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Abstract: A method of dynamic knowledge representation and reasoning based on Fuzzy Petri Nets is proposed for problems of
knowledge of Fuzzy characteristics, where frequent updating of knowledge is required in an expert system. Using the data obtained
from the actual environment, the parameters of the knowledge model such as weights, threshold and reliability can be adjusted by
training, so the knowledge can be updated dynamically. Some useful factors of knowledge representation based on production rules
and Neural Networks are integrated into the knowledge model in a clear way, with well defined meanings for parameters, and with
a learning and parallel reasoning ability. The result of simulation shows that the precision of the knowledge model is improved after
training.
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3 FPN Table 3 Values of Parameters in knowledge
model after training

Fig. 3 Initial FPN model of attack knowledge
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1 3 1 w,=0.183 7 1,=0.816 3 1=0.230 1 w=0.967 5

Table 1 The explanation of FPN knowledge 2 wy=0.112 4 w,=0.721 8 wx=0.1658 A,=0.228 7 ©,=0.9529
model in Fig. 3 3 wy=0.1115 wp=0.1952 wy=0.693 3 A:=0.1915 ©=0.963 8

4
if py and p, then d, 01=0.2, 0,=0.8  A,=0.24 11,=0.96 Table 4 Output comparison between fore-learning
2 if p, and ps and py wy=0.1, wn=0.5, A,=0.31 ©,=0.96 and aft-learning
then d, wy=0.4
3 if p; and py and ps wy=0.1, wy,=0.3, A2,=0.18 ©;=0.97
then d; w3=0.6
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: ° 1 923% 43.7% 50.6% 939% 23.1% 22.7% 1 0 0
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