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Evaluation of Influence of Characteristic
Variation in Cellular Neural Network using

Oxide Semiconductor*

Hiroki Yamane

Abstract

Artificial intelligences are used in various fields and are expected to enrich
people’s lives with further development in future. Neural networks, which are
typical techniques for realizing artificial intelligences, are mathematical models
that imitate the neural circuits of the living body’s brains. The advantages are
self-organization, self-learning ability, parallel distributed computing, fault tol-
erance, etc. However, since the conventional neural networks are complicated
software executed on high-performance hardware, the machine size is very large,
and not only for the hardware operation itself but also for the air conditioner
to cool it, the power consumption is incredible. Furthermore, because they are
executed by conventional von Neumann computers, in which the entire process
is stopped even if only one physical device fails, the above-mentioned advantages
such as parallel distributed computing and fault tolerance can not be obtained.
By making neuromorphic systems that realize neural networks having structures
suitable for fabrication in integrated circuits by hardware, these problems can be
solved. In particular, it is possible to construct large scale neural networks by
using oxide semiconductor synapse, which can be fabricated at low temperature

and which enables super-large scale integration by three-dimensionalization. In

*Master’s Thesis, Graduate School of Information Science, Nara Institute of Science and
Technology, January 31, 2019.
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this research, the effect of characteristic variation when an oxide semiconductor is
manufactured a neural network was evaluated by simulation. As a result, it was
found that when the deviation of the initial resistance value of the oxide semi-
conductor exceeds 32 0 , the accuracy begins to decrease, or when the deviation
of the variation of the deterioration speed exceeds 12 0, the accuracy begins to
decrease. Furthermore, it is revealed that the activation function suitable for the

neural network implemented by hardware is the ReLU function.

Keywords:

Neuromorphic, Oxide-semiconductor, Cellular Neural Network, Letter Reproduc-

tion, Characteristic Variation, Activation Function
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double normal_dist (double mean, double deviation) {
static int sw = 0;

static double rl1, r2, s;

if (sw == 0) {
sw = 1;
do {
rl = 2.0 * drand48() - 1.0;
r2 = 2.0 * drand48() - 1.0;
s = rl * rl + r2 *x r2;
} while (s > 1.0 || s == 0.0);

s = sqrt(-2.0 * log(s) / s);

return mean + (rl * s) * deviation;
} else {

sw = 0;

return mean + (r2 * s) * deviation;
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