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ABSTRACT

The rapid emergence of quantum technology has raised new challenges in
distinguishing various quantum circuits of similar functions. In this work,
we  propose  parallel  quantum  embedding  neural  network  (ParaQuanNet)
for the efficient identification of quantum generative circuits via classifica-
tions of  the corresponding output data.  Specifically,  we generated W-like
states  with  eight  generative  quantum  circuits  realizing  the  generative
quantum  denoising  diffusion  probabilistic  models  (QDDPM).  Our
ParaQuanNet  can  classify  these  eight  classes  of  generated  quantum  data
with an accuracy of 99.5%, even though all of them are trained to generate
the same types of quantum data. With a novel design of parallel quantum
embedding  unit  (PQEU)  in  our  neural  networks,  our  ParaQuanNet
enables  the  quantum  kernel  circuit  parallelly  process  all  the  receptive
fields  of  quantum  data,  which  empowers  the  quantum  data  processing
efficiency. We also integrate the mutual unbiased measurements into our
ParaQuanNet  and  further  improve  its  performance.  We  apply  our
ParaQuanNet on the classification of classical data sets and demonstrate a
good  performance  of  quantum  neural  networks  on  these  tasks.  Our
approach demonstrates good robustness to noisy data and the circuit-level
noise  with  a  Python  realization  in  calssical  GPU.  Our  results  highlight
ParaQuanNet  as  a  scalable  and effective  framework for  quantum circuits
identification,  contributing  to  the  broader  development  of  quantum
machine intelligence.
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 1   Introduction

Quantum technology has attracted tremendous attention
around the world and has been recognized as the height
of the next information revolution. Within recent years,
quantum technology has demonstrated breakthroughs in
communications  [1–3],  quantum  computations  [4–7],

quantum  simulations  [8–13]  and  quantum  metrology
[14–17].  With  the  promising  quantum  advantages
demonstrated,  quantum  technology  is  still  at  the  stage
of near term Noisy Intermediate-Scale Quantum era and
there are still challenges in the field to find more practical
applications for current quantum technologies [18, 19].

In the meantime, the development of artificial intelli-
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gence is also rising, showcasing its power in the emergence
of  intelligence  [20–22].  Recent  advances  in  large-scale
deep  learning —particularly  transformer-based  architec-
tures  have led to the development of  models  exhibiting
emergent cognitive capabilities that were neither explicitly
programmed  nor  anticipated  at  smaller  scales  [23, 24].
These  behaviors  include  in-context  learning,  abstract
reasoning,  and  multimodal  integration,  suggesting  the
spontaneous  organization of  representational  hierarchies
akin to elements of natural cognition [25].

While  the  artificial  intelligence  is  developing
extremely  fast,  the  corresponding  computational  power
cost also grows vastly [26]. Attracted by the demonstrated
computational  advantage  of  quantum  technology  and
inspired  by  the  development  of  artificial  intelligence,
scholars in the quantum field explore the power of quantum
artificial  intelligence.  One  direction  aligning  with  this
direction  is  the  quantum variational  algorithms  for  the
optimization problems [27, 28], which are quantum-clas-
sical hybrid algorithms. The other direction is the explo-
ration  of  the  advantages  of  quantum  artificial  intelli-
gence, such as the quantum ability in data mining [12],
classifications [29, 30]  and data generation [31–33].  The
quantum data generation varies in two ways, one is the
generation of quantum representations of classical data,
such as the MNIST data [31–33].  The other way is  the
generation of quantum states, such as quantum entangled
states  like  GHZ  and  W  states  [34–36],  and  quantum
multi-particle  interaction  systems  [37, 38].  There  are
also  efforts  to  develop the  structure  of  quantum neural
networks [39, 40].

In  this  work,  we  focus  on  the  aspect  of  copyright
authentication  in  quantum  artificial  intelligence  to
advance the field of quantum AI further. We propose a
method  for  the  identification  of  quantum  generative
circuits  with  our  novel  parallel  quantum  embedding
neural network (ParaQuanNet). Specifically, we identify
the quantum generative circuits by the classifications of
the  quantum  AI  generated  data  from  these  quantum
generative  circuits.  We  introduce  the  mutual  unbiased
measurements into our ParaQuanNet to further improve
the  classification  accuracy.  Our  results  highlight
ParaQuanNet  as  a  scalable  and effective  framework for
quantum  circuits  identification,  contributing  to  the
broader  development  of  quantum  machine  intelligence.
Our contributions are as follows:
 
　● We  forward  the  quantum  artificial  generation  field

for counterfeit tracking and copyright protection by
identifying the quantum AI-generated data/classifying
the  quantum generative  circuits,  which  can  also  be
used to classify classical data.

