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Abstract

In the traditional cognitive psychology.a new memory model was proposed on the basis of AS model. This

method uses the memory principle of AS model and the mnemonic mechanism of cerebral cortex to detail the process of

memory. And then a new memory algorithm on the basis of the model was proposed. Experiments show that the algo-

rithms are practical,effective and feasible,and the mechanism of the algorithm is close to the human thoughts.
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Fig. 1 AS model of memory
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Fig. 2 Memory learning model
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Fig. 3 Memory unit diagram
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Table 1 Dataset information used in experiment

HEE AR AR H %5 %
Balance 625 4 3
Parkinson 197 23 2
1LPD 583 10 2
Vertebral_c 310 6 3
Soy a 307 34 19
Tonosphere 351 35 2
Statlog_heart 270 13 2
Audiology 228 69 24
Breast_cancer 699 32 2
Backup 683 35 19
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Table 2 Experimental statistical results

AT %)

HOEE BP BFRS RPROP X I #
Balance 75.25 77.20 76.41 83.62
Parkinson 78. 34 79.83 84.52 87.53
1ILPD 76.09 76.45 79.64 83.50
Vertebral ¢ 77.69 79.89 78.04 80. 10
Soy_a 78. 30 78.46 79.69 80. 68
Ionosphere 73.45 74.37 77.56 80. 86
Statlog_heart 72.50 73.72 77.40 81.43
Audiology 79. 80 79.98 80. 32 79.80
Breast_cancer 72.78 74.68 73.24 80. 56
Backup 79.48 80. 69 81.85 81.25
41 76.37 77.53 78.87 81.93
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Table 3 Analysis results of parameter DActivity

U ESD-% ¢ DActivity xf 12 4 [ TR &/ %

10 34X20 71.73
50 130X52 78.56
100 301 X117 85.76
250 834 X265 94.62
500 2034 X643 95.78
750 3421 X1123 97.43
1500 75893076 98. 65
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