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Quantum machine learning is an important application of quantum computing in the era of noisy intermediate-scale
quantum devices. Domain adaptation (DA) is an effective method for addressing the distribution discrepancy problem be-
tween the training data and the real data when the neural network model is deployed. In this paper, we propose a variational
quantum domain adaptation method inspired by the quantum convolutional neural network, named variational quantum
domain adaptation (VQDA). The data are first uploaded by a ‘quantum coding module’, then the feature information is
extracted by several ‘quantum convolution layers’ and ‘quantum pooling layers’, which is named ‘Feature Extractor’. Sub-
sequently, the labels and the domains of the samples are obtained by the ‘quantum fully connected layer’. With a gradient
reversal module, the trained ‘Feature Extractor’ can extract the features that cannot be distinguished from the source and
target domains. The simulations on the local computer and IBM Quantum Experience (IBM Q) platform by Qiskit show
the effectiveness of the proposed method. The results show that VQDA (with 8 quantum bits) has 91.46% average classifi-
cation accuracy for DA task between MNIST—USPS (USPS— MNIST), achieves 91.16% average classification accuracy
for gray-scale and color images (with 10 quantum bits), and has 69.25% average classification accuracy on the DA task
for color images (also with 10 quantum bits). VQDA achieves a 9.14% improvement in average classification accuracy
compared to its corresponding classical domain adaptation method with the same parameter scale for different DA tasks.
Simultaneously, the parameters scale is reduced to 43% by using VQDA when both quantum and classical DA methods
have similar classification accuracies.

Keywords: quantum image processing, domain adaptation, quantum convolutional neural network, IBM quan-

tum experience
PACS: 03.67.—a, 03.67.Ac, 03.67.Bg, 03.67.Lx
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1. Introduction

In computer vision, the model’s labeled training dataset
(source domain) often has distributional differences from the
real data (target domain), so the application of the model is
limited. It is also a time-consuming and laborious task to la-
bel each real data to construct a useful training set. There-
fore, domain adaptation (DA), an effective method for ad-
dressing the distribution discrepancy problem between the
training data and the real data, makes the trained neural net-
work models from the labeled source domain data effectively
used in the target domain. Currently, there are four cate-
gories of DA methods, ! including the discrepancy-based DA,
the reconstruction-based DA, the instances-based DA, and the
adversarial-based DA.[?? Depending on the criterion used to
measure the distributional differences, the discrepancy-based
DA can be further categorized into DA based on statistical
criterion, ! DA based on structural criterion,®! DA based on

prevalence criterion,!®) and DA based on graph criterion.!”!
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Reconstruction-based DA is mainly implemented by ex-
tracting domain-invariant features through a self-encoder.®!
Instances-based methods first generate the labeled target do-
main samples from the labeled source domain samples, estab-
lish the relationship between the source domain samples and
the generated samples, and then use the generated samples to
train the network suitable for the target domain.[”) While the
adversarial-based DA is to introduce the game idea of genera-
tive adversarial network!'” (GAN) into the network training.
For example, Ganin et al. first proposed a domain adversarial
neural network!' 'l (DANN) by introducing a domain classifier
and a gradient reversal layer in the feed-forward network.
Machine learning is one of the important applications of

[12] and the resultant quantum machine

quantum computing,
learning!!3-131 (QML) provides polynomial or exponential ac-
celeration for learning tasks. Based on the superposition and
entanglement of quantum bits, QML is expected to overcome

the current problems in DA on its large data set and slow train-
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ing process.!'®1°1 In the context of the noisy intermediate-
scale quantum (NISQ) era, the variational quantum algorithm
(VQA) was proposed to provide a general framework for the
implementation of QML.[?"1 VQA has three steps, (i) design
the objective function and the corresponding variational quan-
tum circuit (VQC) according to the learning task, (ii) solve
the expectation value of the objective function by using VQC,
and (iii) optimize the parameters in VQC by classical compu-
tation and find the optimal parameters to satisfy the objective
function.?’-??l VQA can greatly reduce the number of quan-
tum bits, quantum gates, and the depth of required circuits
by combining classical computing and quantum computing, it
has become an effective way to realize quantum superiority >3]
nowadays.

Quantum convolutional neural network (QCNN)[24! was
used to accurately identify the quantum states, and it is one
of the VQC models in VQA. Later, Hur ef al. discussed the
performance of various QCNN models in terms of the struc-
ture of VQC, quantum data coding methods, classical data
preprocessing methods, and loss functions.?>! Lii ez al. ex-
tended the application of QCNN from quantum data to clas-
sical image data by implementing a binary classification task
in MNIST dataset.?! Yang ez al. proposed federal learning in
the context of a decentralized feature extraction method based
on QCNN to solve the privacy preservation problem in speech
recognition.!”’! Wei ef al. also applied QCNN in image pro-
cessing, such as image smoothing, image sharpening, and edge
detection.[?®]

