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Abstract

Parameterized Quantum Circuits (PQCs) have been acknowledged as a leading
strategy to utilize near-term quantum advantages in multiple problems, including
machine learning and combinatorial optimization. When applied to specific tasks,
the parameters in the quantum circuits are trained to minimize the target function.
Although there have been comprehensive studies to improve the performance of
the PQCs on practical tasks, the errors caused by the quantum noise downgrade
the performance when running on real quantum computers. In particular, when the
quantum state is transformed through multiple quantum circuit layers, the effect
of the quantum noise happens cumulatively and becomes closer to the maximally
mixed state or complete noise. This paper studies the relationship between the
quantum noise and the diffusion model. Then, we propose a novel diffusion-
inspired learning approach to mitigate the quantum noise in the PQCs and reduce
the error for specific tasks. Through our experiments, we illustrate the efficiency
of the learning strategy and achieve state-of-the-art performance on classification
tasks in the quantum noise scenarios.

1 Introduction

Quantum machine learning (QML) [4} 18, 21} 32] is an emerging and promising interdisciplinary
research direction in the fields of quantum computing and artificial intelligence. In this area, quantum
computers are expected to enhance machine learning algorithms through their inherent parallel
characteristics, thus demonstrating quantum advantages to solve some computational tasks out of
reach even of classical supercomputers [12]]. With the increasing enormous efforts from academia and
industry, current quantum devices (usually acknowledged as the noisy intermediate-scale quantum
(NISQ) devices [28]]) already can show quantum advantages on specific carefully designed tasks
[L1} [45] despite their limitations in quantum circuit width and depth. Moreover, prior experiments
represent evidence for the utility of quantum computing on NISQ devices [[17]. Thus, the NISQ
devices open a direction to explore the quantum advantages of quantum machine learning tasks
and leading strategies of hybrid classical-quantum algorithms, including parameterized quantum
circuits. Parameterized Quantum Circuits (PQCs) contain trainable parameters, offer a concrete
way to implement algorithms, and demonstrate quantum supremacy in the NISQ era. Even at low
circuit depth, some classes of PQCs are capable of generating highly non-trivial outputs [12} [3].
For example, classical resources cannot efficiently simulate the class of PQCs called instantaneous
quantum polynomial time under well-believed complexity-theoretic assumptions. However, the
behavior and impact of quantum noise remain critical questions for quantum computers today. The
NISQ devices still suffer from a high error rate of 10~2 to 10~%, much higher than CPUs/GPUs with
an error rate of 10718, The quantum errors, unfortunately, introduce a detrimental influence on PQCs
accuracy.
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Noise mitigation techniques [38}, 143l 20, [10, 36] have been proposed to reduce the noise impact.
However, these methods do not utilize the unique characteristics of PQCs and can only be applied
to the inference process of the PQCs. Meanwhile, prior PQCs work [11} 13} [15] does not study the
impact caused by the quantum noise.

Diffusion models are inspired by non-equilibrium thermodynamics [34, |13} [35]]. They are defined as
a Markov chain of diffusion steps to gradually add random noise to data and then learn to reverse
the diffusion process to construct desired data from the noise. In quantum computing, random
noise can be added into a quantum state by depolarizing until obtaining a maximally mixed state
[L8]]. Inspired by the quantum depolarizing channel, some prior works propose diffusion models on
quantum computing [5} [6]. However, more literature is needed to study the relationship between
diffusion models and learnable quantum noise mitigation.

Contributions of this Work: In this work, we present the insights of diffusion-inspired modeling
in the problem of PQCs. We show the relationship between diffusion and denoising processes in
diffusion models and the forward and reverse processes in quantum states. The contributions of this
paper are three-fold. First, we investigate the quantum noise properties in the PQCs and express
the similarity between diffusion models and quantum computing in the noised PQCs. Then, we
introduce a diffusion-inspired quantum noise mitigation framework for the PQCs. Second, from
the diffusion-inspired quantum noise mitigation framework, we propose a novel loss function, i.e.,
forward-backward quantum divergence loss, to learn the quantum noise model for mitigation. Finally,
our proposed method is benchmarked on various specific tasks and achieves State-of-the-Art (SOTA)
results compared to the prior methods.

