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ABSTRACT

Recently, a new learning algorithm for multilayer
neural networks has been proposed (1]. In the new
learning algorithm, each output neuron is considered
as a function of weights and the weights are
adjusted so that the output neurons produce desired
outputs. And the adjustment is accomplished by
taking gradients. However, the gradient computation
was performed numerically, resulting in a long
computation time. In this paper, we derive the all
necessary equations so that the gradient computation
is performed analytically, resulting in a much faster
learning time comparable to the backpropagation.
Since the weight adjustments are accomplished by
summing the gradients of the output neurons, we
will call the new learning algorithm “multi-gradient.”
Experiments show that the  multi-gradient
consistently outperforms the backpropagation.
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Data Location Species No. data
770308 | Finney Co. KS | Winter Wheat 691
770626 | Finney Co. KS | Winter Wheat 677
771018 | Hand Co. KS | Winter Wheat 662
770503 | Finney Co. KS | Winter Wheat 658
770626 | Finney Co. KS | Summer Fallow 643
780726 | Hand Co. KS | Spring Wheat 518
780602 | Hand Co. KS | Spring Wheat 517
780515 | Hand Co. KS | Spring Wheat 474
780921 | Hand Co. KS | Spring Wheat 469
780816 | Hand Co. KS | Spring Wheat 464
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No. hidden Back Multi- Difference of
neuron propagation gradient Accuracy
1 276% 34.1% 6.5%

2 43.8% 51.4% 7.6%

3 57.5% 59.0% 1.5%

4 69.7% 71.9% 2.2%

5 74.6% 75.4% 0.8%

6 74.3% 76.8% 2.5%

7 76.2% 785% 2.3%

8 78.2% 80.4% 2.2%

9 78.6% 80.6% 2.0%

10 79.0% 82.0% 3.0%

11 79.9% 81.8% 1.9%

12 81.1% 82.8% 1.7%

13 81.8% 84.3% 2.5%
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No. hidden Back Multi- Difference of
neuron propagation gradient Accuracy
1 34.4% 39.5% 5.1%
53.1% 54.2% 1.1%
3 57.3% 59.0% 1.7%
4 69.6% 71.1% 1.5%
5 74.1% 76.1% 2.0%
6 73.9% 76.9% 3.0%
7 75.2% 79.3% 3%
8 76.6% 78.7% 21%
9 77.4% 80.2% 2.8%
10 77.3% 79.2% 1.9%
11 79.8% 80.6% 0.8%
12 79.8% 80.9% 1.1%
13 79.2% 81.0% 1.8%
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