Inspired by QCNN, we propose a variational quantum
domain adaptation method, named VQDA, in which a new
QCNN model is designed by using VQC, which has a sim-
ilar hierarchical structure to a classical convolutional neural
network (CNN) model, that is, the new QCNN model has the
quantum convolutional layer, the quantum pooling layer, and
the quantum fully connected (QFC) layer. The operations on
quantum data, such as convolution, pooling, and full connec-
tion, can be implemented by the quantum convolutional layer,
the quantum pooling layer and the quantum fully connected
layer. Finally, VQDA is achieved by introducing an additional
quantum fully connected layer for classifying domains in the
feed-forward network, and a gradient reversal module (GRM)
in the back-propagation. The simulations are performed on the
local computer and IBM Quantum Experience (IBM Q) plat-
form by Qiskit to validate the proposed method. We further
discuss the effectiveness of the proposed VQDA on the Digit-
5 dataset for ‘gray images’ domain adaptation, ‘color and gray
images’ domain adaptation, and ‘color images’ domain adap-
tation.

The main contribution of the paper can be summarized as
follows. (i) The proposed scheme incorporates quantum com-

puting into domain adaptation to improve the average clas-
sification accuracy of DA task with only a few qubits, say
8(10) qubits. (ii) VQDA promotes the emergence of two fea-
tures: one is discriminative for the main learning task on the
source domain and another is indiscriminate with respect to
the shift between the domains. (iii) The proposed scheme uti-
lizes the advantages of quantum convolutional neural networks
to achieve domain adaptation with 43% parameters scale re-
duced in comparison with its classical counterpart for the sim-
ilar classification accuracy. (iv) The proposed scheme does not
contain any quantum black boxes and has been verified on the
IBM Quantum Experience (IBM Q) platform.

2. Variational quantum domain adaptation

The quantum circuit of the proposed VQDA is shown in
Fig. 1. The classical information (such as images) is firstly
encoded into their corresponding quantum states through a
‘Quantum Coding Module’, and then the generated quantum
states are extracted from the sample features by a ‘Feature Ex-
tractor’, composed of a hierarchical structure with the ‘quan-
tum convolution layer’ (QCL) and the ‘quantum pooling layer’
(QPL). Here, the ‘quantum convolution layer’ is comprised of
several two-quantum bit unitary transformations U; by invari-
ant translation, and the ‘quantum pooling layer’ consists of
some measurement-control circuits that determine whether or
not to apply a single-quantum bit unitary transformation V; to
its adjacent quantum bit. QCL is used to extract the feature
of the input quantum state, while QPL is used to reduce the
feature mapping dimensions, achieve nonlinearity, and pre-
vent the overfitting. With the alternate applications of QCL
and QPL, the remaining quantum bits are measured to obtain
the extracted features when the system size is small enough.
By measuring the ‘quantum fully connected layer’ (named
QFC1), the labels of the input feature prediction samples are
obtained after a unitary on the remaining qubits, where the
unitary 8grci is learned. The ‘Feature Extractor’ and QFC1
construct a feed-forward network model, composing of a la-
bel prediction part (‘Label predictor’). The output of QFC1 is
used to predict the labels of the samples. At the same time, an
additional ‘quantum fully connected layer’ (named QFC2) is
added to VQDA for predicting the features whether from the
source domain or the target domain. The ‘Feature Extractor’
and QFC2 are composed of ‘Domain classifier’, and the out-
put is used to predict the domains of the samples. In particular,
the gradient of QFC2 is multiplied by —1 through the GRM.
QFC2 and GRM are used to ensure that the trained ‘Feature
Extractor’ can extract the features that cannot be distinguished
from the two domains (i.e., the common features of the two

domains).

070302-2



Chin. Phys. B 34, 070302 (2025)

)

Quantum coding module

[

Label predictor

2 .
—> QFCI

2 \
—>QFcz

Domain classifier

’

Feature extrator

Fig. 1. The architecture diagram of the proposed VQDA. U is the two-quantum bit, and V is the one-quantum bit unitary transformation. QCL,
QPL, QFC, and GRM represent the quantum convolution layer, the quantum pooling layer, the quantum fully-connected layer and the gradient
inversion module, respectively. Lorci and Logc are the loss functions for QFC1 and QFC2.

In the training phase, the source domain image partici-
pates in label training and domain training, while the target
domain image only participates in domain training. The gradi-
ent of QFC2 is inverted by GRM during back-propagation, and
0cp and Oqgrc are learned by minimizing the loss of the ‘Label
predictor’, while 8., and Oqrc: are learned by maximizing the
loss of the ‘Domain classifier’.

The unsupervised DA is achieved by adding ‘Domain
classifier’, who connects to the feature extractor via a gradi-
ent reversal layer that multiplies the gradient by —1 during
the backpropagation-based training. Gradient reversal ensures
that the feature distributions over the two domains are made
similar, thus resulting in the domain-invariant features, satis-
fying with the criterion for effective domain transfer, that is,
the predictions must be made based on features that cannot
discriminate between the training (source) and test (target) do-
mains. VQDA can promote the emergence of features that are
discriminative for the learning task on the source domain and
indiscriminate with respect to the shift between the domains.