2 Related Work

Quantum Machine Learning. There has been recent interest in studying the combination between
quantum computing and machine learning. Early studies explored the quantum algorithms in linear
machine learning, including clustering [21], principal component analysis [22], least-squares fitting
[33L16], and binary classification [30], to utilize the quantum speedup over classical machine learning
algorithms. Prior work focused on the quantum neural networks using the framework of variational
quantum algorithms or parameterized quantum circuits [27, 23]. Cong et al. [9] introduced the
quantum convolutional neural network that extends the fundamental properties of classical CNNs to
quantum computing while requiring less trainable parameters. Meanwhile, Bausch [2] proposed the
quantum recurrent neural networks by utilizing the structure of the variational quantum eigensolver
circuits. Huang et al. [14] presented hybrid quantum generative adversarial networks to generate data
via quantum computers effectively. Romero et al. [31] introduced quantum autoencoders to reduce
the dimensionality of quantum states.

Quantum Noise Mitigation. Prior studies on quantum noise in the quantum circuit and approaches
to mitigate the errors caused by quantum noise exist. Li and Benjamin [20] and Temme et al. [38]]
introduced zero-noise extrapolation that tries to obtain zero-noise value by using data points at
different circuit fault rates and computing the expected value at circuit fault rate zero. Temme et al.
[38] also first presented the probabilistic error cancellation that reformulates the noise model as a
linear combination and estimates this noise model via probability fitting with sampled quantum states.
Czarnik et al. [[10] and Strikis et al. [36] applied learning-based methods to obtain the error-mitigated
expectation value using training circuits. QuantumNAT [40] was introduced to reduce the error
in the PQCs via post-measurement processing to mitigate the difference between quantum feature
distributions in noise-free and noisy cases. However, the mitigation processing on quantum circuit
operations is not considered.

3 Background

Quantum Basics. In general, quantum information is described by quantum states [26]. An n-
qubit quantum state is mathematically represented by a density matrix p € C2"*2" with property
Tr(p) = 1. If Rank(p) = 1, the quantum state p is a pure state; otherwise, it is a mixed state. A

pure state can also be represented by a unit vector |1)) € C2", where p = ) (1)| and ()| = [¢)T. A
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Figure 1: The divergence between the quantum state and maximally mixed state when running
operations on the IBM Quito quantum system. After a number of quantum state operations with
noise, the quantum state becomes closer to the full quantum noise, i.e., maximally mixed state. It
shows the relation between the effect of quantum noise and the number of quantum operations in
PQCs. Note that although the amplitude damping makes the quantum state close to the |0) state, the
quantum state distribution still gets closer to the maximally mixed state in the first 1200 operations.

mixed state can be defined as a weighted sum of pure states and presented as in Eqn. (I).
p= Nl Ai=0. 3 A=1 N

Specifically, a mixed state whose density matrix is proportional to the identity matrix is called the
maximally mixed state 1,, = Qin Physically, it is a uniform mixture of states on an orthonormal basis.
It means that all states occur with the same probability.

A quantum state p can be evolved to another state p’ through a quantum circuit (or gate) mathemati-
cally represented by a unitary matrix U, i.e., p’ = UpU". Typical single-qubit gates include Pauli

gates:
0 1 0 —1 1 0
Oy = {1 0] y Oy = [l OZ:| y Oz = {0 _1:| 2

and their corresponding rotation gates R, (6) = e~*"?/2 with a parameter 6 and o € {0,,0,,0.}. A

multi-qubit gate can be either an individual gate (e.g., CNOT) or a tensor product of single-qubit gates.
To get classical information from a quantum state p’, one needs to perform quantum measurements,
e.g., calculating the expectation value (H) = Tr(Hp') of a Hermitian matrix H, and we often call H
an observable.

Parameterized Quantum Circuits. The parameterized quantum circuits (PQCs), also known as
variational quantum circuits (VQCs) [3} 23], are a special kind of quantum circuit with parameters
that can be optimized or learned iteratively. The PQCs are composed of three parts, including data
encoding, parameterized layer, and quantum measurements.

