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A single-qubit quantum classifier (SQC) based on a gradient-free optimization (GFO) algorithm, named the GFO-
based SQC, is proposed to overcome the effects of barren plateaus caused by quantum devices. Here, a rotation gate Ry (¢)
is applied on the single-qubit binary quantum classifier, and the training data and parameters are loaded into ¢ in the form
of vector multiplication. The cost function is decreased by finding the value of each parameter that yields the minimum
expectation value of measuring the quantum circuit. The algorithm is performed iteratively for all parameters one by one
until the cost function satisfies the stop condition. The proposed GFO-based SQC is demonstrated for classification tasks
in Iris and MNIST datasets and compared with the Adam-based SQC and the quantum support vector machine (QSVM).
Furthermore, the performance of the GFO-based SQC is discussed when the rotation gate in the quantum device is under
different types of noise. The simulation results show that the GFO-based SQC can reach a high accuracy in reduced
time. Additionally, the proposed GFO algorithm can quickly complete the training process of the SQC. Importantly, the
GFO-based SQC has a good performance in noisy environments.

Keywords: single-qubit quantum classifier, gradient-free, parameters optimizing, barren plateau, quantum

noise

PACS: 03.67.Ac

1. Introduction

Classification has been one of the main issues in quantum
computing.!'-%! There are several types of quantum classifiers.
some are inspired by their classical counterparts with their ker-

(78] and

nel parts replaced by a high-depth quantum circuit,
some are inspired by the neural networks with multi-layer
quantum circuit structures.*~13] These quantum classifiers al-
ways require expensive subroutines. Others are termed quan-
tum circuit learning with a hybrid quantum-classical (HQC)

el!“211 and train a shallow-depth parameterized quan-

structur
tum circuit with a classical optimizer.

By using a small amount of quantum resources, quantum
classifiers based on an HQC structure have become a promis-
ing candidate in the noisy intermediate scale quantum (NISQ)
era. For example, Ref. [19] built a model with only two qubits
in the quantum circuit that could simultaneously manipulate
two classes of training samples, which reduced the training
processing time by half. Furthermore, Ref. [20] trained multi-
class data, more than 2 classes, simultaneously for classifi-
cation tasks in the qubit system. Reference [21] presented
single-qubit processing units which can be seen as a single-
qubit quantum classifier (SQC) and the quantum circuit was
organized as a series of data re-uploads, in which a multiple
data re-uploading method is used to increase circuit express
ability. The advantage of SQCs is that they avoid the connec-
tivity constraints and embedding problems of qubits in quan-
tum devices. But the SQC still has a difficulty that needs to

fCorresponding author. E-mail: zhaosm@njupt.edu.cn
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be solved when using the quantum—classical hybrid scheme to
implement it.

The gradient-based parameter optimization method inside
a quantum classifier, such as the Adam optimizer, may lead to

ul??! (i.e., vanishing gradient) problem. There

the barren platea
are some solutions to overcome this issue. For instance, a layer
wise learning optimization method was proposed by Skolik et
al.”3! to update only a subset of the parameters in each train-
ing iteration. A Bayesian optimization (BO) based on Gaus-
sian process regression (GPR) and noisy expected improve-
ment (NEI) was proposed by Iannelli et al.**! to provide a
more precise estimation of the ground state energy in a few
iterations. An efficient method for simultaneously optimizing
both the structure and the parameter values of quantum circuits
was proposed by Ostaszewski et al.!*>! It has been demon-
strated that the quantum convolutional neural networks (QC-
NNs) proposed by Pesah er al.?®! don’t show barren plateaus
for the variance of the gradient vanishes no faster than poly-
nomially. However, whether a single-qubit quantum classifier
yields higher accuracy in solving classification tasks has not
been discussed yet.

In this work, we propose a gradient-free optimization
(GFO) algorithm based single-qubit quantum classifier (SQC),
named the GFO-based SQC. In the GFO algorithm, a rotation
gate Ry (¢) applied on one qubit initialized as |0) can be re-
garded as a binary quantum classifier. Training data and pa-
rameters of the quantum classifier are loaded into ¢ with the

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn
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form of vector-multiplication. The cost function is decreased
by finding the value of each parameter that yields the mini-
mum expectation value of measuring the quantum circuit until
it meets the stop condition. After several iterations, the cost
function is converged and the optimal parameters are obtained.
The classification information for unclassified data can be de-
termined by the result with the highest probability after mea-
suring the quantum circuit of the SQC.