The first step of VQDA is preparing the quantum state
of the input classical information (images). Here, ‘Quantum
Coding Module’ is implemented by a specific VQC to obtain
the required quantum state based on the amplitude state!’!
preparation method proposed in Ref. [30].

In the following, we describe each part in detail.

2.1. Quantum convolutional layer

The quantum convolutional layer is designed to extract
the feature of the input quantum state. It is comprised of some
two quantum bits gate U;, where i denotes the convolutional
layer in which it is located. Here, U; operates on the two neigh-
boring quantum bits to demonstrate the local connectivity, as
the convolutional kernel in the convolutional neural network
(CNN). At the same time, U; is sequentially operated on each
quantum bit in a translationally-invariant manner to show the
parameters sharing property. To extract more features, the am-
plitude of the input quantum state should be flexibly adjusted

by U;. Thus, U, is a universal two-quantum bit circuit that can
realize any unitary transformation. According to the decom-
position fashion in Ref. [31], we decompose U; into a combi-
nation of a collection of basic quantum gates {CNOT, Ry, Rz},
whose circuit structure is shown in Fig. 2. The expression of
the proposed circuit is

Ui=(A®B)C} (Rz@Ry)CiC3, 1)

where A and B are the general single quantum bit unitary trans-
formation (Rz, Ry, Rz), C} denotes a CNOT gate with i as the
control bit and j as the controlled bit. As shown in Fig. 2, a U;
contains § quantum rotation gates as well as 3 CNOT gates.

o4
e

Fig. 2. The circuit structure of U;.

2.2. Quantum pooling layer

In CNN, a pooling layer is usually added to the adja-
cent convolutional layers to reduce the feature mapping di-
mensions, to achieve nonlinearity, which in turn speeds up
the computation, as well as prevents overfitting. Here, the
quantum pooling layer is archived by quantum measurement
on some quantum bits, followed by a single quantum bit uni-
tary transformation V; operated on each measured neighboring
quantum bit, where i denotes the quantum pooling layer in
which it is located.

According to the principle of deferred measurement,*?! a
quantum measurement can be moved to the end of a quan-
tum circuit when it is an intermediate step in the quantum
circuit and the measurement result is a condition for control-
ling subsequent quantum gates. Furthermore, the controlling
bit should have an arbitrary control state, while the controlled
bit should apply an arbitrary single quantum bit unitary trans-
formation based on the measured results.[?3! Therefore, the
measurement-control circuit for the quantum pooling layer can
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be designed as Fig. 3. At first, the equivalent circuit for the
measurement-control circuit in Fig. 3(a) can be described as
that in Fig. 3(b) based on the principle of the delayed mea-
surement, then the implementation of the equivalent circuit of
the measurement-control can be realized as that in Fig. 3(c).

T8 &

Vi Vi ——— B & C
(a) (b) (c)

Fig. 3. (a) The structure of the measurement-control circuit. (b) The
equivalent circuit is based on the principle of delayed measurement.
(c) The implementation of the equivalent circuit of the measurement-
control circuit, where A and B are all the universal single quantum bit
unitary transformations. C consists of Rz and Ry gates in sequence.

2.3. Quantum fully connected layer

It is shown that the quantum circuit has reduced quantum
bits after applying several quantum convolutional layers and
quantum pooling layers, alternatively. When the system size
is relatively small, a quantum fully connected (QFC) layer can
be applied on the remaining qubits to perform classification on
the extracted features. Here, the strongly entangling circuits
proposed in Ref. [33] is adopted as the initial quantum circuit
for QFC, who is comprised of multiple quantum circuit units,
and each quantum circuit unit consists of several quantum ro-
tation gates and CNOT gates. After removing the redundant
parameters, figure 4 demonstrates one quantum circuit unit for
QFC, who has 4 quantum rotation gates and 2 CNOT gates.

Ry <>

Fig. 4. The structure of a quantum circuit for the quantum fully con-
nected (QFC) layer.

In a quantum circuit unit, each single qubit is typically
composed of a sequence of rotations, represented by

Gj=Ry(B)R:(7), 2)

where f3, v are the parameterized angles that are optimized dur-
ing training. G; are then defined as

exp(—i%)cos (*) —exp(i )sm(g)
exp(—i})sin(5) exp(i})cos ()

With the followed CNOT gate, the two-qubit product states
can then be transformed into an entangled state. For a two-

G;(B,7) = G

qubit gate C (G), where G is a single-qubit gate applied to the
target qubit b, the action between control qubit a and target
qubit b can be written as

Ca(Gp) [0) [y) = [x) @ Gy [y) - @)

Then, one quantum circuit unit, denoted as B, can be expressed
as

n—1 n—1
B=T]RiCa() ]G, )
k=0 j=0

where R,’; is a Y-axis rotation on qubit k, Cy(Py) is a con-
trolled phase gate with a phase shift P, and G; is a single-
qubit gate represented by the sequence R, ()R (7). It is ob-
served that such quantum circuit unit is capable of unentan-
gling almost all the inside qubits, so that one can measure the
values of the qubits.