PQCs use a hybrid quantum-classical procedure to optimize the trainable parameters iteratively. The
popular optimization approaches include gradient descent [37]], parameter-shift rule [42, 23], and
gradient-free techniques [25, [7]]. All learning methods take the training data as input and evaluate the
model performance by comparing the predicted and ground-truth labels. Based on this evaluation,
the methods update the model parameters for the next iteration and repeat the process until the model
converges and achieves the desired performance. The hybrid method performs the evaluation and
parameter optimization on a classical computer, while the model inference is processed on a quantum
computer.

Noise in Quantum Computing. Noise refers to the multiple factors that can affect the accuracy of
the calculations a quantum computer performs. Because of the noise in quantum computing, the
transformation of the quantum state can cause errors. Pauli channel error is one of the common

noise models that cause probabilistic error between Pauli operations defined as p = A(p) = p +
> pex Ao(opal — p), where K is a set of Pauli operations and )\, is the probability that the error
caused by o. Here, we define p; as a noise-free quantum state and p; as a quantum state in the noise
scenario. These errors are cumulated via quantum circuit layers that make the quantum state closer to
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the maximally mixed state, i.e., the fully noise quantum state as shown in Fig. [T} Moreover, the noise
model A(p) can be formulated to an alternative model A(p):

Alp) = [ (wo - +(1 = wo)a - ah)p 3)
ocek

where w, = 27!(1 + e~2*~). In the PQCs, the error caused by the noise can occur in the data
encoding, parameterized layer, or even the quantum measurements. However, as the quantum
operations are mostly in the parameterized layers, we focus on the quantum noise mitigation in this
part of the PQCs.

4 Diffusion-inspired Modeling for Quantum Denoising

4.1 Diffusion Modeling Revisited

Diffusion models [[13]] are a class of latent variable models that learn a generative model to reverse a
fixed probabilistic noising process xg — X1 — - -+ — X, where X1, ..., X are latent variables of
the same dimensionality of the data xo ~ ¢(xg). This probabilistic noising process gradually adds
noise to clean data x until no information remains, i.e., pure noise xr ~ p(xr). The divergence of
data in this process can be formulated as:

D(q(x0)[INe) > D(q(x1)[INe) > -+ > D(q(x1)||Na) )

where N is the probability distribution of the pure Gaussian noise. In most cases, the Kullback-
Leibler divergence is applied to compute the difference between distributions of classical data. For
continuous data, the forward process is defined as a fixed Markov chain ¢(x;|x;—1) with Gaussian
transitions. The Markov chain of the reverse process can be obtained by approximating the true
posterior q(x¢_1|Xo,x:) with a model pg(x;_1|x;). Therefore, sampling new data xo from the

modeled data distribution py(xg) = p(x7) H?:l po(X¢—1|x¢) is performed by starting from random
noise X7 ~ p(xr) and gradually denoising it over T steps X7 — X171 — - -+ — Xg.

4.2 Diffusion-inspired Quantum Noise Mitigation

Quantum computing has similar properties to diffusion models when transforming the quantum state
through quantum circuits. In the following, we derive a diffusion-inspired learning for quantum noise
mitigation. The two main components of this learning strategy are forward and reverse processes.
The forward process transforms a quantum state into a next state through a quantum circuit layer and
adds noise to the quantum state as the nature of PQCs in the noise scenario. As the resulting quantum
state has noise, a denoising process is considered to reduce the error. In the general diffusion models,
this process is solved by the reverse process to train the denoising module.

Given a quantum state p;_; and a transformed quantum state p; from p;_1, without noise, as the
Shannon entropy of the quantum state is unchanged by the unitary circuit S(p) = S(UpUT), the
divergence between p; and the maximally mixed state 1,, is the same as the divergence between p; _1
and 1,,:

D(pil|15) = D(pi-1|[1n) Q)
However, as shown in Fig. |1} in the noise case, the quantum noise makes the divergence of the noise
quantum state p; closer to the maximally mixed state 1,, after the quantum transformation:

This phenomenon is similar to the forward process of the diffusion model when the classical data
becomes closer to the Gaussian noise, as shown in Eqn. @D Moreover, as shown in Eqn. @]), the
quantum noise in the PQCs can be considered as a Markov chain analogous to the diffusion process.