　● We  propose  a  parallel  quantum  embedding  neural
network (ParaQuanNet) enabling the implementation
of the quantum convolution operations in parallel.

　● We  design  a  parallel  quantum  embedding  unit

(PQEU)  by  utilizing  a  shared  QNN  as  its  kernel,
and  achieve  parameter  sharing  advantages  that
significantly  decrease  model  complexity  while
enhancing both training efficiency and generalization
performance.

　● We  integrate  two  types  of  mutual  unbiased
measurements into our ParaQuanNet, which further
improves the classification accuracy.

　● Our ParaQuanNet demonstrates the better robustness
to  quantum-specified  data  noise  and  circuit  level
noise compared with the traditional quantum convo-
lution neural network.

 2   Quantum generative circuits
identification with parallel quantum
neural network

This work aims to identify which quantum AI generative
circuits  are  the  quantum  states  generated  from  and
therefore to distinguish the quantum generative circuits.
In this section, we propose a parallel quantum embedding
neural network (ParaQuanNet) architecture for the effi-
cient quantum generative circuits identification. Specifi-
cally,  we  will  introduce  the  generative  circuits  we  used
as  demonstration  in  this  works,  the  construction  of
ParaQuanNet  and  its  core  part  of  parallel  quantum
embedding  network,  the  novel  integration  of  mutual
unbiased  measurement  in  our  quantum  ParaQuanNet,
and  our  main  results  of  quantum  generative  circuits
identificaiton.

The  architecture  of  our  Parallel  quantum  neural
network  is  shown  in Fig.  1,  and  it  consists  of  three
parts,  the  data  generated  process,  the  quantum  neural
networks and the measurements. In the data generation
process, we collect the quantum data from various quantum
generative  circuits  which  are  trained  to  generate  the
same types of data. In our demonstration, we identify 8
types  of  quantum  generative  circuits.  The  quantum
neural  networks  we  design  include  a  parallel  quantum
embedding  network  and  enable  the  parallel  quantum
convolution. We integrate the mutual unbiased measure-
ments into our quantum neural networks to improve the
performance further.

 2.1   Quantum generative circuits

The  data  in  our  proposal  is  generated  with  various
quantum generative circuits which are trained by following
a  quantum denoising  diffusion  probabilistic  process  [20,
34–36].  Specifically,  quantum  diffusion  model  extends
classical  denoising  diffusion  probabilistic  models
(DDPMs) into the domain of quantum states by replacing
Gaussian  noise  with  quantum channels  and  learning  to
reverse  this  noise  process  using  quantum  neural
networks. A practical effective architecture for this task
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is the quantum U-Net in Ref. [34], a quantum analogue
of  the  classical  U-Net  that  uses  hierarchical  encoding
and decoding with skip connections to preserve multiscale
structure in quantum data. In a quantum DDPM with a
quantum U-Net, the forward process gradually perturbs
an initial quantum state through controlled CPTP noise
channels,  while  the  quantum  U-Net  learns  the  reverse
transitions  by  predicting  and  removing  the  injected
quantum noise at each diffusion step. This combination
provides a powerful framework for quantum state recon-
struction,  generation,  and  noise  mitigation,  leveraging
the  expressive  capacity  of  quantum  circuits  to  capture
both  local  and  global  correlations  that  arise  in  many-
body quantum systems.

In this work, we design various neural network archi-
tectures and train these neural networks to generate the
same kind of quantum data, i.e.,  the previously defined
W-like state, which is defined as follows: 

W̃ = α1|10000000⟩+ α2|01000000⟩
+ α3|00100000⟩+ α4|00010000⟩
+ α5|00001000⟩+ α6|00000100⟩
+ α7|00000010⟩+ α8|00000001⟩, (1)

αi, i ∈ [1, · · · , 8]∑
i |αi|2 = 1

with  as  complex  numbers  and
. We define the success rate of generations is 

PW
succ = P10000000 + P01000000

+ P00100000 + P00010000

+ P00001000 + P00000100

+ P00000010 + P00000001. (2)

P10000000 P01000000 P00100000 P00010000 P00001000

P00000100 P00000010 P00000001

|00000001⟩ |00000010⟩ |00000100⟩
|00001000⟩ |00010000⟩ |00100000⟩ |01000000⟩ |10000000⟩

Here , , , , ,
,  and  are  the  probabilities  of

the  generated  states  project  to  the  corresponding
computation  bases  { , , ,

, , , , }.