The advantages of the proposed GFO-based SQC are
three-fold. 1) Compared with the gradient-based algorithm,
the GFO algorithm requires less time for optimizing the pa-
rameters. 2) Parameters are loaded as weights of each com-
ponent of the training data in the GFO-based SQC, which can
save more qubits and quantum gate resources and further re-
duce the barren plateau problem. 3) The updated value of the
parameter is calculated with the usage of the statistical average
method, thus increasing the accuracy of classification.

2. The single-qubit quantum classifier based on
the gradient-free optimization algorithm

The framework of the GFO-based SQC for optimizing pa-
rameters is shown in Fig. 1. Due to the nature of the GFO
algorithm where only one of all the parameters in the quan-
tum circuit is updated in each iteration while other parameters
are fixed, we suppose that the former i — 1 parameters have
been updated already.

gate Rx (¢) = exp(fi%c;x) applied on one qubit is used as the

In the training processes, a rotation

quantum trainer, where ¢ € (—, ] is the angle of rotation and
oy is the Pauli-X matrix. X = (x1,...,x,) is a n-dimension
training data in a batch used for updating the (i — 1)-th parame-
ter and X is selected randomly from the training dataset which
is defined as S = { X, f(X)}, and f(X) =0 or 1 is the label of
X. The method of loading training data and parameters is to
perform a multiplication operation between two n-dimensional
vectors, X and 6, which makes two inputs into a single num-
ber,e.g., ¢ =Y | Oix;, 0 =(6,...,0,) is the parameter vector
that needs to be tuned for the SQC. After loading a batch of
training data X's and parameter vector @ into the quantum cir-
cuit, the value of the cost function Cg, , specified by the (i — 1)-
th parameter, where Co, | = ; Yor_ (1 —|(O) x,,.6, ,|*). is ob-
tained by using the Hermitian operator (O) to measure the
quantum circuit. X, is the m-th training data in the batch.
Ce,_, is checked to see whether it satisfies the stop condition of
the training processes. If Cg, | satisfies the stop condition, the
optimal parameter vector 8* for the testing processes is output;
otherwise, the i-th parameter 6; in 6 is continually updated.
In the testing processes, unclassified data X cjassified and 0*
are loaded into the same quantum circuit, named the quantum
classifier. The classification information for X ciassified €an
be obtained after performing the measurements.

GFO algorithm
Quantum trainer Classical device
(O)x,m.0i—1| Co If C, < stop condition :
R (4 mobi . i "
10) ¥ (qj’") 74 “I output the optimal "=~~~
A Else : H
a date 6, — h
¢= z 0x,,+ 6x,, MR Y '
J=Lj# '

Training data X !

Parameter @inclued the updated 4,

HipivA
Xounclassified 16
:

Quantum classifier ! O ¢ unclassified
Vp= ZH/ Xj

Fig. 1. The framework for optimizing parameters of the SQC based on the
GFO algorithm. The arrows in the figure represent the flow of information.
In the training processes (gray box), the training data X and the parameters
0 are fed into ¢ of the rotation gate in the form of vector-multiplication every
iteration. The value of the cost function Cy, , is obtained by measuring the
quantum circuit with the (i — 1)-th parameters and checking whether it’s less
than the given stop condition. If not, continue the next parameter-optimizing
iteration where other parameters are fixed except 6;, which is updated in the
i-th iteration; otherwise, begin the testing processes, where the optimal pa-
rameters vector 8* and unclassified data X ,classified are fed into the same
circuit. The classification information of X nclassified can be specified with
the highest probability by measurement of the quantum circuit.

Class 0
Class 1

Here, we detail the findings of the optimal parameter vec-
tor 6*. Inspired by the optimization strategies in Ref. [25],
we consider a special case where a subset only contains one
parameter to optimize in the parameterized quantum gate for
the quantum circuit. Firstly, the expectation value of the quan-
tum circuit with structure U and initial state p can be rewrit-
ten as a function of angle ¢!>! which has sinusoidal form as
(0)s =Tr(OUpU") = Asin(¢ + B) +C, where A, B and C are
coefficients that need to be determined. Then, we consider the
task of minimizing the value of the cost function Cg, by max-
imizing every |(O)x,,.6,| part with the i-th parameter, which
can be ensured if the coefficients are estimated. Therefore,
using the definition of the matrix exponential, the expectation
value can be expressed as

(0) = TH{ORx(9)pRY(¢)] = Tr[Oe ™~ §op el $o¥]

_ P isin? i isin?
= Tr(O(cos 2I isin 2GX)p(cos 21+1s1n2crx>)
= cos® gTr(OIpI) +1isin g cos gTr(O[p7 ox])