On the other hand, as the quantum circuits are reversible, the quantum state p; can be backward
into the quantum state p;_; of the previous quantum circuit layer in the noise-free scenario. In the
quantum noise scenario, as the quantum state p; has noise, the backward process causes errors that
the resulting quantum state is not similar to its original state. Hence, a noise mitigation module
models and reduces the quantum noise, making the backward quantum state closer to the original
state. Fig. [2]illustrates the forward and backward processes. From this observation, we proposed a
diffusion-inspired learning method to model the quantum noise distribution for noise mitigation.
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Figure 2: (a) In the traditional diffusion model, the distribution of the data ¢(x;) becomes closer
to the Gaussian noise N through diffusion steps. (b) In the noise-free scenario, each quantum
transformation V;(6;) can be reversed and maintain the quantum information of the previous circuit
layer via reverse operation ViT (6;). (c) In the PQCs having quantum noise case, the quantum state
transformations V;(6;) = A; o V;(0;) are affected by noise A; that makes the reversed quantum
state different from the original one. Motivated by this, we propose a learning-based method to
mitigate the quantum noise via computing the divergence between the quantum state and its noisy
forward-and-backward state.

5 The Proposed Method

To address the quantum noise in the PQCs, we first consider the general PQCs framework and
their quantum noise mitigation module in the noise scenario. Then, we study the distribution of
the quantum noise and quantum states. Finally, we introduce a novel Forward-backward Quantum
Divergence Loss for quantum noise mitigation.

5.1 The Overall Framework

Fig. B]illustrates the overall framework of the quantum noise mitigation in PQCs. Given classical
data x, a data encoder U is applied to encode the classical data into a quantum state pg. Then, the
PQC:s are trained to transform and measure the quantum state for a specific task. In the noise-free
scenario, learnable unitary matrices V;(6;) are applied to transform the quantum state:

pi = Vi(0;)pi—1V; (6;) )

The design of the parameterized circuits is described in Section[] Because of the noise in quantum
computing, we can model the noise by a matrix A;:

pi = ‘Z‘(@)ﬁi—ﬂﬁ(@% Vi(0;) = Aj o Vi(0;) ()

It causes errors in the PQCs when training and inferring. Hence, quantum noise mitigation layers A, !
are applied to reduce these errors. To obtain these quantum noise mitigation layers, the probabilities
of the quantum noise have to be computed. Therefore, in this work, we aim to learn the noise model
A; to mitigate the error caused by the quantum noise.
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Figure 3: An overall framework of PQCs with quantum noise mitigation. For every quantum circuit
layer V;(0;) = A; o V;(6;), a quantum noise mitigation layer Ai_1 is applied to reduce the error.

5.2 Quantum Noise Distribution Learning

As we want to learn the quantum noise model of A;, we define a probability density function p,,(A;)
where w are learnable parameters of the overall model. Moreover, to train the PQCs for the specific
task, we also learn the distribution of the quantum states p; where ¢ € {0, 1,...L — 1} to represent
the data for specific tasks. Since A; and p;_ are independent, the objective of w can be defined as:
L
o = argmin z “logpulA) ~ logpu(pir) — argmin Y ~logpu(Arfit)  ©)
i=1

We also define the forward process from the quantum state p;_; to the next quantum states p; as
q(pi|pi—1)- To optimize the objective function Eqn. (9)), we optimize the upper bound on negative
log-likelihood via Jensen’s inequality:

L L

~ Pow(Ni, Pi—1, Pi)
—logpw(Ai, pic1) S Ey | =) log—————| =L (10)
; (i) ! ; a(pilpi-1)

Then £ can be expanded as:

L

q(po
L= E ZDKL pw(ﬂv 1\A1,p1)\|q Pi— 1‘/01 Zlogpw 77Pz *1 gQ((ﬁL)) (11)
1=1

L fb L"task
(See Supplementary for details of Eqn. (I0) and Eqn. (T1).) The Kullback-Leibler divergence in

Eqn. (TT) compares the original quantum state and its forward-backward in the quantum circuit layer.
Thus, we propose a learning method to model the quantum noise via quantum divergence.

