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Abstract

Compared with traditional computers, quantum computers can provide exponential accelera-
tion for certain critical fields. However, the coupling of quantum systems with the environment,
along with the intrinsic characteristics of quantum systems, has collectively introduced quantum
noise, which has emerged as a significant impediment to the development of quantum comput-
ing. Quantum error mitigation (QEM) has been proposed as an alternative solution in the noisy
intermediate-scale quantum era. In recent years, with the rise of artificial intelligence, machine
learning-based QEM technology has received attention from the industry. However, the latest
machine learning-based QEM techniques have limitations, especially their inability to mitigate
errors in the quantum circuits whose number of qubits exceeds the number of qubits in the train-
ing set, and their tendency to amplify noise when constructing feature sets. This paper proposes
QEMOS, a novel random forest-based machine learning model that utilizes a new feature data-
set incorporating quantum computer backend properties, with feature dimensionality reduction
enabling decoupling from the number of qubits. The model is trained and tested using six differ-
ent simulators from Qiskit and a real quantum computer tianyan-176. It is worth noting that this
model overcomes the limitation of sensitivity to the number of qubits, which was the main prob-
lem of previous methods. When trained on 5-9 qubit circuits, the model achieves a probability
of correct mitigation of 86.38% on 2—13 qubit circuits, though this efficacy is observed primarily
for circuits exhibiting high-probability outputs and decreases as all output probabilities approach
zero. Compared to the baseline, the model demonstrates a 31.74% error reduction on test sets
with more qubits than the training set. On real quantum computer, testing shows an average error
reduction of 67.5%.

1. Introduction

Quantum noise, stemming from phenomena such as qubit decoherence [1], gate errors, and measure-
ment inaccuracies, can lead to significant deviations between the output of quantum computer and their
theoretical predictions [2]. In the era of noisy intermediate-scale quantum (NISQ) [3] devices, quantum
noise is inherently present even in medium-to-low-scale quantum circuits. At present, quantum noise
has become one of the main reasons that hinder the development of quantum computing [4-7].To
mitigate the quantum noise, various methods have been developed, including zero-noise extrapolation
(ZNE) [8], probabilistic error cancellation (PEC) [9] and measurement error mitigation [10]. These
techniques often require substantial classical and quantum resources [11], with the resource requirements
increasing exponentially with the number of qubits in the circuit, thereby limiting the scalability of cur-
rent quantum error mitigation (QEM) methods to larger-scale quantum circuits. As machine learning
techniques find applications in various fields, they have also begun to be applied to QEM. Machine
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Figure 1. Testing the Q-LEAR model on circuits with 5-13 qubits, which is trained on circuits with 5-9 qubit. Circuit errors
are statistically averaged by grouping according to the number of qubits, and the shaded area in the figure represents the 95%
confidence interval.

learning-based QEM aim to reduce quantum noise through post-processing of circuit output, thereby
significantly reducing the quantum resource overhead once the model is trained, and the classical pro-
cessing time is on the order of microseconds.

However, recent machine learning-based QEM methods, such as Q-LEAR [12], exhibit limitations.
Q-LEAR employs a multilayer perceptron (MLP) to construct an error mitigation model, utilizing depth-
cut program error (Dpe), generated through circuit segmentation and reversed segment integration, as
machine learning features. While Q-LEAR performs well on circuits with the same number of qubits
as those in the training set, it fails to generalize effectively to circuits with a larger number of qubits,
as illustrated in figure 1. This restricts their applicability to circuits that cannot be classically simulated,
which is insufficient for NISQ-era devices, where the scale of qubit can reach levels that are classically
intractable [3, 13].

In this paper, we propose a QEM method based on random forest model, called QEMOS, designed
to address the limitations of current machine learning-based approaches. Our method combines fea-
tures related to the fidelity of the quantum backend, gate set fidelity, and measurement error to estim-
ate the noise in quantum circuits, and achieves decoupling from the number of qubits when construct-
ing the feature data. Unlike Q-LEAR, our method does not introduce additional quantum noise into
the circuits during the estimation process, thus requiring small amount of quantum resources. By lever-
aging a random forest model and incorporating fidelity and other feature data of qubits number decoup-
ling, QEMOS effectively learns the feature of noise and generalizes well to the circuits whose number of
qubits greater than those in the training set.