+ sin’ %Tr(OGXpGX). (1

We set ¢ = (eimxim +0;/anln)7 O:nXI/n = Z?:l Gjmxjmaj 7é
i, and other n — 1 parameters, except 0;,, are fixed to their
current values. We note that Tr(OIpl) is simply the expecta-
tion when the circuit is evaluated at ¢ = 0. That is, (O)g =
Tr(OIpI) = Tr(Op). Likewise, (O); = Tr(Ooxpox) when
¢ =m, and iTr(O[p,0x]) = (0)z —(0) _z when ¢ = z2,-7

respectively. Then, the expectation value characterized by the
i-th parameter 0;,, when the training data is X, can be ex-
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pressed as

[((0)0 — (0)x) cos (6}, X})
((0)5 — (0)_5)sin(6),X},)] cos(Bimxim)

(0)e,, =

21(0)5 — (0)_g) co(8}, X},
((0)0 — (0)) sin(8}, X, )| sin( By
L((0)+(0)2). @

From the identity deformation of the sinusoidal function,

we can obtain a compact expression of Eq. (2) as

<0> O = ACOS(Q{mxim) +Bsin(9,-mx,-m) +C
= /A2 + B?sin(0nxim +arctan2(A,B)) +C, (3)
where
A = 5[0~ (0)x) co5(6, X)
+((0)5 —(0) _3) sin(8), X,
B = 31((0) - 0)_g)cos(8,X;,)
T ((0)0 — (0))sin(8,XL).
€ = 5({0)o+(0)x), )

where arctan2(A, B) is a four quadrant arctangent of the real
numbers A and B, and its value range is (—7, 7. It’s easy to lo-
cate the maximum at 6;,,,x;, = 7 /2 —arctan2(A, B). Therefore,
the updated value of the i-th parameter 6;,, can be expressed
as

) upd

im

= argmax(0)g,,
eim
1 T ! l
= — | = —arctan2[((O)p — (O) ) cos(6,,X,,)
Xim \ 2

+((0) —(0)_5)sin(6},X,).
((0)5 —(0)_5) cos(6},X;,)

(0) - <0>n>sm<e;nx,’n>]). )

The i-th parameter can be optimized by a batch of train-
ing data, where a strategy to obtain the average value of m i-th
updated parameters in each iteration is

gUrd — 1 f“ gupd ©6)
1 M m:1 m

where M is the number of training data in a batch. The al-
gorithm finds each updated parameter in € sequentially for all
i=1,...,nto complete cycle by cycle until a stop condition is
satisfied. The gradient-free method is Algorithm 1.

Algorithm 1 Gradient-free optimization algorithm for the SQC

Require: Initialize the parameters 6; randomly, where 1 < i < n; set batch size M (we set M as 10 in this

work); a stop condition; estimate (O)o, (O)z, (0)% A{0)_x;

1: loop

2

2:  Calculate the value of the cost function as cost-now.

fori=1tondo

for m=1toM do

3
4: For all parameters except the i-th one.
5
6 Calculate 6/, X,;

A= 3[((0)o —(0)x)cos(6;,X;,) + ((0) 5 — (0) -

)sin(6,, X,,)];

T
2

B=3[((0)5 —(0)_z)cos(6,,X;,) + ((O)o — (0))sin(6], X7, )]:

2
O X[%(% —arctan2(A, B)).

im
7 end for

Get the average: 91-°p[ = ﬁ ):A,,/,Izl 95,’,’[.

Calculate cost value: cost-new.

8: if cost-new < cost-now then
9: 61-01” changed;
COSt-nOW = cost-new.
10: else
11: 6™ remains the same.
12: end if

13:  end for if the condition is met.
14: end loop

3. Results and discussion

In this section, we demonstrate the feasibility of the pro-
posed GFO-based SQC with the Iris and MNIST datasets. We
use the PennyLane?”! module in Python to realize the pro-

posed algorithm. In order to show the performance of the pro-

posed GFO-based SQC, the Adam-based SQC is simulated at
the same time, whose parameters are optimized in a hybrid
quantum—classical way. In addition, the quantum support vec-
tor machine (QSVM), which is a quantum classifier without a