Ui

Specifically, in our demonstrations we design 8 various
generative circuits as shown in Fig. 2, where a convolution
layer applies a single quasi-local unitary ( ) in a trans-
lation invariant manner for finite depth, inspired by Ref.
[41]. For pooling, a fraction of qubits are mathematically
traced  out  temporally,  and  their  states  are  stored  and
reused in the later coming layers. Therefore, the nonlin-
earities  in  our  architectures  arise  from  tracing  out
partial  degrees  of  freedom.  With  these  8  well  trained
generative  circuits,  we  generate  2000  data  from  each
quantum generative circuits, and the success rate of the
generations for each of these circuits are above 0.95. In
our  work,  we  will  use  our  proposed  parallel  quantum
embedding  neural  network  to  identify  which  of  these
generative  circuits  are  the  quantum  data  generated
from.

 2.2   Parallel quantum embedding network

In this work, we propose a parallel quantum embedding
network  for  the  efficient  data  processing  in  quantum
neural  networks  (ParaQuanNet).  Our  novel  parallel
quantum  computing  unit  (PQEU)  is  designed  in  our
ParaQuanNet  as  shown at  the  bottom of Fig.  1,  under
the  inspiration  of  the  high  efficiency  of  GPU  parallel
computing,  i.e.,  SIMD  (Single  Instruction  Multiple
Data)  architecture  [42].  By  leveraging  parameter  shar-

 

Data
generation

BatchSize×256

PQEU

noise

BatchSize ×16×16

BatchSize ×4×4 BatchSize ×8×8
|0>
|0>
|0>
|0>

QNN
Feature mapRx(ψ1)

Rx(ψ2)

Rx(ψ3)

Rx(ψ4)

Rx(ψ1)

Ry(ψ1)

CRx(ψ1)

Rz(ψ1)

PQEU Feature FCN Softmax Category

ParaQuanNet

 
Fig. 1  Sketch of our scheme for quantum identification of quantum AI-generated data. Top: The quantum data generated
from various quantum generative circuits. Middle: The workflow of our ParaQuanNet. Bottom: The structure of the proposed
PQEU.
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ing,  localized  connectivity,  and  efficient  lattice-based
data  processing,  PQEU achieves  stronger  feature  repre-
sentation capabilities with fewer parameters and signifi-
cantly accelerates the computational efficiency of quantum
convolutional  neural  networks  (QCNNs).  Specifically,
our  ParaQuanNet  consists  of  three  components:  data
preprocessing,  feature  extraction  via  PQEU,  feature
fusion,  and  classification.  Quantum-generated  data,
inherently  represented  as  complex-valued  vectors,  and
mapped into distinct 2D tensors. The restructured data
is  processed  through  independent  PQEU  blocks,
enabling  simultaneous  extraction  of  localized  quantum
features while maintaining parameter efficiency through
weight  sharing.  Extracted  features  are  fused  via  entan-
glement-inspired  aggregation  before  being  classified
using  a  fully  connected  network.  A  softmax-activated
output layer generates probabilistic predictions for clas-
sifying quantum states.

z ∈ Cn×256 T ∈ Rn×16×16

n

During the training process, our data is reorganized in
the  following  way.  Firstly,  the  input  quantum  data

 are  reshaped  into  the  size  of ,
where  represents the batchsize, and the process is classical
implemented  in  our  simulations.  Then,  the  processed
data  sets  are  fed  into  our  shared-parameter  PQEU

modules for the quantum feature extraction: 

f∗ = PQEU(T ;U(θ)),

U(θ)with  representing  the  quantum  neural  network  in
our PQEU. In the last step, the fused features are sent
through a fully convolution network followed by Softmax
activation, and output the final class identification category
of the data.

Rx, Ry, Rz

CRx, CRy, CRz

BatchSize× 16× 16 16× BatchSize
4× 4

16× BatchSize

2× 2

8× 8

The key innovation in our ParaQuanNet is the parallel
quantum embedding  unit  (PQEU),  which  upgrades  the
traditional  quantum  convolution  network  by  enabling
the  processing  of  multiple  patches  simultaneously  and
achieves both spatial feature extraction and computational
acceleration  as  shown in Fig.  3.  In  our  simulations,  we
realize  it  in  GPU.  While  applying  in  quantum  NISQ
devices, it requires multi copies of trained PQEU for the
process.  The  mechanism  of  our  PQEU  was  invented
under  the  inspiration  of  the  SIMD  (Single  Instruction
Multiple Data) architecture in classical parallel comput-
ing.  The workflow of  PQEU is shown at the bottom of
Fig. 1.  The structure of our QNN consists of the single
qubit  gates ,  SX  gate,  Hadamard  gates,  and
the two-qubit CNOT gates and controlled rotation gates

.  In the workflow of  our PQEU, the first
part  is  a  data  griding  process,  which converts  the  data
with  the  size  of  into 
pieces  of  the  data  with  a  size  of .  These

 pieces  of  data  are  further  vertically
stacked  for  our  4-qubit  convolution  kernel  quantum
neural  network  (QNN).  The  output  of  the  QNN  is  a
vertically  stacked  feature  with  a  size  of ,  which  is
further fused into a feature map with a size of .