We trained and tested the QEMOS model using six different noisy simulators, and a quantum com-
puter called tianyan-176. Our testing indicates that when generating random quantum circuits with 5-9
qubits in the training set, the model can achieve an average probability of 86.38% for correctly mitigat-
ing noise on circuits with 2—13 qubits. The noise mitigation performance on the quantum circuits whose
number of qubits exceeds the number of qubits in the training set surpasses that of the Q-LEAR model
by 31.74%. On real quantum computers, the average noise mitigation efficacy reaches 67.5%. These find-
ings demonstrate that QEMOS can effectively mitigate quantum noise in circuits, including those with
the number of qubits outside the training range.

2. Background

2.1. Fundamentals of quantum computing

2.1.1. Quantum bit

The quantum bit, or qubit, represents the smallest unit in quantum computing. Unlike classical bits in
traditional computers, which can only be in the states of 0 or 1, qubits in quantum computing can exist
in the states of 0, 1, or a superposition of both. In quantum computing, the state of qubits are typically
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Figure 2. The quantum circuit and circuit output of three-qubit GHZ [14] quantum algorithms. (a) The quantum circuit dia-
gram for the GHZ state preparation. (b) The theoretical (ideal) and actual (noisy) output probability distributions.

denoted by |0) and |1), and the state of a single qubit can be expressed as |¢)) = «|0) 4+ 5]1),The expres-
sion |« denotes the modulus of a.

2.1.2. Quantum gate

A quantum gate refers to an operation that alters the state of a qubit. These operations are categorized
into single-qubit gates, two-qubit gates, and multi-qubit gates. For instance, the action of a Hadamard
gate (H gate) is to transform a qubit in the ground state (GS) to a superposition state.

2.1.3. Quantum circuit

A quantum circuit is composed of qubits, a series of quantum gates, and a final measurement operation.
The quantum gates act on the qubits in sequence, following the order of appearance from left to right,
and the quantum circuit’s result is obtained through measurement gates. The initial state of all qubits is
usually |0).The quantum circuit ultimately yields a result in the form of a dictionary. An illustrative of a
three-qubit quantum circuit is depicted in figure 2(a).

2.2. Quantum compiling

Quantum compiling refers to the intricate process of translating a sophisticated quantum algorithm or
quantum program language description into an efficient and physically executable sequence of instruc-
tions on a quantum computer [15]. Due to the distinctive qubit topology and supported gate sets of dif-
ferent quantum computer backends, the gasm quantum circuit must be tailored to the specific quantum
computer in use, allowing the circuit to operate on the target machine. It’s important to note that the
physical topology, qubit quality, and environmental couplings vary among different quantum devices,
resulting in distinct noise characteristics for quantum circuits on different quantum computers [16, 17].
As such, it is arduous to identify a universal model that can directly mitigate quantum noise across all
machines. Instead, it is necessary to model and learn for each individual quantum machine, or for a
model to be trained using several quantum computers. When utilized, it should only be tailored to the
quantum computers involved in the training.

2.3. Quantum noise

In the NISQ era, the presence of quantum noise may lead to substantial deviations between the opera-
tional outcomes of quantum circuits and the anticipated results of researchers. This represents a prin-
cipal impediment to the expansion of quantum computing to larger scales. The quantum noise is illus-
trated as depicted in figure 2(b). Quantum noise primarily stems from the following causes.

2.3.1. Environmental perturbations

Tian et al [17] quantum systems may become coupled to the external environment, giving rise to phe-
nomena such as decoherence and relaxation. For instance, when an external quantum system interacts
with a qubit, it transfers environmental noise to the qubit, leading to decoherence and relaxation of the
qubit.
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2.3.2. Disturbances between qubits
Resch and Karpuzcu [2] interactions among qubits can result in minute perturbations to the states of
the qubits, consequently giving rise to deviations in the outcomes.

2.3.3. Imperfections in qubits and gates

Dobrovitski et al [18] superconducting qubits employ microwave pulses for gate operations, necessit-
ating highly precise control signals. However, achieving perfection in practical implementation of such
microwave pulse control methods is exceedingly challenging. As of now, there is no flawless approach
to fabricate qubits, and the fidelity of qubits is not absolute. Moreover, the coherence time of qubits is
finite, and over time, the quality of qubits deteriorates.

The noise in quantum circuits accumulates with increasing circuit depth and interactions between
qubits. Consequently, as the quantum circuit grows deeper, involving more qubits and a greater number
of quantum gates, the noise amplifies.

