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Abstract

Deep learning has gained popularity for the classification and prediction task. Neural network layers become
deeper as more data becomes available. Saturation is the phenomenon that the gradient of an activation
function gets closer to 0 and can happen when the value of weight is too big. Increased importance has been
placed on the issue of saturation which limits the ability of weight to learn. To resolve this problem, Glorot
and Bengio (Proceedings of the Thirteenth International Conference on Artificial Intelligence and Statistics,
249-256, 2010) claimed that efficient neural network training is possible when data flows variously between
layers. They argued that variance over the output of each layer and variance over input of each layer are
equal. They proposed a method of initialization that the variance of the output of each layer and the variance
of the input should be the same. In this paper, we propose a new method of establishing initialization by
adopting truncated normal distribution and truncated cauchy distribution. We decide where to truncate the
distribution while adapting the initialization method by Glorot and Bengio (2010). Variances are made over
output and input equal that are then accomplished by setting variances equal to the variance of truncated
distribution. It manipulates the distribution so that the initial values of weights would not grow so large
and with values that simultaneously get close to zero. To compare the performance of our proposed method
with existing methods, we conducted experiments on MNIST and CIFAR-10 data using DNN and CNN.
Our proposed method outperformed existing methods in terms of accuracy.
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(Sutskever 5, 2013; Mishkin3} Matas, 2015; Hayou 5, 2015; Humbrid %, 2018; Hanin3} Rolnick,
2018). MishkinZ} Matas (2015)2 H sl wjedag Z+ o] 715X & 27|33 & 3 WA S5 E
Rt o] &8 BAE 58 2533 Wl Layer-sequentialunit-variance (LSUV)E A <Hl
t}. Krahenbuhl 5 (2015)2 K-means WH @} PCA ¥l 71ukate] tlo|go)] &3k 273 AA
=3) _‘?j_(explodlng)J} A7 4 4~E (vanishing gradient)S 33t 2ZE F-4lo] B]523F X of A

Ve 2713 AR S Adsksitt. Humbrid 5 (2018)2 JAHEAH U 7]¥Ee] 29=
Tt 2715k @Xé% A% AFsstE Z2AAE AAskTh
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Sigmoid

Figure 2.1. Separate sigmoid linear and nonlinear region.
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Table 2.1. Feature for popular initialization methods

Popular initialization

Feature
methods
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— Normal
— Uniform
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Figure 2.2. Difference between normal distribution and uniform distribution.

— Normal
— Uniform
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Figure 2.3. Normal distribution and uniform distribution with both ends truncated.
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Figure 2.4. Normal distribution was truncated by standard deviation multiple.
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Table 3.1. Result value in DNN according to initialization setting methods

Data type Model Method Max out (%)
Xavier 98.10
H 1
MNIST DNN ¢ 98.13
Truncated Normal 98.21
Truncated Cauchy 98.14

DNN = deep neural networks.

Table 3.2. Result value in CNN according to initialization setting methods

Data type Model Method Max out (%)
Xavier 64.28
H 65.51
MNIST CNN ¢
Truncated Normal 67.70
Truncated Cauchy 66.08

CNN = convolutional neural networks.
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