_network#/media/File:Colored_neural_net
work.svg)
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Table 1. Initial hyper parameters in Fig. 2 and Fig. 3

Learning S-Method's Hyper
Method Rate Learning Rate Parameters
GD 0.2 6.0
Momentum 0.2 0.2 A=09
£y =10.9,
Adam 0.2 6.0 B, =10.999,
e=10""
81 =0.9,
AdaMax 0.2 6.0 3, = 0.999
Iteration number = 100
10 (a} GD 10 (b) Momentum
8 8
z° /g /
“ o4 “ o4
2 // ) \—(""\‘\//
¢ 5 0 5 10 ¢ -5 0 5 10
10 (c) Adam 10 (d) Adamax
8 8
z° /g /
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Fig. 2. Solution behaviors of (a) GD, (b) Momentum,
(c) Adam and (d) AdaMax scheme.
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Fig. 3. Solution behaviors of (a) S-GD, (b) S-Momentum,
(c) S-Adam and (d) S-AdaMax scheme.
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Table 2. Initial hyper parameters in Fig. 4 and Fig. 5

Learning S-Method's Hyper
Method Rate Learning Rate Parameters
GD 0.5 0.2
Momentum 0.3 0.34 A=0.6
£,=0.9,
Adam 0.5 0.7 B, =10.999,
e=10"%
B8, =0.9,
AdaMax 0.5 0.7 B, = 0.999
Iteration number = 100
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Fig. 4. Solution behaviors of (a) GD, (b) Momentum,
(c) Adam and (d) AdaMax scheme.
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