In the realm of classical computing and networking, noise is a persistent challenge. Typically, diverse
error-correcting codes or transmission protocols are employed for error rectification and verification.
Analogizing to classical computing, quantum computing has also cultivated error correction codes, ini-
tially denoted as surface codes [19]. Recently, IBM has proposed a novel error correction code termed
LDPC code [20]. IBM’s experiments have shown that utilizing surface codes for a 12-qubit circuit neces-
sitates an additional 3000 qubits, an unattainable feat at present. Even LDPC codes require 288 qubits
[20]. Therefore, in the NISQ era, researchers are seeking QEM as an alternative approach to achieve
accurate quantum program outputs. QEM, to some extent, alleviates noise while permitting a certain
level of noise without impeding researchers from obtaining the desired correct results.

2.4. Key terms
Below are explanations of several foundational concepts essential for understanding the methodologies
outlined in this paper.

Circuit output state (State): this refers to the resultant state of a quantum circuit after execution. For
instance, a three-qubit quantum circuit may yield eight potential states: 000, 001, 010, 011, 100, 101,
110, 111. Each of these eight states is associated with a corresponding probability, denoted as Pro. The
sum of these probability values equates to 1.

Output probability distribution (Pro): this refers to the probability distribution corresponding to the
circuit output state. Each State is linked to its respective probability of occurrence, and the total probab-
ility distribution for a given circuit equals 1.

Circuit error: deviations exist between the output generated by execute a quantum circuit on a noisy
quantum computer (either real hardware or a simulator) and the theoretical values, as depicted in the
table in figure 2(b). We employ the Hellinger distance as the metric for assessing circuit error [12], and
this method is used to evaluate errors for both the unmitigated noisy results and the mitigated results.
This statistical measure is utilized to quantify differences between probability distributions, enabling
the comparison of similarity between two probability distributions [21]. A Hellinger distance closer to
0 signifies greater similarity between two probability distributions. Assuming the probability distribu-
tion of the noisy outcome state is represented as proneisy (or the mitigated outcome W)mit)and the ideal
outcome’s probability distribution as p_rz)ideal, the formula for evaluating circuit error using Hellinger
distance is:

— = 1 — —
HLD (pronoisyaproideal) = ﬁ ‘ ‘ \/pronoisy - \/proideal (1)

State error: this refers to the absolute difference between the probability with noise, denoted as proyoisy,
associated with a particular state solution State, and the ideal probability projge,:

€r107state = |pronoisy 7Pr0ideal| . (2)
3. Related work and their limitations

QEM techniques are broadly classified into two categories: weak error mitigation and strong error
mitigation [22]. Weak error mitigation targets the expectation values of quantum observables and repres-
ents the most common approach currently, with examples including ZNE and PEC. Strong error mitig-
ation directly corrects the probability distribution of measurement outcomes in the computational basis.
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So far, the methods claimed to be effective for strong error mitigation include Qraft and its improved
version Q-LEAR. Although measurement error mitigation can also be used for strong error mitigation,
the field currently primarily employs it for weak error mitigation. The subsequent analysis focuses on
ZNE [8], PEC [9], and Q-LEAR [12].

3.1. Prevalent weak error mitigation

3.1.1. ZNE

ZNE believes that the expectation value of a quantum computation can be modeled as a multi-
parameter function of the fault rate . By running the circuit at different noise levels and fitting the
data to this function, one can extrapolate to the zero-noise limit. Many studies have extended the ZNE
method using different approaches [23-26]. However, this method has several limitations:

Resource intensity: ZNE requires multiple executions of the circuit under varying noise conditions,
which demands significant quantum resources.

Time dependence: ZNE assumes time-independent noise, which is not always the case in real-world
quantum devices, making it difficult to apply historical noise models to mitigate current noise [27].

3.1.2. PEC

PEC models noise as a set of additional operations that precede the ideal quantum operations, which
can be represented by a noise matrix. The noise effects are then mitigated by inverting this matrix. Over
the past few years, significant research efforts have been devoted to developing PEC techniques [28-30].
However, this approach suffers from several key limitations:

Resource intensity: PEC requires extensive classical and quantum resources to learn the noise model,
limiting its application to small-scale circuits.

Complete noise understanding: PEC requires a complete understanding and modeling of the noise,
which may be impractical in complex quantum systems.