We summarize to emphasize the two critical innovations
of our PQEU as follows.
 
　● Batch  Griding:  Instead  of  processing  patches

sequentially, our PQEU converts a batch of ‘patches’
into  a  4-qubit  system,  enabling  simultaneous
processing  of  multiple  patches  in  one  round  of  the
QNN.

　● Shared Parameter Convolution: All patches within a
batch share identical parameterized quantum gates,
reducing the number of circuit free parameters while
maintaining spatial feature locality.
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Fig. 2  The  eight  structures  of  quantum  W-like  states
generation circuits used for our data generation.

 

 
Fig. 3  Top:  Convention  quantum  neural  network  data
flow. Bottom: The sketch of our PQEU process data flow.
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 2.3   Mutual unbiased measurements empowered
ParaQuanNet

In  this  section,  we  unleash  quantum  advantage  for
neural  networks  by  introducing  mutual  unbiased
measurement  in  two  modes  and  experimentally  demon-
strate the great improvements of our framework in clas-
sification accuracy by the average improvement of 18.9%
compared  with  the  model  with  ordinary  computational
measurements.

d

Cd {|ej⟩}dj=1 {|fk⟩}dk=1
| ⟨ej |fk⟩ |2 = 1

d
j k

Mutually  unbiased  bases  (MUB)  measurements  are
essential  for  quantum  state  tomography,  as  they  use
measurement  bases  that  are  maximally  incompatible,
meaning  knowledge  of  a  quantum  state  in  one  base
reveals no information about its state in the others. By
combining  outcomes  from  these  bases  researchers  can
reconstruct  a  quantum  state’s  full  density  matrix  with
optimal efficiency, minimizing redundancy and ensuring
complete  characterization.  This  approach  is  critical  for
verifying quantum systems in experiments, such as vali-
dating entangled states or calibrating qubits, as it maxi-
mizes information extraction while reducing measurement
overhead  [43–47].  Mathematically,  a  pair  of  MUBs  as
two orthonormal bases on a -dimensional Hilbert space

,  namely,  and ,  with  the  property
that  for all  and .

{σ̂x, σ̂y, σ̂z}
{|0⟩, |1⟩}

{|+⟩ = 1√
2
(|0⟩+ |1⟩), |−⟩ = 1√

2
(|0⟩ − |1⟩)} {|R⟩ = 1√

2
(|0⟩+

i|1⟩), |L⟩ = 1√
2
(|0⟩ − i|1⟩)}

|⟨ψi|ϕj⟩| = 1√
2

ρ

ρ = 1
2 (I + ⟨X⟩X+

⟨Y ⟩Y + ⟨Z⟩Z) ⟨σ̂⟩x, ⟨σ⟩y, ⟨σ⟩z

ρ

Specifically,  we  introduce  mutually  unbiased  bases
measurements in our ParaQuanNet to fully release quan-
tum advantage and empower the learning efficiency and
precision.  For a single qubit with 2-dimensional  Hilbert
space,  the  three  mutually  unbiased  bases  are  the  Pauli
X, Y, Z bases. The measurement operators for Pauli X,
Y, Z bases  are  and  the  corresponding
measurement  bases  are  (computational  bases),

, 
.  The  key  property  is  that  the

overlap  between  any  two  states  from  different  bases  is
,  ensuring  maximal  uncertainty.  To  fully

reconstruct  a  qubit’s  density  matrix ,  we  need  its
projections  onto  these  three  bases, 

,  where  are  expectation
values obtained by measuring in the X, Y, and Z bases.
Each basis provides complementary information, Z basis
reveals populations (diagonal elements of ), X/Y basis
reveals coherence (off-diagonal elements). The complete-
ness and minimal redundancy for learning the information
of  a  qubit  are  guaranteed,  since  the  three  Pauli  bases
span the  space  of  2×2 Hermitian matrices,  ensuring no
missing information,  and each measurement contributes
unique, non-overlapping data.

