a2k Hoel it 2N HL 5 Eire Vol. 42 No. 6
2019 4FE 6 H CHINESE JOURNAL OF COMPUTERS June 2019

EFHITHZEMZE
el EAHA

(RE RSO T8 Ll 200433)

B E ARSCER R R 2 R4 (QPrNND B SERE b 4R T — g FHRT SR BT 4L BR O BT OE
FTAf 2 ) 2 (QPNIND . 32 B4R 5 2 36 10 7 40 8 00 19 B0 LA R O 7 47 M R B 0T 0 4 0 285 O 2 g 40 2 4%
.55 2ZH BB T b L A X 45 A5 A T TR R AR Z TRV T BN T R A % LR R A R L R
PAZE R b 0] DL 1) R 2 0 4% & R b T QPININ VAR ) 8 1 1k B i B TR AR 22 5% 1R T X M P A SR L 5 T AR L
A 7% 1 (B W 75 . QPNIN 1) 575 — SR 32 7T RAE SRy A7 (58 R R AELRT DU 28 B D9 A7 — R A7 IROBCHE L 38 7T LAAE
A AR P A B . A S 96 U A3 o AR UK ZE SR BT B A o 1 1) F . MINIST 5 (U 51 R Cifar-10 R 58 UE
FLIR R 2%, I AE R WL QPNN H 75 R 4 B 2 4% 3% o 45 (44 25 50 ¥ 5 B AT 78 5k 4 0T o7 114 42 7% 452 BT 1)
MM 4. 5 QPrNN A b, MNIST 4 43 25 M2 off i %6 48 5 T 0. 2065 Cifar-10 MR ME A 48 & T 3%, A i,
MNIST ) 1 8 AR 5 4 i 1 206,

R B TWEIT R TIMT MRS T B B R TN
HEESEKS TPIS DOI S 10.11897/SP.]J. 1016. 2019. 01205

Quantum Parallel Neural Network
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Abstract  Based on the previous quantum probability neural networks (QPrNN) research, an
improved quantum-implementable neural network, namely Quantum Parallel Neural Network
(QPNN) model is proposed in this paper. QPNN is a kind of quantum feed-forward neural
networks which is composed of a new type of quantum neurons, or qurons, and their connections.
If the input quron x ' satisfies ' *w’ =>0. then the output quron will be activated with a probability
larger than 0.5 and rest otherwise. In this sense, qurons are similar to classical neurons based on
the sigmoid function. Taking advantage of quantum parallelism, QPNN can trace all possible
network states to get the final output. Moreover, the most interesting points of QPNN is that we
can combine several basic networks with different parameters even different structures at the
same time to improve the result. To achieve this purpose, only n qubits are needed to perform
quantum multiplexer gates to create 2" separable networks. Therefore, QPNN has unique
advantages over classical feed-forward neural networks. Compare to the previous QPrNN, direct
links between each layer and input layer are added to enhance the nonlinearity of QPNN, and
hence can be developed into deep network structure. Due to its unique quantum nature, this
model is robust to several quantum noises under certain conditions, such as phase-flip channel
and bit-flip channel, which can be efficiently implemented by universal quantum computers.
Another advantage is that QPNN can be used as memory to retrieve the most relevant data and

even to generate new data. During the learning phase of QPNN, the most expensive part is the
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summation over all possible states of the hidden layer qurons. Therefore, in order to focus on
states with relatively large probabilities, classical sampling methods are used to sample the layer.
In the experiments, this strategy is used to tradeoff between the learning speed and the accuracy,
where for a hidden layer with m qurons, only 2" ° sampling states are needed to calculate.
Alternatively, in a real quantum computer (suppose there exit a real quantum computer), this
can be done by repeatedly measuring the hidden layer several times to obtain a set of most likely
layer states. Note that the classical methods sample the layer efficiently only in the second layer
as they are tensor product states. As a result, for a deeper network structure, this strategy does
not work well and only quantum computers perform efficiently. For verifying the performance of
QPNN, we apply it to two real-life classification applications, i. e. MNIST handwritten digit
database recognition and Cifar-10 classification. Here, in both experiments, Matlab simulation
results show that hat only about 3% neuron resources are required in QPNN to obtain a better
result than the classical feedforward neural network. Compare to the previous QPrNN, the test
accuracies of MNIST and Cifar-10 are improved by 0. 2% and 3% respectively. In addition to the

resources saving, QPNN can also be used as memory to retrieve the most relevant data where the
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successful retrieve probability of MNIST is improved by 2% than QPrNN.
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Background

In recent decades, quantum computing has been one of
the fastest growing areas in both physics and information
science. Some ‘exponentially or geometrically fast” applications,
such as integer factorization and database search, have been
exploited. With the rise of big-data age, several recent
academic contributions have explored the idea of using the
advantages of quantum computing to improve machine learning
algorithms. Many proposals attempt to find a quantum
equivalent for the perceptron or sigmoid neurons from which
artificial neural networks are constructed. However, most of
them introduce nonlinear operators in their structures because
of the nonlinear and dissipative dynamics of classical neurons.
Although nonlinear quantum mechanics has been studied for
years, the physical implementation of nonlinear quantum
computing is still controversial. As a result, most previous

Quantum Neural Network (QNN) proposals cannot be simulated
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by linear and unitary dynamics of quantum computing
directly. In fact, QNN research is still in its infancy.

To partially resolve this embarrassment, we propose
a quantum-implementable neural network, called QPNN,
which obeys the unitary principles of quantum computing so
that non unitary operators involved are measurements only.
It is composed of a new type of quantum neurons, or qurons,
and their connections. QPNN can utilize quantum parallelism
to trace all possible network states and even create many
networks with different parameters to improve the result. To
verify this idea, the Matlab experimental results of MNIST
handwriting recognition and Cifar-10 classification show that
only about 3% neuron resources are required in QPNN to
obtain a good result than the classical feedforward neural

network.