classical part, is also selected for comparison.
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For the Iris dataset, we use 40 training samples and 10
testing samples for each class, and they are selected randomly
from the Iris dataset. Here, the optimizing parameters’ time
is recorded when 100% classification accuracy is achieved us-
ing the GFO-based SQC, Adam-based SQC, and QSVM. The
simulations are performed 20 times, where the quantum cir-
cuit has no noise. As shown in Fig. 2, the time using the
GFO-based SQC is on average smaller than that using the
Adam-based SQC, except the third, the ninth, and the eigh-
teenth times, which means that the proposed GFO algorithm
not only has a higher efficiency for classification, but also has
a reduced time for the parameters’ optimization. Here, the
time using the GFO-based SQC fluctuates because the train-
ing effect of the GFO-based SQC is highly dependent on the
original parameters when the dataset is relatively simple. The
time cost of using the QSVM is much higher than that of using
both the GFO-based SQC and the Adam-based SQC, because
the QSVM requires a lot of time for the kernel calculations.
Therefore, we only compare the proposed GFO-based SQC
with the Adam-based SQC in the MNIST dataset.

220 0 ® 0 ® ¢ % 0 0% g 0 4 0 4 0 4 0 4 0
200
1804
160+

120+
100+
801
604
404

20‘ O ¢ 0o o ¢ 0o 0o U o o © © 0o 0 O 0 0 o o o

Time (s)

9 11 13 15 17 19
Fig. 2. The time when 100% classification accuracy is achieved us-
ing the GFO-based SQC (red), Adam-based SQC (blue), and QSVM
(green) for the Iris dataset versus the simulation times.

For the MNIST dataset, we use 10000 training samples
and 1000 testing samples for each class, which are selected
randomly from the MNIST dataset. Each sample is processed
into 32 dimensions by the rough grid feature method.?8! The
simulations are performed 20 times separately based on the
quantum circuit with and without noise deriving from the im-
perfections of quantum gates. Here, the quantum gate is af-
fected by the five typical types of quantum noise, i.e., bit flip,
depolarizing, phase flip, phase damping, and amplitude damp-
ing. Here, the error probability for the five quantum noises
is assumed to be 5%. The parameters of the quantum circuit
have been updated for 15 loops in each simulation.

Firstly, we compare the optimizing time and classification
accuracy by using the GFO-based SQC and the Adam-based
SQC for different classification tasks in the MNIST dataset.
As shown in Table 1, the GFO-based SQC can complete the

classification tasks for both the digits that are similarly written
by hand (such as 1, 7) and those that are difficult to recognize
when written (such as 2, 4, 6, 8 and 9), and takes less time than
the Adam-based SQC over 15 loops.

Table 1. The optimizing time and classification accuracy using the GFO-
based SQC and the Adam-based SQC for different classification tasks in the
MNIST dataset.

No noise GFO-based SQC Adam-based SQC
classifying time (s) accuracy time (s) accuracy
1,7 1582 97.1% 2019 99%
2,4 1785 92.6% 2213 94%
79 1613 86% 2029 85%
2,6 1598 80.1% 2040 82.7%
8,6 1557 90.1% 2036 93.7%

Next, we compare the time of optimizing the parameters
of the two SQCs in different environments for the classifica-
tion task between 0 and 1. According to Ref. [29], phase flip
and phase damping have different Kraus matrices, but by sim-
ply substituting, one can check directly that the two channels
yield completely the same outputs, which means that the phase
flip quantum operation is exactly the same as the phase damp-
ing. Therefore, we only present the results under phase flip
noise. As shown in Table 2, the optimizing time required by
the GFO-based SQC is less than that of the Adam-based SQC
in both no-noise and noisy environments. Furthermore, the
optimizing time of the GFO-based SQC is basically stable at
1500 s, while the Adam-based SQC is heavily influenced by

the environment.

Table 2. The average optimizing time using the GFO-based SQC and
the Adam-based SQC in different environments for the MNIST dataset.

GFO-based SQC Adam-based SQC

No noise 1508 s 2201 s

Bit flip 1528 s 15498 s
Depolarizing 1440 s 2511s
Phase flip 1493 s 2373 s
Amplitude damping 1521's 13663 s

Finally, we demonstrate the details of the two-class clas-
sification task between 0 and 1 with and without quantum gate
noise. The shadow is composed of 20 simulations with differ-
ent initial parameters.

Figure 3 shows the value of cost (a) and the classification
accuracy (b) against time for the two-class classification task.
As shown in Fig. 3(a), the convergence ability of the GFO-
based SQC is better than that of the Adam-based SQC with
different initial parameters. As shown in Fig. 3(b), the GFO-
based SQC can achieve a high classification accuracy faster
than the Adam-based SQC and can be stable at a specific ac-

curacy in the end.
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Fig. 3. Quantum gate without noise, (a) for the value of the cost function
and (b) for the accuracy of classification.
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Fig. 4. Quantum gate with bit flip noise, (a) for the value of the cost
function and (b) for the accuracy of classification.