For the measurement in our ParaQuanNet for classifi-
cations,  we  propose  two  frameworks  of  MUB  measure-
ment,  namely,  simultaneous  MUB  measurements  (S-
MUB) and alternating MUB measurements (A-MUB) as
shown  in Fig.  4.  In  S-MUB,  the  qubits  in  QCNN  are
measured in the three MUB simultaneously as shown in

Fig. 4(a), the averaged measurement outcomes are used
for  the  QCNN  training.  In  A-SUB,  the  qubits  in  the
QCNN  are  measured  alternately  in  sequence  by  three
MUBs (the timely order in our experiments are Pauli Z,
Pauli X, Pauli Y) as shown in Fig. 4(b). Operationally,
due  to  the  disturbance  from  quantum  measurement,
quantum measurements are applied on multiple copies of
the quantum states,  and then we extract the statistical
results from these sample measurements. Compared with
Pauli Z measurements,  S-MUB  and  A-MUB  is  more
reflective  quantum  properties  of  quantum  states  and
extract more information from measurements. Therefore,
it will be shown in our simulations that the S-MUB and
A-MUB  will  give  higher  classification  accuracy
compared with the Pauli Z.

 2.4   Quantum generative circuits identificaiton with our
ParaQuanNet

In  this  study,  we  employ  ParaQuanNet  to  characterize
quantum  generative  circuits  by  classifying  the  data
produced  by  those  circuits.  Through  this  classification-
based  approach,  our  framework  effectively  links  the
structure  of  each  quantum  generative  model  to  the
statistical properties of its output, enabling a systematic
identification  of  the  underlying  generative  mechanisms.
The pseudocode of our algorithm is shown in Fig. 1. All
of our results are simulated in classical computer.

For  the  eight  groups  of  W-like  states  generated  the
eight quantum generative circuits in Fig. 2, the classifi-
cation  accuracy  reaches  99.5% with  A-MUB or  S-MUB
and  the  loss  converges  well,  as  shown  in Fig.  5,  much
higher  than  the  traditional  Pauli Z measurements.
Empowered with PQEU, our ParaQuanNet demonstrates
its  superiority  in  efficiency  compared  with  the  existing
quantum-classical  hybrid  models,  as  shown  in Table  1.
Parameter  efficiency  of  our  ParaQuanNet  is  enhanced
dramatically  compared  to  standard  Quantum  CNNs.
Specifically, the number of parameters in our ParaQuanNet
is  around  29% of  the  number  of  parameters  in  QCNN,
and  the  amount  of  samples  being  processed  per  second
in our ParaQuanNet is 24 times of that in QCNN.
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Fig. 4  Sketch  of  our  two  proposed  measurement  modes:
(a) S-MUB and (b) A-MUB,  where  the  eyes  represent  the
quantum observations/measurements.
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The  high  classification  accuracy  demonstrate  that
even all the 8 generative circuits are trained to generate
the  same type  of  quantum data,  but  the  corresponding
quantum  DDPM  processes  learned  during  the  neural
network training varies.  Our PareQuanNet are effective
method to learn the difference of these various quantum
DDPM processes  represented  by  the  trained  generative
circuits.

Rx(θ)

ϵ(ρ) = (1− p)ρ+
p
3 (X̂ρX̂ + Ŷ ρŶ + ẐρẐ) X̂, Ŷ , Ẑ

To  study  the  robustness  of  our  ParaQuanNet,  we
consider two types of data noise,  the single-qubit 
noise  and  the  depolarizing  noise 

,  with  representing  the
Pauli  operators.  We  artificially  add  these  two  types  of
noise  to  all  the  training  data,  and  using  these  noised
data  to  train  our  neural  networks.  And  by  adding  the
various level noise into our generated quantum data, we
test our ParaQuanNet on its classification accuracy. As
shown in Fig. 6, we see that both the classification accuracy

of  our  ParaQuanNet  and  the  data  fidelity  drop  as  the
noise level increases.

Rx(θ)

|θ| < 0.1π

p < 0.02

Specifically,  our  ParaQuanNet  performs  well  (with
accuracy  above  90%)  while  the  noise  level  is
within  and  the  depolarizing  noise  level  is
within .  In  contrast,  the  CNN  method  drops
faster  with  the  increase  of  noise  level  within  the  range
where  the  classification  accuracy  is  higher  than  90%.
The robustness of our method to the noise is consistent
with the fidelity of the noise data still  belonging to the
W-like state group as shown in Fig. 6. As the fidelity of
the noise data belonging to the W-like states drops, the
identification accuracy of our method also drops, which
is  reasonable.  We  would  like  to  emphasize  that  our
ParaQuanNet  is  not  only  efficient  in  terms  of  data
processing  speed  and  the  lower  number  of  internet
parameters,  but  also  in  the  better  robustness  to  the
quantum-specialized noise types, such as the depolarizing
noise.  Specifically,  with  the  increase  of  noise  level,  the
classification accuracy of our ParaQuanNet drops much
slower than CNN.

We  further  study  the  robustness  of  our  approach  by
considering three types of realistic noisy cases,  i.e.  two-
qubit  gate  fidelity,  finite-shot  measurement  noise  and
readout errors.