With the measurement, one can obtain the expectation
value, and then get the classification result after the processing
on the expectation value. For example, if the classification is a
binary task and the expectation values p; and p, are obtained
by the quantum measurements, then the classification result y
can be described as

O’ > b
y—{ P12 p2 (6)

1, p1 < p2.

If the classification is an M-ary task, and the expectation val-

ues pi, p2, ...
then the classification outcome y can be described as

, py are obtained via quantum measurements,

0’ pl:max(pl7p27"'7pM)7
1, =max(p,p2,---, ,

y= P2 (P1:pP2:---,PM) )
M—1, py =max(p1,p2;.-.,Pm)-

2.4. Optimization in VQDA

Since the unsupervised DA is implemented in the pro-
posed VQDA, the labeled source domain training samples go
through QFC1 and QFC2 to get the predicted labels and the
predicted domains during the forward propagation, while the
unlabelled target domain training samples only go through
QFC2 to get the predicted domain. At the same time, the
parameters in the quantum circuit are optimized by using the
optimization method proposed in Ref. [11]. That is, the gradi-
ent from QFC2 should be subtracted, instead of being added,
from the feature extractor during the gradient backward prop-
agation, so that the GRM is designed between the last quan-
tum pooling layer and QFC2. The gradient is multiplied by
—1 when the gradient from QFC2 passes through this module.
Then, the optimization of VQDA can be described as

E (6cp, 6qrct, Ogrc2)

1 & .
= ;_ZLbFCI (6cp, Borci)

A{ n
- ZLQFcz Ocp, Oqrc2)
1—1
A Z Lorca (6cp, Bgrc2) 8)
N nl n+1
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where n samples are from the source domain, N — n samples
are from the target domain, Lé)FCl denotes the i-th sample loss
on QFCl, L’QFCZ denotes the i-th sample loss on QFC2, Oqrci,
Oqrc2, and 6 are the parameters in QFC1, QFC2, the quan-
tum convolution layers, and the quantum pooling layers, re-
spectively, A is the domain adaptation factor.

Moreover, the rules for updating the parameters in the
quantum circuit are

JL: dL:
9cp<—9cp—l.t< QFCL _ 5 QFCZ)7

96ep 96cp
oL
Ogrc1 < Ogrc1 — H%,
oL
Oqrc2 < Ogrc2 — A ﬁ, &)

where 1 is the learning rate, and the gradient of the parameters
can be obtained by the parameter shifting method.*3 Algo-
rithm 1 shows the pseudo-codes of the optimization method in
VQDA.

It is shown that the ‘Feature Extractor’ plays an impor-
tant role in the designed VQDA, which is comprised of sev-
eral ‘Quantum Convolutional Layers’ and ‘Quantum Pooling
Layers’ in hierarchy. Importantly, for any used gates U; and

Vi, they can be decomposed by a collection of the basic quan-
tum gates {CNOT,Rx,Rz}. Therefore, optimizing the quan-
tum circuit for the ‘Feature Extractor’ is necessary. That is, the
redundant basic quantum gates can be removed from the ‘Fea-
ture Extractor’ and ‘QFC’ while keeping its expressive power.

The redundant quantum gates in PQC can be removed by
using Algorithm 2 (see details in Appendix A). It is observed
that the parameters with non-zero amplitude in the eigenvec-
tor can be deleted from the PQC without changing its expres-
sion ability. The algorithm removes one redundant gate and
removes the corresponding entries in the quantum Fisher in-
formation metric (QFI), and then recalculates the eigenvector
of the QFI. These steps are repeated until no redundant gates
are left. Here, three optimization methods are designed for
Algorithm 2, named ‘Entire’, ‘Partial Active’, and ‘Partial In-
active’. The ‘Entire’ is an overall optimization to optimize the
whole quantum circuit, the ‘Partial Active’ involves optimiz-
ing modular convolutional kernels and pooling kernels sepa-
rately and removing quantum gates, the expressive power is af-
fected by random parameters of the quantum initial state, and
the ‘Partial Inactive’ preserves potential quantum gates with

expressive power.

Algorithm 1: The optimization in VQDA

input:

Source domain sample S = {(|z;), y;,ds)};;, target domain sample T' = {(|z;),dr)}

;
n .
j=1

iteration number E; batch size s; learning rate p; domain adaptation factor {)\ (t)f: 51}; the

loss function for the labelled features Lqrci; the loss function for the domain Lorcs

output: Optimized parameters in VQDA 6* = {0.p, 0qrci,fqrcz}

1 Randomly initialize the parameter 6* in [0, 27];
2 Initialize data length [ = min (|n/s], |n’/s]);
3 for ¢ from 0 to F—1 do

4 for a from 1 to [ do
5 Randomly select s samples in S to input into the circuit;
6 Calculate the gradient VS(L) Lqgrci, Vsm Lqgrci, VS“)LQFCQ and Vsm Lqrco;
Ocp 9QFC1 becp GQFC2
7 Randomly select s samples in 1" to input into the circuit only through QFC2;
8 Calculate the gradient VTMLQFC2 and VT(” Lqrce;
Oep GQFCZ
9 Update the parameters:
1
10 oL ) — 4 <ngLQFC1 —A(?) (vj(c)LQFCQ + VQTu;LQFcz))
cp cp cp
(t+1) (t) s
11 GQFCl — GQF(H — “Veg%mLQFCl
t+1 t
12 eéch)z < ec(Q)Fcz — HA(?) (ng Larcz + Vi LQFC2);
QFC2 QFC2
13 end
14 end