3.2. Machine learning-based strong error mitigation
Recent advancements in machine learning have led to the development of techniques specifically
designed for QEM [31]. IBM introduced four machine learning models in 2023 for weak error
mitigation [32]. However, these methods are limited in their applicability to specific types of quantum
algorithms, such as the Bernstein—Vazirani algorithm [33], the Deutsch—Jozsa algorithm [34], and
Grover’s algorithm [35], which require the state probability distribution rather than just the expect-
ation values of quantum observables. Quantum algorithms that target the probability distribution of
output states are extensively utilized in finance, healthcare, biology, and information security [36, 37].
Prominent examples include quantum Monte Carlo methods, discrete logarithm finding, and large
integer factorization [38, 39], among others. These algorithms are characterized by circuit output states
containing high-probability solutions. Consequently, the future development of quantum algorithms with
high-probability state may indeed be the primary avenue through which quantum algorithms transition
into practical applications. This necessitates the implementation of strong error mitigation method.

The latest machine learning-based strong error mitigation method, Q-LEAR [12], estimates the noise
in quantum circuits by cutting the circuit into segments and adding reversed segments to form Dpe.
However, this approach has the following limitations:

Sensitivity to the number of qubits: Q-LEAR performs well on circuits with the same number of qubits
as those in the training set but does not generalize well to circuits with a different number of qubits, as
illustrated in figure 1. This limitation restricts its applicability to circuits of varying sizes.

Noise amplification: Q-LEAR introduces new noise by appending reversed segments to the original
circuit, leading to an inaccurate estimation of the noise. This can degrade the quality of the noise
mitigation.

Training resource requirements: Q-LEAR uses MLP that may require substantial computational
resources for training, especially with large datasets. This can limit the scalability of the approach.

To overcome the limitations of existing methods, this work introduces a novel machine learning-
based quantum noise mitigation method. Our method addresses the sensitivity to the number of qubits
issue and avoids introducing new noise by leveraging the fidelity of the quantum backend and other rel-
evant features of qubits number decoupling. Additionally, we employ a random forest model, which is
computationally efficient and can handle large-scale circuits. The fifth chapter of this paper will compre-
hensively expound upon our approach, while the sixth chapter will empirically demonstrate the superior-
ity of our methodology over existing ones.
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Figure 3. Overview of the fundamental process of machine learning-based quantum error mitigation. The process involves
executing quantum circuits on noisy and ideal backends to obtain noisy outputs and ideal outputs, extracting circuit-level and
output-level features (e.g. Pccir, Nsd), and using a classical random forest model to mitigate quantum errors.

Table 1. The selected algorithm from the MQT bench.

Quantum algorithm Abbreviation
Amplitude estimation AE [41]
GHZ State GHZ [14]
Ground State GS [42]

Quantum approximation QAOA [43]
optimization algorithm
Quantum phase estimation ~ QPEexact [44]

exact

Quantum phase estimation ~ QPEinexact [44]
inexact

Variational quantum VQE [45]
eigensolver

W-State WS [46]

Source: www.cda.cit.tum.de/mqtbench/.

4. Approach

This paper presents a QEM method based on random forests model, which has the capability to reduce
error in circuits whose number of qubits exceeds the number qubits of the training set. The novelty
of this paper lies in the adoption of a method for estimating quantum noise that integrates quantum
backend fidelity with quantum circuit gate and qubit information. This noise estimation does not dis-
rupt the operation of the quantum circuit. We encode this noise estimation as one of the feature data
for machine learning, denoted as Pccir. Beyond Pccir, the model also integrates additional novel fea-
tures extracted at both the circuit and output levels. Feature dimensionality reduction is applied to
decouple these features from the number of qubits in the quantum circuit, thereby overcoming the
model’s sensitivity to qubit count. We observed that the random forest model, within this character-
istic dataset, demonstrated the most effective mitigation of quantum noise in the circuits whose num-
ber of qubits exceeds the number of qubits in the training set, among all the tested models. Figure 3
provides a schematic overview of the model’s training and testing processes. As illustrated in the figure 3,
the quantum computer is solely employed for executing quantum circuits during the acquisition of noisy
result data, with the remainder including feature processing and model training being classical processes.

In order to assess and evaluate the effectiveness of the model’s feature data and its applicability to
quantum algorithms, we have selected a subset of quantum algorithms from MQT Bench [40] for sub-
sequent experimental test, as detailed in table 1.

Next, we will proceed to delineate the methodology for acquiring circuit-level Feature and output-
level Feature of this model.
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4.1. Circuit-level Features

The model’s feature data encompasses common statistical feature of quantum circuits, including circuit

width (Cw), circuit depth (Cd), as well as the counts of CX gates, X gates, SX gates, and RZ gates.
The following introduces novel circuit-level features employed in this research.