5.3 Forward-backward Quantum Divergence Loss

In quantum information theory, to measure the similarity between two quantum states, fidelity is
defined as the probability that one state will pass a test to identify as the other. In this work, we
utilize the fidelity of quantum states to define a forward-backward quantum divergence loss. Let
F(p,0) € [0,1] be the fidelity between quantum states p and o, then F'(p,c) = 1 when p and o are
completely similar and vice versa.

Given a quantum state p;_; and its forwarded quantum state p; as Eqn. (§), we define a learnable
noise mitigation layer A, (-, w;) to reduce the noise from quantum state ;.

pi = N7 (i, wi) (12)
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Figure 4: The forward-backward quantum divergence loss in a quantum circuit. For each layer

V;(0;) of the quantum circuit, the current quantum state p, is denoised by a learnable noise mitigation
layer Ai_l.

As the quantum circuits are reversible, the quantum state p; can be reversed to the previous state via
the quantum circuit V' (6;).

pi1 =V, (8:)p:Vi(6;) (13)
Then, we define a forward-backward quantum divergence loss to compute the similarity between
quantum states p;_1 and p;_; as:

Lry(pi-1,pi—1) = —1log F(pi—1, pi—1) (14)

where F'(p, o) is the fidelity between two quantum states p and o. As the forward-backward procedure
can be processed in L quantum circuit layers, the overall forward-backward quantum divergence loss
is computed as:

L L
1 _ . 1 - R
Ly = 7 Zl Lp(piz1, pi—1) = -7 Zl log F(pi—1, pi—1) (15)
The forward-backward quantum divergence loss process is illustrated in Fig. ] To compute the
fidelity between quantum states, a widely used metric is the quantum Rényi divergence [24]:

F(p,o—>=D<p|a>=zlogTr[ ﬁpﬁ} (16)

5.4 Task-specific Training

In addition to learning the quantum noise model, the PQCs are also trained for specific tasks, such
as classification and clustering. As shown in Eqn. (TT)), the PQCs can be trained to obtain a desired
distribution of quantum states while learning the quantum noise model. Thus, a task-specific loss
Lias1 18 defined for the PQCs. Let H be the observable of the PQC, a classical information obtained
from the PQCs is measured as (H) = Tr(H pr,). Given n qubits for the PQC, we define n observables
H; = I% ® o, ® I®("—1=1) where I € R?*? is the identity matrix and o is the Pauli-Z matrix. A
classical information vector z = {(H;) ?;01 is defined for inference and task-specific loss computing.
In this work, the PQCs are applied for the classification tasks. Then the task-specific loss L4 1S
defined as:

c
Liask = — »_ Jilogy; (17)
i=0
where c is the number of classes, §; € {0, 1} is the classification ground-truth, and y = f(z) is the
prediction from classical information vector z. Finally, the total loss of the quantum noise mitigation
training for the PQCs is computed as:
Etotal = abefb + atask‘ctask (18)

where oy, g5k € R is the training hyperparamter.
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6 Experimental Results

In this section, we evaluate the proposed method in the quantum noise context. We first describe the
experiment setups, including datasets, implementation, and evaluation protocol. Then, we present
the ablation studies to illustrate the effectiveness of our proposed method. Finally, we illustrate
the numerical results of the proposed method and compare our approach with prior quantum noise
mitigation methods.

6.1 Experiment Setups Step size

4 2 1
Datasets.  Following [40], we evaluate the ~ Rrx+cNoT | ﬁ;g - %ég ﬂ?gi %Zg ﬁgéi }jz
proposed method on four classification tasks, U2+ CNOT 1058 £1.63 4291 £1.78 4317 £1.57
including MNIST [19]] 4-class (0, 1, 2, 3) and 2- v 44424169 4550 +£1.73 46444160
class (3, 6); and Fashion [44] 4-class (t-shirt/top, =~ U3+CNOT | 335(1) i 1;13 jﬁ;ﬁi }i‘j ﬁi; i }38
trouser, pullover, dress) and 2-class (dress, shirt).
The images are resized into 8 X 8 and encoded Table 1: Effectiveness of our approach on the
via phase encoding using multiple rotation cir- MNIST-4 benchmark. We compute the mean ac-
cuits. curacies (%) and their standard deviation to evalu-
ate the approach with different circuit designs, i.e.,
RX + CNOT, U2 + CNOT, and U3 + CNOT, with