15 Output the parameters 6*;
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It is noticed that Algorithm 2 is optimized for the fixed
parameters of quantum initial state, however, in the proposed
VQDA, the initial state i.e. image data is alterable during the
training phase, therefore, Algorithm 2 is modified to be suit-
able for initial adjustable parameters. Simultaneously, a ran-
dom quantum initial state is set at first for the optimization al-
gorithm and each type of the optimization method is employed
for many times. All quantum circuits in the simulations are the
optimization results by using the ‘Partial Inactive’ optimiza-
tion method.

3. Numerical simulations and demonstrations
on IBM Q platform

In this section, we verify the performance of the proposed
VQDA through numerical simulations and demonstrations on
the IBM Q platform for DA tasks in the Digit-5 dataset. For
DA in gray images, MNIST has 5000 and 1600 samples for
the training set and test set, respectively; while USPS has
1600 and 600 samples for the training set and test set, the
samples from both domains are downsampled to a size of
16 x 16 to match 8 quantum bits VQDA model. For DA
in color images, MNIST-M, SYNDigits, and SVHN all con-
tain about 5000 training sets and 1200 test sets, and all the
samples are downsampled to a size of 3-channels 16x16 to
match the inputs of the 10 quantum bits VQDA model. The
cross-entropy is chosen as the loss function for both QFCl1
and QFC2 and the optimizer Adam is adopted. The IBM Q
quantum device is accessed through Qiskit. The hardware en-
vironment used for the numerical simulations is an Intel i9-
13900HX @5.40 GHz CPU, an NVIDIA GeForce RTX 4070
(8 GB) GPU, and 32 G@5600 MHz of RAM. All the simula-
tion source codes are developed using Python and the Penny-
lane software package.

The samples in MNIST, MNIST-M, USPS, SYNDigits,
and SVHN are the digit numbers from 0 to 9. In the simu-
lation, they are categorized into five classes, such as ‘0’ and
‘9’, ‘I’ and ‘8, 2’ and “7°, ‘3’ and ‘6’, and ‘4’ and ‘5’. The
proposed VQDA can be considered as the quantum improved
version of DA discussed in Ref. [11]. Therefore, we list the
results with the proposed VQDA, together with that of DANN
in Ref. [11] for comparisons.

First, we present the demonstration of the proposed
VQDA on MNIST — USPS, where the images in both MNIST
and USPS datasets are without backgrounds. The VQDA
model used here contains two quantum convolutional layers
and two quantum pooling layers, and there is a total of 96 ad-
justable parameters in VQDA.

Figure 5 shows the probability histogram of V, and QFCI1
in Fig. 1 for ‘3’ and ‘6’ in the USPS database on the IBM Q
platform with 10000 shots, where figure 5(a) shows the mea-
surement results after V, for ‘3’ and ‘6, figure 5(b) presents
the measurement results after QFC1 for ‘3’ and ‘6’. In this

case, there are two quantum measurements both at V, and
QFCl, so that the measurement results are both 00, 01, 10,
and 11. Table 1 further lists the expectation values after V,
and QFC1 in Fig. 5, where the expectation value is calculated
by Py — Py, Py represents the probability of measurement
outcome |0), while P is for the outcome [1). According to
the strategy in Eq. (6), the results show that ‘3’ and ‘6’ are
predicted correctly by the proposed VQDA in the ‘3’ and ‘6’
classifications.

Feature extractor

1.00
85
@ 0.751
-1A
< 0.501
S
& 0.95402002%0 025707707 OMGB o 02460205
000 01 10 11
Measurement outcome
Label predictor
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Fig. 5. The probability histogram after V, and QFCI in Fig. 1 in USPS
database on the IBM Q platform with 10000 shots: (a) measurement results
after V, for ‘3’ and ‘6’, (b) measurement results after QFC1 for ‘3 and ‘6’.

Table 1. The measured expectation values after V, and QFCI1 in Fig. 1
on the IBM Q platform in USPS.

Image Ey, Eqcr Result
5 0.0144 ~0.0172 ;
) —-0.0070 -0.0244
6 -0.0056 -0.0054 6
-0.0570 0.0512

Note that, for the output of ‘Feature Extractor’, the ex-
pectation values are evaluated through Z measurement, and the
obtained expectation values are then input to QFC1 in the form
of angles, while the expectation values are computed through
X measurement for the output of ‘Label Predictor’. When X
measurement is selected, the Hadamard gate should be added
before the corresponding quantum bit measurement operation.

Figure 6 shows the probability histogram of V, and QFC1
in Fig. 1 for ‘3’ and ‘6’ in the USPS database on the IBM Q
platform with 10000 shots for six samples, where figure 6(a)
shows the measurement results after V, for the three ‘3°, fig-
ure 6(b) shows the measurement results after V, for the three
‘6’, figure 6(c) presents the measurement results after QFC1
for the three ‘3’, and figure 6(d) gives the measurement results
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after QFC1 for the three ‘6’. The three images ‘3’ and ‘6’, la-
beled as ‘Blue’, ‘Orange’, and ‘Gray’, are randomly selected
from the USPS database.

