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Hardware Implementation of Neural Network Reconfigurable Architecture
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Sung-Soo Dong (Dept. of Digital Electronics & Information)
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ABSTRACT : Extension of the synaptic connection is one of the desirable and difficult aspects in
hardware implementation of neural networks. This paper proposes a new architecture that processes
synaptic computations in separate modules in order to realize scalable architecture. Conventional
digital neural networks have to change their design or provide external memory when the number of
required synaptic connection exceeds than each neuron holds. By using multiple neurons in
cooperative way, the proposed neural network can process synaptic computations in various conditions
without altering its original design. Better precisions were achieved in the simulation result and

effectiveness of the proposed method was validated.
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2.1 MPU : Modular Processing Unit
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Fig. 2 Neural model and SPE architecture
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Fig. 5 Neural network architecture using ERNA
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Fig. 6 Configuration with ERNA and learning chip
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Table 1. Configuration bits of SPE

b22 b21 b20 b19

Enable/ Inc/

Enable/Disable : enable SPE or disable SPE

Inc/Dec . Increment or decrement acc
Start . start block of neuron
End . end block of neuron

Table 2. Configuration bits of LPE

b22 b21

Mode AFU
Select On/Off

00 : feed forward mode and AFU on
01 : feed forward path route

10 : feedback mode and AFU on

11 : feedback path route
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