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Abstract

KBANN (knowledge-based artificial neural network) combining the analytical learning and the

inductive learning has been shown to be more effective than other machine learning models.
However KBANN doesn’t have the theory refinement ability because the topology of network
can’t be altered dynamically. Although TopGen was proposed to extend the ability of KABNN in
this respect, it also had some defects. The algorithms which could solve this TopGen's defects,

enabling the refinement of theory, by extending KBANN, are designed.
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Fig. 1. Process in Knowledge-based Artificial Neu-
ral Network.
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Table 4. Error rate comparison.
- oE
BS  Eaed onzizes ZueA
TR-KBANN 197 4.05
THRE-KBANN 1.98 4.05
TopGen 2.06 417
ISt SHatAZR) 212 4.53
KBANN 2.31 4.58
£ b, F7} &
Table 5. Total number of nodes added.
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ZE0E QINEH | MEH ZEEH
TR-KBANN 40 36
THRE-KBANN 4.2 38
TopGen 44 4.0
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