Quantum gate parameters statistics (Qs): the parameters of parameterized quantum gates within the cir-
cuit, referred to as gate parameters, range from —27 to 2m. The interval [—27, 27] is divided into eight
sections at intervals of 0.57. This setup is an empirically driven choice: an excessive number of sections
may give rise to model overfitting, whereas an insufficient number of sections could lead to inadequate
model resolution. The counts of gate parameters within each of these intervals are tallied and then input
as feature data into the model. These feature data provide a sideways reflection of the circuit’s structure,
enabling the model to capture circuit feature and thus discern different circuits.

Quantum error evaluated by properties combined with circuit information (Pccir): for instance, in a
three-qubit quantum circuit, the occurrences of cx gates on specific qubit pairs are tallied. As the error
rates for the same gate on different qubits or qubit pairs vary, the backend property information is quer-
ied to retrieve the error rates for these gates on the specified qubit pairs. The summation of the error
rates for all single-qubit and two-qubit gates, along with the summation of the readout error rates for
qubits used, constitutes an estimate of the noise for the current circuit. Pccir is calculated as follows:

Pccir = Zﬂilegjrror + ZluiG?rror + ZM?rror (3)
i,j i i

where p denotes the number of quantum gates on the corresponding qubit or qubit pairs on the
quantum circuit, G*™" denotes the error rate of quantum gates on the corresponding qubit or qubit
pairs on the quantum circuit, and M“™" denotes the readout error on the corresponding qubit on the
quantum circuit.

Quantum backend coding (Bc): the model utilizes six noisy simulated backends to generate training and
test data. In order to enable the model to discern the backend used for the current circuit, six training
backends are numbered from 1 to 6, and the backend code is incorporated as a circuit-level feature for
the current circuit. However, when training the model using a real quantum computer, as only one real
machine is available, the model does not need to distinguish the current device, and this feature data is
excluded.

In the field of machine learning, an effective feature data must exhibit a strong correlation with the
target values [47, 48]. To explore the potential association between this feature data and quantum noise,
the algorithms in the MQT test set are partitioned based on the number of qubits. We delves into the
Pearson correlation and Spearman correlation between circuit-level feature and circuit error, figure 4
illustrates the correlation between Pccir and circuit error, quantifying the linear relationship between
Pccir and circuit error. The correlation measures the strength of the linear relationship between two ran-
dom variables: a value of 1 indicates a strong positive fit, 0 denotes no linear relationship, and —1 sig-
nifies a strong negative fit. All the features in the figure exhibit a strong correlation with circuit errors,
especially Pccir, which clearly exhibits a clear functional relationship. Therefore, these features can all be
used as feature data for model training.

4.2. Output-level features

The output-level feature includes the probability values of the state distribution corresponding to
the noisy output of the circuit, denoted as Proyisy, which is the primary mitigation objective of our
approach. The following are the novel output-level features proposed by this model.

Noisy standard deviation (Nsd): Nsd is determined by running the circuit on a noisy quantum machine
or simulator A times and calculating the standard deviation of probability for a certain circuit out-

put state. Can Nsd effectively assess the magnitude of state noise? We selected several circuits from the
MQT benchmark test set, as shown in figure 5, and ran these circuits on the Qiskit noisy simulator,
FakeGuadalupe, to obtain the noise values for each state and calculate the correlation between the state
error and Nsd of the noisy results, as depicted in figure 5. It can be observed that, apart from the GS
circuit, Nsd exhibits a high degree of correlation with State Error. This is because for a given state, the
greater the error influence it is subject to, the greater the randomness in its probability value, which
manifests as a larger standard deviation. In contrast, the GS algorithm circuit is relatively simple with

a small circuit depth, leading to lower inherent errors and consequently showing a lower correlation. In
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Algorithm 1. QEMOS training workflow.

Input: Quantum circuit dataset
Output: QEMOS model

1 X<« [[]] //Feature data set
2y« //Target data set
3 for each QC in Circuit_Dataset do
4 | fork<1to\do
5 Noisy_res <— ExecuteNoisy(QC) // Executing on noisy backend or real quantum computer (iteration k)
6 | end
7 | Ideal_res < ExecuteIdeal(QC) //Executing on ideal backend
8 | Circuit_Features < ExtractFeature (QC) //Extracting circuit features
9 | for each Noisy_res; in Noisy_res do
10 Output_Feature; <— ExtractFeatureNoisy_res //Extracting output features
11 X; < [Output_Feature;,Circuit_Features,Noisy_res;]
12 yi < Ideal_resi
13 |end
14 | X<+ XUX;
15 |y<yUy;
16 end

17 Model <-TrainModelX,y

Algorithm 2. QEMOS inference workflow.

