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Simulation on Performance of Constructive Module for Neural Network Processor
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Abstract - Expansible & Reconfigurable Neuro Informatics Engine(ERNIE) is effective in reconfigurability and
extensibility. But ERNIE have the problem which have limited performance in initial network. To solve this problem, the
constructive module using the reconfigurable ERNIE is implemented in simulation model. In this paper, simulation results
on sonar data are showed that ERNIE using the constructive module obtains the better performance compared to ERNIE

without it.
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Figure 1. Block diagram of MPU connection

MPU¥ 2@ 29 2ol t}49 Synapse Processing
Element(SPE)$} Layer Processing Element(LPE) 17|12 +

101



AHn, shhe] MPUE FA8tE SPEY o] g AL
gt SPEE® ¥ 33 o] FA7], v, #4719 A 7
A EEog A o URMEYY JFNFXNE A
23t SPEY] 8 9¥L HAEESY MY = A4H3]9)
th. SPES] Wiels 19 49 go] Z HUES HHE 43
g & de 74 dA2EI} o, AR CE Tl Y
g THVEE dYFgorN T SPEY AlE FFRE FA
g LPEx wd9 ¥A% #4549 9¥L 3+ Look-up
Table(LPE) £8¢ 711 glon, SPEY &Yge Yge
2 o} o]& LUTY ole#2g o] fsle A3} 49 &
oz R

a¥2 MPU9 W3 2
Figure 2. Structure of MPU
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Figure 3. Block diagram of SPE
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Start : Start block of neuron

End : End block of neuron
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Figure 4. Configuration register of SPE
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Figure 5. Block diagram of ERNIE and constructive
module connection
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Figure 6. Flowchart of Constructive module
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Table 1. Classification results for training patterns
of sonar data.
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Table 2. Classification results for test patterns
of sonar data.
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