different noise mitigation step sizes, and without

Circuits Ly

Implementation. This work uses the quantum
simulation for the PQCs and the quantum noise.
For each layer, different learnable circuits are th the f J-backward wm di
applied, including RX, U2 (RX + RY), and U3 ;’r WIE ¢ forward-backward quantum divergence
(RX + RY + RZ). The efficiency of each circuit 0> =/t

is shown in the ablation studies. Then, a non-learnable circuit, i.e., controlled-NOT (CNOT), is used.
We use four qubits for the experiment and run simulations of the IBM quantum systems via Qiskit
SDK [29] on a Quadro RTX 8000 GPU. The PQCs model training and testing is implemented based
on the TorchQuantum library [41].

Evaluation Protocol.  For evaluation, we
compare the proposed method with other set-
tings, i.e., training and testing on noise-free
PQCs, training on noise-free PQCs and testing a5
on noised PQCs, and training and testing on e
noised PQCs as a baseline. We also reimple- '
ment the training and evaluation of the prior
quantum noise mitigation methods, i.e., Quan-
tumNAT [40] normalizing and quantizing the
measurement to match the output distribution - = Baseline u
with the noise-free case, and Van Den Berg et
al. [39]] learning the probabilistic quantum noise
model by sampling random quantum states. The
average accuracy metric is used in our experi-
ments. The experiments are processed five times
for each setting, and the standard deviation is
used to compute the variance of the results.

50

40

Accuracy (%)

Ours

30

2 4 6 8
Number of Layers

Figure 5: Ablation studies on different numbers of

circuit layers.

6.2 Ablation Studies

Our ablative experiments study the effectiveness of our proposed method on the performance of the
PQCs on the MNIST-4 benchmark.

Effectiveness of the Forward-backward Quantum Divergence Loss. We evaluate the impact of
Forward-backward Quantum Divergence Loss (L) in improving the performance of the PQCs in
the noise scenario. To demonstrate the efficiency of our proposed approach with diverse quantum
circuit designs, we evaluate it with three different circuit designs: RX + CNOT, U2 + CNOT, and U3 +
CNOT. As shown in Table T} the forward-backward loss L has significant improvements compared
to using the noise mitigation with the task-specific loss L, only. In particular, the accuracy of
the three circuit designs, i.e., RX + CNOT, U2 + CNOT, and U3 + CNOT, has been improved from
42.61% to 45.89%, from 43.17% to 46.44%, and from 43.37% to 46.37%, respectively. It shows



273
274

275
276
277
278
279
280
281
282

284

285

287
288
289

290

291
292
293
294
295

296

297

299
300
301
302
303

304
305

307

308
309
310
311

Method MNIST-4 MNIST-2 Fashion-4 Fashion-2

Noise-free testing 49.87+£0.31  9299+0.19 49.53+0.35  74.60 +0.47
Noise-free training 37.24+188  79.07£822 39.08£1.88  66.35+3.39
Baseline 43.06 £1.06  82.37+£4.62 43.70+1.43  68.50 & 3.12
QuantumNAT [40] 43.59£1.15  82.32+4.68 43.60+1.40 68.55+3.11
Van Den Bergetal. [39] | 45.15+£1.45 84.32+4.30 45.254+1.89  69.15+2.44
Ours 46.44+1.60 85.32+4.35 46.83+1.81 70.50+2.57

Table 2: Experimental accuracies (%) on 2- and 4-class benchmarks. A noise-free testing is
defined as training and testing on a noise-free PQC while the noise-free trained model is tested on the
quantum noise scenario. We show the mean accuracies and their standard deviation for variances of
the results.

that the forward-backward loss L ¢, helps to learn the noise distribution better for quantum noise
mitigation.