Input: Quantum circuits (QCs)
Output: Mitigated result

1 for each QC in QCs do // mitigated for each circuit
2 X < GenerateFeature (QC); // same as the training Workflow
3 | Pre < Predict(X); /I QEMOS model prediction
4 | Pre < NegativeToZero(Pre); /] Negative to zero
5| Mitigated_res < Normalization(Pre);

6 end

practical quantum algorithms, quantum circuits are typically more complex and have a greater depth.
Therefore, Nsd can be used to evaluate the range of these fluctuations.

State assignment (Sa): Sa involves converting the binary numbers corresponding to the states of the cir-
cuit into their respective decimal numbers. For example, if a particular state corresponds to the binary
string 01 101, it is converted to the decimal number 13. By combining Sa with circuit-level features such
as Qnum, the 0-1 bit string for the current state can be inferred. We consider this feature data essential
for the model because the noise in different states of different circuits varies. The model needs to dif-
ferentiate between different circuits based on circuit-level features and also distinguish between different
states based on the state assignment in the output-level features. This approach enables dimensionality
reduction of qubit-dependent features into a fixed two-dimensional space, thereby achieving decoupling
from the qubit number.

4.3. Model training and testing

The model was based on the random forest machine learning algorithm, which entailed the creation

of a random forest comprising 300 decision trees. The trees were constructed in a top-down manner
using a recursive and greedy algorithm. The splitting criterion for the decision trees employed mean
squared error reduction for regression. At least 2 feature data points were required for the splitting of
each decision tree. This configuration was chosen through extensive testing to balance model stability
and computational cost. Using MSE helped the model identify nonlinear patterns in the data. The work-
flow for model training and Inference is detailed in algorithms 1 and 2.
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5. Evaluation and analysis

The present study endeavors to address the efficacy and superiority of the QEMOS model in mitigating
quantum noise by providing insights into the following four key questions:

Research question 1: what justifies the selection of the random forest model?

Research question 2: is the performance of QEMOS superior to Q-LEAR?

Research question 3: what factors contribute to the efficacy of QEMOS?

Research question 4: can QEMOS operate effectively on real quantum computers?

5.1. Experiment setting

5.1.1. Training data

The model’s training data comprises randomly generated circuits from six noisy simulated backends

of Qiskit. These simulated backends include FakeGuadalupe, FakeMontreal, FakeCairo, FakeMumbai,
FakeSydney and FakeToronto. The noise of these backends is derived from real quantum computers. In
situations where quantum computing resources are difficult to access, noisy simulated backends serve as
a crucial means and approach for studying quantum computation. The number of qubits in the train-
ing circuits ranges from 5 to 9, with depth randomly determined between 1 and 100. Each backend has
80 circuits for each number of qubits, resulting in a total of 2400 training circuits, yielding an extensive
training feature data set of up to 480000 rows. For the real quantum computer used in this study, the
number of qubits in training set still range from 5 to 9, with 80 randomly generated circuits for each.

5.1.2. Test data

The test set comprises randomly generated circuits from six noisy simulated backends of Qiskit, with the
number of qubits in these circuits ranging from 2 to 13 and random circuit depths. Each backend has 20
circuits for each number of qubits. Additionally, the test set includes some MQT test sets compiled using
these six backends, as detailed in table 1. The number of qubits in the circuit sets for each quantum
algorithm in the test varies from 5 to 13. For the real quantum computer, the number of qubits in the
test set ranges from 2 to 13 qubits, with 20 randomly generated circuits for each.

In the proposed experimental configuration, the quantum circuit is executed on noisy backend
repeatedly A times, with its value simply set to the minimum of 3 in this test. The repetition count A
can be incrementally adjusted to achieve enhanced noise characterization fidelity, though this improve-
ment comes at the expense of increased computational resources.

