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Abstract

This study introduces a novel fractional gradient descent algorithm based on Caputo fractional
calculus which is tailored for training neural network models. By adjusting the lower limit of the
integral interval, the proposed algorithm extends the fractional order to the (0, 2) range, thereby
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enhancing the choices of fractional order. Concurrently, this work proves the convergence of the
proposed algorithm in detail from the perspective of the regret function based on the gradient
clipping mechanism, affirming its theoretical validity. Finally, the numerical experiment based on
the publicly available CIFAR-10 dataset, reveals that the proposed algorithm outperforms conven-
tional integer-order gradient method in terms of both convergence speed and convergence accu-
racy when operated at an optimal order.
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Table 1. Training accuracy obtained by fractional gradient descent algorithm with different orders and learning rates

% 1 REIRAESATE IR E S SR A0 S

B IR\ 2] 3 0.02 0.1 0.5 1.0 1.5
0.1 0.39996 0.60808 0.87472 0.98482 0.9955
0.2 0.46266 0.65512 0.9098 0.98908 0.99762
0.3 0.49604 0.71704 0.95868 0.9955 0.99834
0.4 0.57444 0.77286 0.9717 0.99672 0.99846
0.5 0.62204 0.82022 0.97978 0.99862 0.9977
0.6 0.6735 0.86564 0.99578 0.99802 0.99902
0.7 0.72134 0.90448 0.99762 0.99918 0.99894
0.8 0.77526 0.94428 0.99724 0.9965 0.99822
0.9 0.81652 0.96406 0.99686 0.99818 0.99662
1.0 0.8519 0.98016 0.99766 0.99746 0.99842
1.1 0.89412 0.98506 0.9969 0.9981 0.99768
1.2 0.92642 0.98676 0.99714 0.99738 0.99618
1.3 0.95388 0.98484 0.99584 0.9968 0.98304
1.4 0.9639 0.99278 0.98946 0.09914 0.09566
15 0.97408 0.97974 0.98864 0.98592 0.9769
1.6 0.98168 0.992 0.98996 0.0976 0.09874
1.7 0.9825 0.98948 0.91666 0.09726 0.09926
1.8 0.98514 0.99248 0.0974 0.09638 0.09644
1.9 0.97868 0.99562 0.99384 0.09754 0.09688

Table 2. Test accuracy obtained by fractional gradient descent algorithm with different orders and learning rates

® 2. NEIMREESEFEIRIFAR R S R RN R E

B iR\ 3] R 0.02 0.1 0.5 1.0 15
0.1 0.4032 0.6084 0.8082 0.9074 0.9186
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0.2 0.4669 0.6533 0.8352 0.9042 0.9227
0.3 0.4959 0.7017 0.8684 0.9151 0.9249
0.4 0.5771 0.7425 0.8768 0.9223 0.9203
0.5 0.623 0.7793 0.8796 0.9252 0.9276
0.6 0.669 0.8123 0.9048 0.9259 0.9297
0.7 0.7114 0.8254 0.9048 0.9242 0.9292
0.8 0.7442 0.8587 0.9053 0.9107 0.9337
0.9 0.7774 0.8681 0.9086 0.9082 0.9202
1.0 0.8014 0.8822 0.9094 0.9123 0.9283
11 0.8272 0.883 0.9034 0.9178 0.9169
12 0.8528 0.866 0.8994 0.9176 0.9092
13 0.8668 0.8764 0.9028 0.9114 0.9052
14 0.8729 0.8885 0.8918 0.1 0.1
15 0.8753 0.8613 0.8808 0.8864 0.8717
1.6 0.8739 0.8924 0.8955 0.1 0.1
1.7 0.8855 0.8898 0.8294 0.1 0.1
1.8 0.8792 0.8853 0.1 0.1 0.1
1.9 0.8696 0.9004 0.8802 0.1 0.1
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Figure 1. Comparison between integral gradient method and fractional gradient method with alpha = 1.7 when learning rate
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Figure 2. Comparison between integral gradient method and fractional gradient method with alpha = 1.9 when learning rate
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Figure 3. Comparison between integral gradient method and fractional gradient method with alpha = 1.1 when learning rate
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