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A learning algorithm and its applications to
the quantum neural network model

LI Pan-chi
(School of Computer and Information Technology, Daging Petroleum Institute, Daqing Heilongjiang 163318, China)

Abstract: A quantum neural network model and its learning algorithm are presented. According to the information
processing mode of the biology neuron and the quantum computing theory, we first propose a quantum neuron model
which includes weighting, aggregating, activating, and prompting. Secondly, the quantum neural network model based
on quantum neuron is constructed in which both the input and the output are real vectors and both the linked weight
and the activation value are qubits. Using gradient descent algorithm, we also propose a super-linearly convergent learning
algorithm of the quantum neural network. Finally, the availability of the approach is illustrated by two application examples

of pattern recognition and function approximation.
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2.1 BT ML IEE A (Quantum neuron model)
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Fig. 1 Quantum neuron model

22 B ML MR (Quantum neural networks
model)

FH AT AN B A2 04— B 0 1 45 7 A4 1
B2 iS == E 20 (- S =[] - e A L E2) B9/
ManER2rR, N Z . BRZ B2 & fn, p,
mAN AT,

2 B SE
Fig. 2 Quantum neural networks model
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Table 1 The datum of nine-sample patterns
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Table 2 Training results of QNN and CBP

QNN CBP
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0.01 5000 3735.64 43 5000 Ak 14238.53
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Table 3 Training results of QNN and CBP
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0.05 10000 6380.86 42 9311.36 16

4.2 PRFGEILT ) 8 (Function approximation)
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&4 HEf(x) = cos(1/x)89 11485448
Table 4 11 groups datum of f(z) = cos(1/z)
T f(@) x f(@)

0.1373 0.5403 0.2846 —0.9317
0.1503 0.9317 0.3466 —0.9672
0.1659 0.9672 0.4431 —0.6333
0.1852 0.6333 0.6141 —0.0575
0.2096 0.0575 1.0000 0.5403

0.2415 —0.5403 — —

5 %5 (Conclusion)
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