For strong error mitigation, compared with weak error mitigation, its resource consumption grows
exponentially, and it requires higher precision of methods. As a study on a strong error mitigation
method, this research has achieved significant breakthroughs in scalability compared with the state-of-
the-art methods. However, limited by the difficulties of strong error mitigation tasks themselves and the
limitations of computing resources, in this study, the scale of the quantum circuit was only set to 2—13
qubits during testing. Nevertheless, we still provided test results for four 25-qubit circuits as a reference
to verify the scalability of the model, and all these circuits yield high-probability state outputs without
exception.

5.2. Results and analyses

5.2.1. RQI: What justifies the selection of the random forest model?

For RQ1, we employed a comparative experimental approach to assess the performance of five machine
learning models on the feature data in this study. These models include random forest, linear regres-
sion (Linear), ridge regression (Ridge), support vector regression (SVR), and K-nearest neighbor regres-
sion (KNN). The variable in the experiment is the model used, while the feature data remains constant.
The lower the noise after a machine learning model mitigation, the better the model is in the feature
set. Specifically, after training each model using the same dataset, we tested the models using a uni-
form test dataset. The test results are grouped by the number of qubits of the circuits. Specifically, we
group together the circuit error obtained by testing circuits with the same number of qubits using the
corresponding model, and calculate their average. This is to identify models capable of mitigating cir-
cuits whose number of qubits exceeds that of the training set. The evaluation of circuit error utilized the
Hellinger distance as mentioned earlier, and the test results are depicted in figure 6.

It is evident that some of the models we employed lack noise mitigation capabilities, such as SVR
and KNN. While certain models demonstrate the ability to mitigate noise, they can only do so within
the number of qubits range of the training set, as seen in the cases of Linear and Ridge. Among the
tested models, only the random forest model exhibits noise mitigation capabilities both within and bey-
ond the range of the number of qubits in the training set. This distinction arises from the nature of our
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Figure 6. Comparison of the performance of different machine learning models on the feature data in this study. The pie chart
illustrates the proportional distribution of the model’s training and test sets, while the dashed line indicates that the number of
qubits in the test set circuits begins to exceed that of the training set starting from 10 qubits.
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Figure 7. The random forest model mitigate quantum error. The random forest model operates by splitting nodes of decision
trees based on feature data, and then averaging the results of all decision trees to produce the final output.

task objective. QEM tasks are, in essence, neither classification tasks nor regression tasks. This implies
that the model’s output is not a fixed value and does not involve straightforward regression prediction
tasks. Rather, it involves introducing a certain bias to the noisy circuit output based on the feature data,
steering the solutions towards theoretical values. Given that quantum noise accounts for a relatively
small proportion of the circuit output probabilities, this indicates that the bias we need to introduce is
minimal. Moreover, there is no clear functional relationship between this bias and the feature data, lead-
ing to the limitation of certain models to perform well only within the qubit range of the training set.
It is worth noting that even when experiments are conducted on larger-scale datasets, the performance
trend of the models involved in the testing remains consistent with what is shown in figure 6, and only
QEMOS has overcome the sensitivity to the number of qubits. This observation indicates that the data
scale used for training our model is sufficient to support the demonstration of QEMOS’s superiority.

In our model, there exists a strong correlation between the feature data and quantum noise. This
suggests a certain association between our feature data and quantum noise. Decision tree node splitting
in the random forest based on strongly correlated feature data effectively represents this type of noise
without resorting to a functional fit [49, 50]. Furthermore, by averaging the results of all decision trees,
the random forest model adeptly represents the slight perturbations of noise on the noisy circuit res-
ults and mitigates them. Consequently, the random forest model is capable of mitigating quantum noise

11
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Figure 8. Comparison of QEMOS and Q-LEAR on the random circuit test set and MQT test set. The bar chart illustrates the
classical resource consumption for training and testing of different models.

from the circuits whose number of qubits beyond the range of the training set. Figure 7 illustrates the
technical principles of the random forest algorithm.

5.2.2. RQ2: Is the performance of QEMOS superior to Q-LEAR?

We conducted separate tests for QEMOS and Q-LEAR using both the random circuit test set and MQT
test set. As shown in figure 8. During the analysis, we calculated the average circuit error for each num-
ber of qubits. Detailed data are shown in table 2.

