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Abstract: In view of the problem that the traditional big data parallel mining method always mines all the data at
one time, resulting in a long mining time and low mining accuracy, the quantum computing is adopted to
optimize the incremental big data parallel mining method. Firstly, the parallel data mining model is built
according to the basic process of data mining. Then on the mining model respectively by defining a quantum bit,
quantum search algorithm, quantum neural network processing and mapping transformation, the incremental data
preprocessing, filtering weights are obtained by decomposition of matrix-vector multiplication, preprocessing
results by using the combination of parallel collaborative filtering. Finally, by quantum fuzzy clustering, large
incremental data parallel mining results are obtained. The experimental results show that the average recall rate
of the incremental big data parallel mining method using quantum computing is 97. 25% , the parallel mining
time is within the range of 2.1 ~3.2 s, and the accuracy rate is always above 95% . And this method has the
best convergence and strong optimization ability.
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Fig.2 Basic principle of quantum algorithm
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REFEAR  BIEHER/CByte BEEE WERE | KEEAF  PEEHE/GByte FIRAE IrfERH
Iris 2379 12 12 Education 1024 4 2
Wine 5311 22 11 Entertainment 2 436 12 6
Glass 6 548 16 8 Traffic 1024 12 4
Ad 3564 28 7 Tourism 3 256 6 3
Text 1 024 34 17 Shopping 2324 32 16
Medical 8 462 42 21 Food 1024 4 4
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Tab.2 Experimental comparison data
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Wine K ¥ig 4321 990 81.35 5212 99 98.13
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Tab.3 Comparison of parallel mining time of different methods
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20 5.5 20.5 24.5 2.6
30 5.7 19.3 26.4 2.1
40 5.8 17.5 23.4 2.9
50 6.5 19.7 24.6 2.1
60 5.6 18.7 28.9 2.5
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