Effectiveness on Different Noise Mitigation Step Sizes. We investigate the impact of the quantum
noise mitigation step size on the performance. To achieve this, we conduct experiments on the
MNIST-4 benchmark with a 4-layer PQCs model using three different step sizes, i.e., 4, 2, and 1.
In this case, step size 4 means we forward the quantum state p, through 4 layers of the PQCs and
backward the resulting state p,4 to the initial state pg for the forward-backward quantum divergence
loss L. Similarly, step size 2 means we forward the quantum state p; through 2 layers and backward
the resulting state p; o for the forward-backward loss L, and step size 1 means we compute the
loss for every layer. As depicted in Table[] the performance gradually increases when the step size is
decreased for all different circuit designs. It shows that quantum noise mitigation works effectively
when the number of operation circuits for each process is negligible.

Effectiveness on Different Numbers of Circuit Layers. We evaluate the robustness of the proposed
quantum noise mitigation approach on different numbers of circuit layers of the PQCs. As illustrated
in Fig. [5] when the number of layers is increased, the performance of the baseline is dramatically
dropped. Meanwhile, our proposed approach shows a slight decline in accuracy. Hence, the proposed
approach can mitigate the quantum noise effectively even if the PQCs have many operation circuits.

6.3 Evaluation Results

As shown in Table Q], our method outperforms previous methods evaluated on the two datasets, i.e.,
MNIST and Fashion. In particular, in the MNIST dataset, our method achieves the accuracy of
46.44% and 85.32% on the MNIST-4 and MNIST-2 benchmarks, respectively, which shows better
than the previous methods. Meanwhile, the results for the Fashion dataset are 46.83% and 70.50%
for the Fashion-4 and Fashion-2 benchmarks.

7 Conclusions

This paper has studied the quantum noise in PQCs and introduces a novel, learnable quantum noise
mitigation approach to improve their robustness when running on NISQ devices. By revisiting the
diffusion model and investigating the relationship between the diffusion and denoising processes and
the forward and reverse processes in quantum states, we have shown the quantum noise distribution
learning ability while training the PQCs for specific tasks. Hence, a novel forward-backward quantum
divergence loss function has been introduced to learn the quantum noise model for quantum noise
mitigation. The experimental results on various benchmarks have shown our state-of-the-art method.

Limitations: Our paper has chosen specific configurations of quantum systems and hyperparameters
to support our hypothesis theoretically in the simulation. However, other aspects, such as non-
Markovian noise models, computational complexity, or learning hyperparameters, have yet to be fully
investigated.

Broader Impact: This work studies a diffusion-inspired approach to quantum noise model learning
for noise mitigation in the PQCs. Our contributions emphasize the importance of quantum noise
mitigation in quantum machine learning and provide a solution to reduce the error and increase the
robustness of the PQCs when running in real quantum computers.
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A Appendix / supplemental material

A.1 Quantum Noise Mitigation Module

In this work, we take account of the Pauli-Lindblad noise model for quantum noise mitigation. As shown in Eqn.
(@), for each Pauli channel, the noise model is defined as (wsp + (1 — wg)apa) where w, = 271 (1 +e72*7).
Then, the inverse of the Pauli channel can be written as (2wa — 1) N wop — (1 — wy)opo). In overall, the
quantum noise A(-) can be mitigated from the quantum noise mitigation layer A~ (-) as:

=7 [[(wo - (1= wo)o-oh)p 19)

ocek

where v = [, cxc(2wo — 1) " = exp(3_, cc 2Ao) is sampling overhead. In this case, {\o } sk are learnable
parameters for the quantum noise mitigation.

A.2 Quantum Noise Mitigation Learning Algorithm

The quantum noise mitigation learning process can be described in Algorithm [T}

Algorithm 1: Pseudo-code for the implementation of Quantum Noise Mitigation
Data:
{x;}, : asetof N classical inputs
{9:}iL, € RN : asetof N labels
n : the number of qubits
L : the number of layers in the PQCs
Ofp, Oitask © training hyperparameters
while not convergent do
po < U(x) // Encode the classical data into a quantum state
Ly <0 // Initialize the forward-backward quantum divergence loss to zero
fori € [1..L] do
pi ﬁ(@i)ﬁi,ﬂzt(ﬂi) // Forward the quantum state in the noised case
pi < A;7'(p;) // Reduce the quantum noise
Pim1 Vj(@z)ﬁZVl(Gz) // Backward the quantum state
Ly < log F(pi—1,pi—1) // Compute the forward-backward loss
end
Ly + +Lg, // Compute the average of the loss

z + {(H;)}?=) // Compute the classical information from the quantum state jr,
y < f(z) // Compute the task-specific output