It is noted that the measurement outcomes labeled here
are listed from right to left. Figure 6(a) (figure 6(b)) shows
that for different three ‘3° (‘6’), the probability distributions
after the ‘Feature Extractor’ are almost the same against the
measurement outcomes. It hints that the features can be ex-
tracted by the designed ‘Feature extractor’. Furthermore, the
results in Fig. 6(c) (Fig. 6(d)) demonstrate the predicted la-

Feature extractor

1.00
(2) 5
2 0.751 = B
= —
= - B
"_5' 0.4265 %
= 0.50 1 0.4003
o) 0.3895
1) 0.2589
QT 0221012387 0.2041 02051 ¢ 1682
0.25 1 III 01843 1ues Iomsg
N 1
Measurement outcome
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1.00 0.8824
(c) 08074 = E
0.7899
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e
= =
= 0.501
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o
&
4 0.157
0.25 7 o0sss 01309 0.0357
0.0419
0.0355 00112
00032
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00

Measurement outcome

bels for the three ‘3’ (‘6’) after QFC1. For the three ‘3’, the
probability of 01 outcomes is 0.8074, 0.7899, and 0.8824, re-
spectively, while the probabilities of 10 outcomes are 0.8144,
0.8405, and 0.8312, respectively, for the three ‘6’. It is shown
that the labels for the three ‘3’ (‘6’) are predicted correctly by
the proposed VQDA. Table 2 lists the expectation values after
V, and QFCI1 in Fig. 6. It is shown that all three ‘3’ (‘6’) are
predicted correctly by the proposed VQDA in the ‘3” and ‘6’

classifications.
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Fig. 6. The probability histogram after V; and QFC1 in Fig. 1 in USPS database on the IBM Q platform with 10000 shots: (a) measurement
results after V; for ‘3°, (b) measurement results after V, for ‘6’, (c) measurement results after QFC1 for ‘3’, (d) measurement results after

QFC1 for ‘6’.
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Fig. 7. The probability histogram of V, for ‘3’ and ‘6’ images in the SVHN database on the IBM Q platform (VQDAL1) with 10000 shots:
(a) measurement results after V; for ‘3’, (b) measurement results after V; for ‘6’, (c) measurement results after QFC1 for ‘3°, (d) measurement

results after QFC1 for ‘6°.
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Table 2. The measured expectation values after V, and QFC1 in Fig. 1 on the IBM Q platform in USPS.

Image EVZ_‘S’ EQCFI“?” Result EV2 -6 EQCFI -0’ Result

0.2212 0.7318 0.0172 -0.8024

‘Blue’ 6
-0.1892 -0.6212 0.3760 0.6370
. , 0.2780 0.6636 —0.0468 -0.7916

Orange 6
-0.1144 -0.6022 0.3184 0.7146
, 0.3708 0.8358 -0.1610 —0.7240

‘Gray 6
-0.1894 -0.8362 0.2818 0.8196

Lastly, we demonstrate VQDA on SYNDigits — SVHN,
where the images in both domains are with color backgrounds.
VQDA uses 10 quantum bits to encode the sample informa-
tion, and containing two quantum convolutional layers and
two quantum pooling layers. There are 120 adjustable param-
eters inside.

Similarly, figure 7 demonstrates the probability histogram
by using VQDA for the 3-6 classification task in SVHN on
the IBM Q platform with 10000 shots, where the image ‘3’
and ‘6’ are with a color background. For the 10 quantum bits
circuit, the ‘Feature extractor’ has 3 quantum measurements.
Figures 7(a) and 7(b) show the measurement outcome proba-
bility distributions, while figures 7(c) and 7(d) show the pre-
dicted labels for the three ‘3’ (‘6’). In the same way, the expec-
tation values of each quantum bit after V, and QFC1 are listed
in Table 3. It is indicated that all three colored backgrounds
3’ (°6°) are classified correctly by the proposed VQDA in the
3-6 classification task.

Furthermore, we compare the performance of the pro-
posed VQDA with its classical counterpart DANN. At first,
we test them between the gray-scale images and the results are
shown in Table 4, where VQDA/VQDAo represents VQDA

with/without the quantum circuits optimization, DANNT is the
classical counterpart DANN with the same parameter size of
VQDA, while DANN? is the classical counterpart DANN with
a similar average classification accuracy, ‘N’ denotes the pa-
rameters used in DA, and ‘Average’ is the average of the clas-
sification accuracy of the domain adaptation task. The results
show that VQDA obtains almost all higher classification accu-
racy for the ten tasks. For the domain adaptation task between
the MNIST dataset and the USPS dataset, under the same pa-
rameter size, the average classification accuracy is 91.46%
by using VQDA, which is 15% higher than that of DANNI.
When the accuracy is similar to DANN2 (90.87%), the param-
eter size is reduced to 0.393 of DANN2. In comparison with
VQDAo, VQDA improves 3% in average classification accu-
racy and reduces 27.3% parameters. It hints that the proposed
VQDA scheme is feasible.