Rx(θ)

Our  approach  performance  considering  single-
qubit and two-qubit gate fidelity. The gate fidelity
is one of the dominating issues in quantum computation.
Our  circuit  is  composite  of  single-qubit  and  two-qubit
gates.  Here  we  consider  imperfect  single-qubit  and  two
qubit  gates.  Imperfect  single-qubit  gates  are  modeled
using an equivalent parameterized  operator in the
end  of  each  qubit  in  our  PQEU kernel.  Imperfect  two-

 

Algorithm 1 Quanvolution-based hybrid quantum–classical
neural network

Q nwiresInitialize quantum device  with  qubits

QLayer
Initialize quantum convolution kernel (parameterized quantum
circuit) 

W : R64 → R8Initialize a linear layer 
x Bfor each input batch  with batch size  do

x 16× 16    Reshape each sample  into a  grid
patches ∈ RB×4×4×16    Initialize tensor 

c    for each patch row index  do
r      for each patch column index  do

4× 4 [c, c+ 4)
[r, r + 4)
        Extract a  patch from rows  and columns

patches
        Flatten each patch into a 16-dimensional vector and
store in 
      end
    end

patches
patches ∈ R(B·16)×16
    Reshape  into a batch of patch vectors:

Q    Initialize the quantum device  by encode the simulated
quantum statevector into the quantum device via amplitude
encoding.

QLayer Q    Apply  on 
    if measurement mode = 1 then

MZ

featureResult
      Measure all qubits using  and obtain feature matrix

    else
      if measurement mode = 2 then

MX featureResult        Measure all qubits using  and obtain 
      else

MY featureResult        Measure all qubits using  and obtain 
      end
    end

featureResult ∈ RB×64
    Reshape measurement results into feature vectors:

y = W featureResult ∈ RB×8    
ŷ = softmax(y)    Compute final prediction via log-softmax: 

end
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Fig. 5  The  classification  accuracy  for  the  eight  classes  of
quantum data.

 

Table  1  Quantum generative circuits classifications.

Method QCNN ParaQuanNet
Average accuracy 95% 99.5%
# of parameters 2194 637

Samples processed (s) 61 1011
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qubit  entangling  gates  are  modeled  using  a  two-qubit
depolarizing channel applied after each two-qubit operation

(e.g., CNOT and controlled rotations): 

E(2)
p (ρ) = (1− pgate)ρ+ pgateI4, (3)

pgate I4
4× 4

where  denotes the depolarizing probability and  is
the  identity matrix.  In simulation,  this  channel  is
implemented via a Pauli-twirled approximation, 

ρ 7→ (1− pgate)ρ+
pgate
15

∑
P,Q∈{I,X,Y,Z}
(P,Q) ̸=(I,I)

(P ⊗Q)ρ(P ⊗Q),

(4)

which  provides  a  standard  statevector-compatible
approximation of two-qubit depolarizing noise.

θ ∈ [0, 0.3π]

pgate

pgate = 0.3

As  shown  in Fig.  7,  we  implement  our  simulations
under  various  gate  fidelity  level.  In Fig.  7(a),  we  vary
the parameter ,  we observe the robustness of
our method to this single-qubit gate noise. We vary 
from  to  a  realistic  high  value  of  0.3  in Fig.  7(b).  It  is
shown that  our  approach  has  a  good  robustness  to  the
gate  fidelity,  the  accuracy  can  reach  0.985  even  at  the
depolarizing error . We also witness that our S-
MUB and A-MUB method outperform the standard the
Pauli Z measurement  method,  demonstrate  better
robustness  against  the  gate  fidelity.  In Fig.  7(c),  we
show  the  performance  of  our  method  while  considering
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Fig. 6  The  robustness  of  our  ParaQuanNet  to  the 
noise (top) and depolarizing noise  (bottom).

 

0.0 0.05 0.1 0.15
θ π

0.2 0.25 0.3 0.0 0.05 0.1 0.15
pgate

0.2 0.25 0.3
0.90

PQEU accuracy S-MUB
PQEU accuracy A-MUB

PQEU accuracy Pauli Z
PQEU accuracy S-MUB
PQEU accuracy A-MUB

PQEU accuracy Pauli Z0.92

1.00

0.99

0.98

0.97

0.96

A
cc

ur
ac

y

0.95
0.30

0.25
0.20

0.15
p gat

e0.10
0.05

0.000.30

Pauli Z

0.250.20θ(π)
0.150.100.050.00

1.00

0.99

0.98

0.97

0.96

A
cc

ur
ac

y

0.95
0.30

0.25
0.20

0.15
p gat

e0.10
0.05

0.000.30

S-MUB

0.250.20θ(π)
0.150.100.050.00

1.00

0.99

0.98

0.97

0.96 A
cc

ur
ac

y

0.95
0.30

0.25
0.20

0.95

0.96

0.97

0.98

0.99

1.00

0.15
p gat

e0.10
0.05

0.00
0.30

A-MUB

0.250.20θ(π)
0.150.100.050.00

0.94

0.96

A
cc

ur
ac

y

A
cc

ur
ac

y

0.98

1.00(a)