Liask & — > 5o Uilogy; // Compute the task-specific loss

Liotal < gLy + QtaskLiask // Compute the total loss

0 < 0 — AVoLiotar // Do backpropagation

end

A.3  Proof of Eqn. (T0)

The upper bound of the objective function Eqn.(9) can be derived via Jensen’s inequality as follows:

L L
> —log pu(Ai, pi-1) = —Zlog/Pw(Auﬁi—l,ﬁi)dﬁi
i=1 =1
= _ZIOg/pW(AuPz 17p1)mdpz
= q(pilpi-1)
(20)
_ —ZlogE pw lzpz 17[71)
Ca(pilpin)
Zlogpw Zapz 17pz) —r
q(pilpi-1)
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A4 Proof of Eqn. (T1)

[ Pw Awpl 17Pz)
L=E,|— log =R
! Z q(pilpi-1) ]

[ w D Az, 7 ~ ~i—
=E, Zl‘)gp 'E) =1 p)pw(AmPi)q(p 1)]

i—11P4) q(p:)
B L L (21)
Do (pi—1|Ai, pi) ~ q(po)
— By | = log BLLIZ0 P NP o0y, (A, i) — log LE
‘| ; 4l ; gpe(hip) =108 )
5 (7o)
0
=Eq | Y Drr (pu(pi-1]As, pi)lla(pi-1]57) Zlogpw 0pi) ~log 2 L)}
Li=1

It should be noted that the fraction gfgz)) could be considered as constants. Thus, it should be ignored during the
optimization process.

A.5 Parameterized Layer Diagram

Fig. [6] shows the diagram of the actual -th parameterized layer in the U2 + CNOT design. The learnable
parameters 0; j.j11 contain two parameters for X-axis and Y-axis rotation. The RX + CNOT and U3 + CNOT
designs have similar diagrams.

— - U2(6;,1:2) S
_ - U2(0; 3.4) —D
Viby) | 7Y
— — UQ(GZ 5:6) <>
_ — —U2(6;,738) D

Figure 6: The parameterized layer diagram. The learnable parameters ¢; ;.;11 contain two
parameters for X-axis and Y-axis rotation.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]
Justification: Please refer to the Contributions at the end of the Introduction section
Guidelines:

* The answer NA means that the abstract and introduction do not include the claims made in the
paper.

 The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

« It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Please refer to the Limitations in the Conclusions section.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that the paper
has limitations, but those are not discussed in the paper.

¢ The authors are encouraged to create a separate "Limitations" section in their paper.

» The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to address problems
of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [Yes]
Justification: Please refer to the Subsection[5.2]and the proof in the Supplementary.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
¢ All assumptions should be clearly stated or referenced in the statement of any theorems.
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* The proofs can either appear in the main paper or the supplemental material, but if they appear in
the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Please refer to the Subsection[6.1]and Supplementary.
Guidelines:

* The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No answer to this question will not be perceived well by the
reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

« If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either be
a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer:

Justification: The experiments are processed with public datasets and the code is not provided due to
the institutional policies.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

¢ The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.
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* The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

¢ The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

¢ At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

* Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specity all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]
Justification: Please refer to the Subsection[6.1]
Guidelines:

¢ The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer: [Yes]
Justification: Please refer to the Section [l
Guidelines:

* The answer NA means that the paper does not include experiments.

e The authors should answer "Yes" if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

¢ The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

¢ The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably report
a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]
Justification: Please refer to the Subsection[6.1]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.
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9.

10.

11.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The authors have reviewed and conformed to the NeurIPS Code of Ethics.

Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.

¢ The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]
Justification: Please refer to the Broader Impacts in the Conclusions section.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks of misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.
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12.

13.

14.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]
Justification: The assets are cited in the Subsection [6.1]
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

¢ The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

¢ The paper should discuss whether and how consent was obtained from people whose asset is
used.

¢ At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA|
Justification: The paper does not research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.

* Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

¢ According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human Subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]
Justification: The paper does not research with human subjects.

Guidelines:
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The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.
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