Furthermore, we test the proposed VQDA scheme be-
tween gray-scale images and color images, and the results are
shown in Table 5. The results show that the proposed VQDA
has all higher classification accuracy except 1-8 DA tasks in
MNIST-M — MNIST. For the domain adaptation task between

Table 3. The measured expectation values after V, and QFC1 in Fig. 1 on the IBM Q platform in SVHN.

Image Ey,-'3 Eqcri-'3’ Result Ey,-'6" Eqcr1-6’ Result
. ~0.1052 02844 -0.0118 ~0.0036
Blue -0.3856 0.2486 -0.3692 0.2982 6
~0.3252 : ~0.4312 :
‘ , ~0.0290 0.0292 ~0.0084 0.1412
Orange -0.5110 0.1624 -0.4294 0.2200 6
—0.4202 e -0.3904 ’
o 0.0290 0.3040 ~0.1072 0.2564
Gray -0.4710 ~0.0062 -0.3538 0.4074 6
~03628 : -0.3224 '

Table 4. The classification accuracy (%) by the proposed VQDA and its classical counterpart DANN for test dataset in MNIST — USPS and

USPS — MNIST (gray images).

MNIST — USPS

USPS — MNIST

Model N Average
0-9 1-8 2-7 3-6 4-5 0-9 1-8 2-17 3-6 4-5
VQDA 96 92.83 82.83 98.17 97.83 88.67 97.63 81.19 96.06 98.06 81.38 91.46
DANNI1 102 73.50  76.50 69.00 68.17 78.67 87.38 79.94 76.38 66.06 91.25 76.68
VQDAo 132 83.67 57.50 97.83 99.17 92.83 90.88 78.63 95.63 98.56 88.56 88.33
DANN2 244 95.00 83.50 93.67 76.00 84.17 94.19 97.81 92.06 95.38 96.94 90.87

070302-8



Chin. Phys. B 34, 070302 (2025)

Table 5. The classification accuracy (%) by VQDA and DANN for test dataset in MNIST — MNIST-M and MNIST-M — MNIST (gray

images /color images).

MNIST — MNIST-M MNIST-M — MNIST
Model N ST 5 S - S Average
0-9 1-8 2-7 3-6 4-5 0-9 1-8 2-17 3-6 4-5
VQDA 120 88.88 88.08 85.11 83.62 88.98 95.75 94.56 95.19 95.38 96.06 91.16
DANNI1 127 74.63 66.72 74.72 67.46 68.59 92.81 97.56 90.06 90.88 95.06 81.85
VQDAo 165 90.00 88.45 84.41 87.41 88.98 96.00 96.44 95.06 96.56 95.63 91.89
DANN2 1249 77.63 83.07 81.48 80.67 85.27 99.25 99.63 97.63 99.69 99.94 90.42
Table 6. The classification accuracy (%) by using VQDA and DANN for the test dataset in color images.
YNDigits VHN VHN YNDigits
Model N S igits — S S —S 1gits Average
0-9 1-8 2-17 3-6 4-5 0-9 1-8 2-17 3-6 4-5
VQDA 120 66.64 73.82 71.26 74.49 75.76 72.46 56.53 52.14 67.90 82.51 69.35
DANNI1 127 74.41 78.71 74.23 62.49 77.10 76.72 54.47 53.48 61.98 83.13 69.67
VQDAo 165 69.59 90.39 76.64 74.13 79.26 69.71 56.31 61.83 70.30 81.61 72.98
DANN2 146 67.15 83.12 77.16 72.52 66.71 78.63 53.66 57.76 60.02 81.39 69.81
SYNDigits - MNIST-M MNIST-M — SYNDigits
Model N Average
0-9 1-8 2-17 3-6 4-5 0-9 1-8 2-17 3-6 4-5
VQDA 120 85.06 71.10 59.77 76.30 73.95 59.73 64.77 55.87 63.87 82.06 69.25
DANNI1 127 70.75 69.99 69.79 67.23 63.70 63.38 66.23 64.11 63.99 59.98 65.91
VQDAo 165 79.38 73.10 69.52 78.40 77.78 61.92 69.86 57.71 64.49 75.50 70.77
DANN2 188 71.81 77.53 72.717 67.23 72.42 62.42 69.11 81.30 64.94 56.61 69.61
SVHN — MNIST-M MNIST-M—SVHN
Model N Average
0-9 1-8 2-7 3-6 4-5 0-9 1-8 2-7 3-6 4-5
VQDA 120 60.19 66.61 50.62 63.10 77.49 59.29 74.38 64.32 62.01 64.19 64.22
DANNI1 127 56.94 60.18 50.51 51.81 54.98 59.46 54.09 67.72 61.89 55.14 57.27
VQDAo 165 68.24 61.06 76.64 53.00 75.79 63.34 74.25 66.26 64.70 63.03 66.63
DANN2 168 68.13 71.36 65.84 66.21 68.65 60.56 60.62 51.82 59.68 63.08 63.59

MNIST and MNIST-M, under the same parameter size, the av-
erage classification accuracy of using VQDA is 91.16%, which
is 9.31% higher than that of DANNI1 (classification accuracy
81.85%), whereas DANN2 has 90.42% average classification
accuracy, needs 10.4 times the parameters. In comparison with
VQDAo, VQDA has reduced 27.3% parameters while keeping
the same classification accuracy.