(c)

(b)

0.960

0.965

0.970

0.975

0.980

0.985

0.990

 
Fig. 7  Classification accuracy under (a) single-qubit  gate noise, (b) two-qubit  gate noise and (c) both single- and two-
qubit gate noise under Pauli Z (left), S-MUB (center), A-MUB (right) measurement strategies.
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both single-qubit and two-qubit gate noise, where left is
Pauli Z measuremnt case, center is the S-MUB case, and
right is the A-MUB case.

S µ = ⟨σ⟩

Finite-shot  measurement  noise. On  quantum
devices,  Pauli  expectation  values  are  estimated  using  a
finite  number  of  shots .  If  denotes  the  ideal
expectation value, then the empirical estimator 

µ̂ =
1

S

S∑
i=1

xi, xi ∈ {+1,−1}, (5)

satisfies 

E[µ̂] = µ, Var(µ̂) =
1− µ2

S
. (6)

SFor moderate , we adopt the Gaussian approximation 

µ̂ ∼ N
(
µ,

1− µ2

S

)
, (7)

which enables differentiable simulation of shot noise.
In Fig.  8,  we  show  the  accuracy  improves  with  the

number  of  measurements  increase  which  is  reasonable
since more measurements provides more information on
the quantum states.

pmeasure
pmeasure < 0.5

0.98

pmeasure = 0.5

Readout  noise. Symmetric  readout  bit-flip  noise
with probability  is added in our model as shown
in Fig. 9. We observe that while , our model
is able to compensate the bit flip readout, and ensures a
high classification accuracy above  for A-MUB strat-
egy.  While ,  corresponding  to  fully  random
measurement  outcomes,  the  classification  fails  as  a
expected since there is no information in the measurement
outcomes.

N M

Tcirc

We  study  the  time  complexity  of  traditional  QCNN
and  PQEU  considering  the  following  ingredients:  the
number  of  rows  and  columns  after  gridding,  the
computational cost of a complete quantum stream ,
including encoding, circuit evolution, and measurement.

N ×MFor the traditional  QCNN, each of  the  image
patches must be encoded and processed by an independent

quantum circuit. Therefore, the total complexity is 

Ttraditional = O(NM · Tcirc). (8)

N M

N M

In contrast, our PQEU approach requires only parallel
executions  on  multi  copies  of  the  PQEU,  the  time
required is independent of  and , but the numbe of
the PQEU relies on the value of  and . The classical
simulation time complexity in our GPU platform is 

TPQEU = O(Tcirc). (9)

O(NM)

Our analysis shows that PQEU reduces the time cost
dependence  on  the  number  of  patches  and  achieves  an
asymptotic  speedup  of  over  the  traditional
QCNN  with  the  cost  of  multi  compies  of  PQEU.  In
practice,  this  implies  that  as  the  size  of  input  data
grows,  the  computational  burden  of  the  conventional
QCNN  increases  quadratically  with  the  number  of
patches, whereas PQEU maintains a constant overhead.
Such scalability makes PQEU particularly advantageous
for  large-scale  or  high-dimensional  quantum-enhanced
learning tasks.

We study the scalability of our approach by considering
increasing the size of each input data (input resolution),
complexity of each data, and the total amount of data.

Increasing  input  complexity. When  task  complexity
increases, the expressivity of the quantum kernel can be
enhanced  by  moderately  increasing  the  circuit  depth,
while keeping the qubit count. Since the PQEU functions
as  a  localized convolutional  kernel  rather  than a  global
variational circuit, increasing depth effectively improves
feature  extraction capacity without requiring additional
qubits.

H ×W

Increasing  input  resolution. For  larger  images  of  size
, the number of patches 

K =
H

p
· W
p
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Fig. 8  Classification accuracy under finite-shot measurement
noise.
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increases, but the quantum kernel circuit remains identi-
cal.  Thus,  qubit  count  and  circuit  depth  per  patch
remain  constant.  The  resource  overhead  scales  linearly
with the number of patches, similar to classical convolu-
tional networks.

Increasing the amount of data. When the dataset size
increases,  both  the  training  and  evaluation  time  scale
approximately  linearly  with  the  number  of  samples.
However,  the  computational  complexity  of  a  single
forward  inference  remains  unchanged,  since  the  circuit
structure and qubit count are fixed.

