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Abstract

By advent of NNC(Neural Network Chip), it is possible that process in parallel and
discern the importance of signal with learning oneself by experience in external signal. So,
the design of general purpose operation unit using VHDL(VHSIC Hardware Description
Language) on the existing FPGA(Field Programmable Gate Array) can replaced EN(Expert
Network) and leaming algorithm. Also, neural network operation unit is possible various
operation using learning of NN(Neural Network).

This paper present general purpose operation unit using hierarchical structure of EN. EN
of presented structure learn from logical gate which constitute a operation unit, it relocated
several layer. The overall structure is hierarchical using a module, it has generality more
than FPGA operation unit.
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INPUT OUTPUT
A B Carryn-1| SUM| Carrya
0 0 0 0 0
0 0 1 1 0
0 1 0 1 0
0 1 1 0 1
1 0 0 1 0
1 0 1 0 1
1 1 0 0 1
1 1 1 1 0
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INPUT OUTPUT
A B Carryn-) SUM Carryn
0 0 0 0.012 0.037
0 0 1 0.997 -0.040
0 1 0 0.998 0.002
0 1 1 -0.014 1.019
1 0 0 0.998 0.002
1 0 1 -0.014 1.019
1 1 0 0.038 0.944
1 1 1 0.999 0.002
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