Figure 4 shows the situation of bit flip noise affecting the

quantum gate where (a) shows the value of cost and (b) shows
the classification accuracy against time. The shaded area of
the Adam-based SQC is larger than that of the GFO-based
SQC, indicating that the GFO-based SQC is effective and is
more adaptable in the noisy environment of bit flip and takes
less time to finish 15 loops of optimizing parameters. From
Fig. 4(a), the GFO-based SQC has a more stable convergence
ability than the Adam-based SQC. From Fig. 4(b), the GFO-
based SQC is able to reach a high accuracy faster than the
Adam-based SQC.

Figure 5 shows the situation of depolarizing noise affect-
ing the quantum gate. Figure 5(a) shows that the convergence
ability of the GFO-based SQC is better than that of the Adam-
based SQC, indicating that the GFO-based SQC is effective in
the depolarizing noise environment and takes less time to fin-
ish 15 loops of optimizing parameters. Figure 5(b) shows the
GFO-based SQC is able to reach a high accuracy faster than
the Adam-based SQC and can be stable at a specific accuracy
in the later stages.

1.0
0.9l (a) 1o — Adam-based SQC
: 0.8 — GFO-based SQC
0.8+
0.7+
0.6
%
o 0.5
O 04 0 100 200 300
0.3
0.2 M
0.1+
0 L L L L L
0 500 1000 1500 2000 2500
Time
1.0
b
0.9 (b)
0.8
>
Q
@
=07
Q
=
0.6
’ —— Adam-based SQC
0.5h 0.5 — GFO-based SQC
0.4
0 100 200 300
0.4 - - - - -
0 500 1000 1500 2000 2500
Time

Fig. 5. Quantum gate with depolarizing noise, (a) for the value of the
cost function and (b) for the accuracy of classification.

Figure 6 shows the situation of phase flip noise affecting
the quantum gate. Figure 6(a) shows that the GFO-based SQC
has the ability to resist the phase flip noise and keep stable
continuous convergence, while the Adam-based SQC fluctu-
ates badly. Figure 6(b) shows that the GFO-based SQC can
achieve a high classification accuracy faster and can be stable
at a specific accuracy in the later stages. The results in Fig. 6
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show that the GFO-based SQC is effective in the noisy envi-

ronment of phase flip.
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Fig. 6. Quantum gate with phase flip noise, (a) for the value of the cost
function and (b) for the accuracy of classification.
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Fig. 7. Quantum gate with amplitude damping noise, (a) for the value
of the cost function and (b) for the accuracy of classification.

Figure 7 shows the situation of amplitude damping noise
affecting the quantum gate. As is shown in Fig. 7(a), the
GFO-based SQC takes less time to finish 15 loops of optimiz-
ing parameters but the Adam-based SQC has a better conver-
gence ability. Figure 7(b) shows that the GFO-based SQC can
achieve a high classification accuracy faster, but the Adam-
based SQC can reach a higher accuracy eventually.

In general, the GFO-based SQC has a certain resistance
to noises and can keep the ability of continuous convergence.
Compared with the Adam-based SQC, the GFO-based SQC
can finish 15 loops of optimizing parameters more quickly.
Although the GFO-based SQC is affected by the randomly
initialized parameters, which makes the optimization perfor-
mance of the GFO-based SQC fluctuate in the optimizing pro-
cesses, the GFO-based SQC can always achieve a high classifi-
cation accuracy faster than the Adam-based SQC and maintain
stability in the end. As gradients do not need to be calculated,
the GFO-based SQC saves lots of calculation time and can
quickly complete the optimizing processes, while the Adam-
based SQC is affected badly by the different noises and takes
different times to finish the optimizing processes in different
noise environments.

4. Conclusion

In this work, we have proposed a GFO-based SQC. By
loading training data and parameters in a summation form,
only one rotation gate has been used in the quantum circuit.
The proposed GFO-based SQC has been used to optimize only
one parameter in each iteration, resulting in a shorter time
for completing the optimizing processes of the SQC. Further-
more, we have simulated the classification tasks with the GFO-
based SQC, and have compared the results with those using
the Adam-based SQC and QSVM. The simulation results have
shown that the GFO-based SQC has obtained a higher accu-
racy and a shorter optimizing time than the Adam-based SQC
and QSVM. Additionally, the GFO-based SQC has a good per-
formance in noisy environments.

For further work, we will focus on how to increase the ex-
pression power of quantum circuits where parameters can be
optimized by this GFO-based SQC for other complex classifi-
cation tasks.
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