Overall,  the  scalability  of  our  framework  resembles
classical convolutional architectures: dataset enlargement
primarily  increases  patch  training  rather  than  circuit
width, while increases in data complexity can be accom-
modated  through  moderate  depth  enhancement  rather
than drastic qubit expansion.

We also compare with two recent representative quan-
tum(-hybrid)  image-classification  works  (2024–2025)  to
show the efficiency of our approach as shown in Table 2.

 2.5   Experimental settings

L2

Our  experimental  model’s  hyperparameters  were
optimized through systematic grid searches and quantum
hardware-aware tuning. Key configurations are shown in
Table  3.  The  loss  function  in  our  experiments  is  the
cross-entropy loss with  regularization: 

L = −
C∑

c=1

yc log(ŷc).

All  our  experiments  are  simulated  in  calssical  GPU.
Our experiments are implemented on a computer config-
ured  with  two  AMD EPYC  9554  CPUs,  four  NVIDIA
A100 GPUs, 512GB of memory, a Ubuntu 20.04 system,
Python  3.8.13,  and  the  torchquantum 0.1.5  framework.

Each experiment was verified five times. The seed value
was set to [0, 1, 2, 3, 4] at the beginning of each experiment
before  the  following  operations:  (i)  dataset  splitting,
(ii)  model  weight  initialization,  and  (iii)  any  stochastic
data augmentation operations.

 2.6   Classification of classical data with our ParaQuanNet

22.3%, 10.5%, 44.2%, 16%

Our  ParaQuanNet  is  also  suitable  for  the  classification
tasks of classical data. To further validate the performance
of  the  proposed  ParaQuanNet  model,  we  conducted
additional experiments on several widely used benchmark
datasets,  including  MNIST,  Fashion-MNIST,  EMNIST,
and  CIFAR-10.  The  classical  data  in Table  4 are
encoded into quantum states via the amplitude encoding
method  in  Ref.  [50].  Then  the  encoded  quantum states
are fed into our ParaQuanNet for the training and test
processes.  The  result  is  shown  in Table  4.  Our
ParaQuanNet  dramatically  improves  the  classification
accuracies  compared  with  the  conventional  QCNN.
Specifically, for MNIST, the accuracies are improved by

 for  each  of  the  testing  data  set.
And we also witness the accuracy improvement with our
proposed MUB measurement methods.

 3   Conclusion

In  this  work,  we  identify  the  quantum  generative
circuits  for  the  quantum  data  copyright  protection  in
the coming quantum AI era. We propose a PQEU model
for  the  parallel  quantum  date  processing  in  quantum
neural networks and propose two mutual unbiased basis
measurement methods to effectively improve the perfor-
mance of our parallel neural network. The high identifi-
cation  accuracy  of  quantum  generative  circuits  reveals

 

Table  2  Comparison  with  recent  representative  quantum
neural  network approaches.  Reported values  are  taken from
original papers under their respective settings.

Method MNIST Fashion-MNIST
Quantum Deep Equilibrium Model [48] 73.7% 72.1%

Resource-Efficient QCNN [49] 92.3% 88.5%
ParaQuanNet (Ours) 96.5% 84.3%

 

Table  3  Optimized parameter settings.

Parameter Value
Batch size 32
Optimizer Adam

Learning rate 0.002
Epochs 40
Qubit 4

Simulation environment TorchQuantum

 

Table  4 Performance of the proposed PQEU model on benchmark datasets.

Method MNIST Fashion-MNIST EMNIST CIFAR-10
QCNN accuracy 74.2% 73.8% 34.4% 33.1%
PQEU accuracy 93.1% 82.3% 78.3% 44.3%

PQEU AND S-MUB accuracy 96.1% 83.3% 78.6% 47.9%
PQEU AND A-MUB accuracy 96.5% 84.3% 78.6% 49.1%

Accuracy improvement 22.3% 10.5% 44.2% 16%
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that  the  various  quantum  DDPM processes  inherit  the
different quantum space mappings, which is the key that
our ParaQuanNet learns. Our approach is robustness to
the data noise and the circuit  level  noise,  which enable
its  applicaiton  on  NISQ  devices.  Our  proposed  method
also  applies  to  the  classification  tasks  of  classical  data
sets and the performance is much higher than conventional
quantum neural networks. Our results demonstrate that
ParaQuanNet  offers  a  scalable  and  effective  framework
for  the  reliable  identification  of  quantum  circuits,
enabling  more  accurate  characterization  of  quantum
generative models and strengthening the foundations for
interpretable,  verifiable,  and  ultimately  quantum
machine intelligence.
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