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Abstract: In order to systematically understand the neural network circuits, this article began with a brief introduction of the
principles of the braindike neural network, as well as two types of neuromorphic devices and their functions, including differ—
ent types of floating gates and memristors made by various materials to simulate individual neuron and synaptic plasticity. And
then, it was based on the neuromorphic devices to introduce the circuit of the braindike neural network implemented by float—
ing gate and memristor respectively. Finally, it summarized the current problems of the neuromorphic devices as well as the

braindike neural network chip, and further made a prospect of the researching direction for the braindike computing.
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