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ABSTRACT: The work aims to study the way of query in a distributed network real-time database for complex packaging
product information with continuous state space. Combined with the enhanced learning (EL) and the adaptive response
structure (ARS) neural network, the ELARS?2 algorithm, ARS neural network based on enhanced learning was given. The
way of selection and assessment methods for EL were introduced in ARS2 algorithm, so as to solve the query problems of
sort mode in ARS2 algorithm. The simulation test in which the distributed network real-time database in the memory
space was used to inquire targets was designed and it was achieved with two ELARS?2 algorithms (TDARS2 and QARS?2).
Such algorithms were compared with the classical EL algorithm. The average time to complete target query in two
ELARS?2 algorithms was significantly less than the classic EL algorithm. In two ELARS2 algorithms, the effect of
TDARS? is better than QARS2.
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Fig.1 The learning flowchart of ELARS2 algorithm
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Fig.2 Data query simulation environment of packaging
distributed network real-time database
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Tab.1 Different algorithm parameters table
i 252 AT ‘leﬁj';f‘ﬁiﬁﬂtl‘ﬂ %1$iﬁiﬁﬁl‘ﬁl %’EENI‘?H‘%YE% HRAESE U]
(10¥K) /s (10%) /s (10¥K) /s J AR
0.1 0.9 21.718 21.331 0.5615 112 080
0.5 0.9 4.857 4.737 0.1114 24772
Q Learning 0.9 0.9 2.994 2.834 0.1402 14 576
0.7 0.3 0.644 0.620 0.0214 2965
0.7 0.7 1.285 1.242 0.0376 6113
0.1 0.9 17.582 17.144 0.3816 91053
0.5 0.9 4.063 4.026 0.0351 21232
TD 0.9 0.9 2.344 2.304 0.0400 11 872
0.7 0.3 0.547 0.521 0.0228 2575
0.7 0.7 1.228 1.022 0.1814 5097
0.1 0.9 13.032 10.585 3.2150 52958
0.5 0.9 3.021 2.954 0.1248 13 783
QARS 0.9 0.9 1.735 1.352 0.3627 5737
0.7 0.3 0.654 0.591 0.0568 1772
0.7 0.7 1.052 0.992 0.0529 4078
0.1 0.9 9.614 8.913 0.6646 50 905
0.5 0.9 2.504 2.233 0.2568 12 722
TDARS 0.9 0.9 1.619 1.502 0.1201 8411
0.7 0.3 0.404 0.360 0.0409 1905
0.7 0.7 0.812 0.741 0.0661 3958
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