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Abstract To enhance the approximation capability of neural network, a quantum neural network
model based on the controlled-Hadamard gates is proposed. This model takes a multi-dimensional
discrete sequence as the input, which can be described by a matrix where the number of rows denotes
the number of input nodes. and the number of columns denotes the length of discrete sequence. This
model consists of three layers, the hidden layer consists of quantum neurons, and the output layer
consists of common neurons. The quantum neuron consists of the quantum rotation gates and the
multi-qubits controlled-Hadamard gates. Using the information feedback of target qubit from output
to input in multi-qubits controlled-Hadamard gates, the overall memory of input sequence is realized.
The output of quantum neuron is obtained from the controlled relationship between the control bits
and target bit of controlled-Hadamard gates. The learning algorithm is designed in detail according to
the basis principles of quantum computation. The characteristics of input sequence can be effectively
obtained. The experimental results show that, when the input nodes and the length of the sequence

satisfy certain relations, the proposed model is obviously superior to the common BP neural network.
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Fig. 1 The controlled-Hadamard gate of multi-qubits.
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Table 1 Some Samples of Mackey-Glass Sequence
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2 0. 8086 6 0.6036 10 0.4480
3 0.7528 7 0.5599 11 0.4188
4 0.7001 8 0.5192 12 0.3957
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Table 2 The Input Nodes and The Sequence Length Setting of Two Models
F2 AHERAANTRMFIKERE

CHQNN BPNN
Model Input Nodes Sequence Length Model Input Nodes Sequence Length
CHQNN1_54 1 54 BPNN54 54 1
CHQNN2_27 2 27 BPNN54 54 1
CHQNN3_18 3 18 BPNN54 54 1
CHQNNG6_9 6 9 BPNN54 54 1
CHQNN9_6 9 6 BPNN54 54 1
CHQNNI18_3 18 3 BPNN54 54 1
CHQNN27_2 27 2 BPNN54 54 1
CHQNNG54_1 54 1 BPNN54 54 1
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Table 3 The Input Nodes and The Sequence Length Setting of Two Models
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CHQNN BPNN
Model Input Nodes Sequence Length Model Input Nodes Sequence Length
CHQNNS5_10 5 10 BPNN50 50 1
CHQNNG6_9 6 9 BPNN54 54 1
CHQNNG6_8 6 8 BPNN48 48 1
CHQNN7_7 7 7 BPNN49 49 1
CHQNNS_6 8 6 BPNN48 48 1
CHQNNY9_6 9 6 BPNN54 54 1
CHQNN10_5 10 5 BPNN50 50 1
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Fig. 4 The average approximation error contrasts.
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Fig. 5 The average approximation error contrasts.
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Fig. 7 The average approximation error contrasts.
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Fig. 8 The average iterative steps contrasts.
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Fig. 9 The number of convergence contrasts.
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Fig. 10 The prediction result contrasts.
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