Finally, we test the proposed VQDA between color im-
ages and the results are shown in Table 6. There are three kinds
of domain adaptation here, SYNDigits — SVHN (SVHN—
SYNDigits), SYNDigits — MNIST-M(MNIST-M— SYN-
Digits), and SVHN—MNIST-M(MNIST-M —SVHN). The
results show that VQDA and DANNI can obtain approximate
classification accuracies between SYNDigits and SVHN. At
the same time, when the classification accuracy in DANN2 is
69.81%, the parameter scale is increased by 17.8%. For the
domain adaptation task between SYNDigits and MNIST-M,
the average classification accuracy under the same parameters
is 69.25% by using VQDA, which is 3.34% higher than that
of DANNI1 (65.91%), whereas DANN2 requires 1.55 times
the parameters. Compared to VQDAo, VQDA reduces the

parameters by 27.3% while maintaining similar classification

accuracy. For the domain adaptation task between SVHN
and MNIST-M, the average classification accuracy by using
VQDA is 64.22%, which is 6.95% higher than that of DANN1
(57.27%). The parameters are 0.714 of DANN2 (63.59%)
when the classification accuracy is similar. Compared to VQ-
DAo, VQDA reduces the parameters by 27.3% while keeping
the approximate classification accuracy.

4. Conclusion

In the paper, we propose a novel QCNN-based DA,
named VQDA, to address the discrepancy problem between
The availabil-
ity is validated by Qiskit on IBM Q platform and numeri-

the source domain and the target domain.

cal simulations on the local computer in Digit-5 dataset. To
compare with its classical counterpart and VQDA without
quantum circuit optimization, the results by using DANNI,
DANN?2, and VQDAOo are also presented. The simulation re-
sults show that VQDA with 8 quantum bits has 91.46% av-
erage classification accuracy for DA task between MNIST —
USPS (USPS —MNIST), which is 14.78% improvement over
DANNI, 3% over VQDAO, and has reduced 60.7% parameters
over DANN?2, 27.3% over VQDAo. For gray-scale and color
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images, VQDA with 10 quantum bits has achieved 91.16%
average classification accuracy for DA task, which is 9.31%
improvement in comparison with DANNI, and has reduced
90.4% parameters over DANN2, 27.3% over VQDAo. For
color images, VQDA and DANNI1 perform closely in DA task
between SYNDigits— SVHN (SVHN— SYNDigits). It has
an average classification accuracy of 69.25% on the DA task
between SYNDigits -MNIST-M ( MNIST-M— SYNDigits),
which is 3.34% better than DANNT1 and 36.17% less parame-
ters than DANN?2, and 27.3% less than VQDAo. For the DA
task between SVHN — MNIST-M (MNIST-M — SVHN),
VQDA has an average classification accuracy of 64.22%,
which is a 6.95% improvement over DANNI1 and a reduced
parameterizations of 28.57% over DANN2 and 27.3% over
VQDAo. For different types of classification tasks, VQDA can
achieve a 9.14% improvement in average recognition accuracy

compared to its classical counterpart with the same parameter

scale and can reduce 43% of parameters when both quantum
and classical DA methods have similar classification accura-
cies. It hints that the proposed VQDA is an effective domain
adaption, and it is a promising way for the application of QML
in the NISQ era.

Appendix A: Optimizing quantum circuits

The effective quantum dimension G¢ and the parameter
dimension D¢ are the two quantitative measures of parame-
terized quantum circuit (PQC) capacity, where G¢ is a local
measurement of the quantized state space, which can be ac-
cessed by locally perturbing the parameters of the PQC, while
Dc is a measurement of the total number of independent pa-
rameters that can be expressed by the quantum state defined by
PQC. Both of them can be derived from the quantum geometry
of PQC through the quantum Fisher information metric (QFI)
F(0).

Algorithm 2: Prune PQC of redundant parameters

input: PQC C, QFI F€(frandom), number of parameters NG ..., Do <N, am, empty set £ = {}
output: Pruned PQC Cpryneq with N&;‘;ﬁﬁcrs ~ D¢

1 do

2 Get eigenvalues 2D of F C(Hrandom) sorted in ascending order, eigenvectors a® and rank r;

N, _
3 Calculate 3; = >, ™" r

eigenvalue A\ =0 ;

4 Pick largest index k such that 8y # 0;

12 ,
a§~l)‘ where a(? denotes the ith eigenvector with corresponding

5 Update FC (frandom) by removing row k& and column k

6 Add k to set K;

~

while F¢ (frandom) has nonzero eigenvalues;

8 Removing parameters corresponding to set X from C gives pruned PQC Chruned;
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