For the random circuit test set, when the test circuits’ number of qubits falls within the range of the
training set’s number of qubits, the Q-LEAR model exhibits noise mitigation. The QEMOS model, while
slightly inferior, remains nearly on par with Q-LEAR. This is due to the random circuit’s depth, which
ranges from 1 to 10, resulting in a relatively diminutive level of quantum noise. However, as the test
qubit count increases, the QEMOS model begins to outperform Q-LEAR when the test circuits’ num-
ber of qubits reaches the boundary of the training set at 9 qubits. By 10 qubits, QEMOS notably excels,
and beyond 11 qubits, Q-LEAR no longer demonstrates noise mitigation capability, instead introdu-
cing new noise to the circuit results. In contrast, the QEMOS model continues to effectively mitigate
noise, demonstrating its insensitivity to number of qubits compared to the Q-LEAR model. Outside the
number of qubits range of the training set, QEMOS outperforms the Q-LEAR model by an average of
31.74%.

As for the MQT test set, where circuits are more complex and noise levels are higher, demanding
greater noise mitigation capabilities from the model, the test results are similar to those of the random
forest. Outside the range of qubits in the training set, QEMOS outperforms Q-LEAR by an impressive
23.98% on average. Moreover, within the test set’s number of qubits range, QEMOS slightly outper-
forms Q-LEAR, indicating that QEMOS excels on more complex quantum circuits. The feature data of
QEMOS proves to be more suitable for practical quantum algorithm circuits of greater complexity.

Additionally, during model training, the Q-LEAR model required 800 min for training on 480 000
rows of training data, whereas QEMOS, in contrast, only took 60 min. This indicates that the QEMOS
model is more suitable for training larger-scale circuit data, ensuring superior scalability compared to
Q-LEAR.

5.2.3. RQ3: What factors contribute to the efficacy of QEMOS?
As our work revolves around mitigating noise in circuit outputs, the probabilities corresponding to the
noisy output states should play the most pivotal role in the feature data. Here, we exclusively focus
on the significance of feature data, excluding Pro,.is, within the model. In a random forest model, the
importance of feature data is evaluated based on the improvement in the splitting criterion for each
node of the decision trees. We can employ the built-in function in the sklearn library to directly yield
the importance of feature data, and figure 9(a) illustrates the significance of these features for the model.
It is evident from the assessment of the feature data that the importance of Pccir is the highest. This
aligns with the findings of previous experiments and analyses, indicating the effectiveness of this fea-
ture in evaluating quantum noise and its critical role in learning and mitigating noise within the model.
Additionally, the significance of Sa is relatively high. This is because within the same circuit, different
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Table 2. Comparison of QEMOS and Q-LEAR on the random circuit test set and MQT Test Set. The column for each model represents
the circuit error after processing by that model. The columns %S and %Q illustrate the reduction of quantum noise by the QEMOS and
Q-LEAR models(given by (m; — m;)/m1). The promote column corresponds to the improvement of QEMOS over Q-LEAR in terms of
effectiveness.

Data Set Qubits QEMOS Q-LEAR Unmitigated %S %Q Promote
Random 2-9(Average) 0.155 0.147 0.214 0.276 0.313 —0.054
10 0.277 0.311 0.353 0.216 0.12 0.109
11 0.294 0.403 0.373 0.21 —0.083 0.27
12 0.329 0.559 0.42 0.217 —0.331 0.412
13 0.346 0.663 0.449 0.23 —0.477 0.478
MQT 5-9(Average) 0.281 0.297 0.347 0.19 0.144 0.054
10 0.411 0.468 0.464 0.114 —0.01 0.122
11 0.46 0.607 0.519 0.114 —0.171 0.243
12 0.484 0.704 0.548 0.118 —0.284 0.313
13 0.509 0.708 0.582 0.125 —0.217 0.281
a) b)
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Figure 9. (a) Feature importance in the QEMOS model. (b) Ablation study for QEMOS.

output states correspond to different noise, and the model needs to distinguish and learn the differences
between these states. The quantum backend encoding Bc is also a key feature, indicating that different
quantum backends exhibit distinct noise features, necessitating the model to differentiate and learn the
noise properties of different backends. Furthermore, the inclusion of the Nsd ranks fourth in importance
within the feature data, aligning with the results of the prior correlation analysis, indicating its effective-
ness in estimating state errors. Other feature data, such as Sa, exhibit relatively dispersed importance in
the feature data, consistent with our expectations as these feature data are designed to assist the model
in learning circuit features. Additionally, the importance of the number of CX gates within the feature
data falls within the upper-midrange. This is due to the fact that the noise from two-qubit gates involves
interactions between two qubits, potentially leading to amplified noise levels.

To ascertain whether our feature data contributes to noise mitigation within the model, we excluded
Pccir, Sa, Be, Nsd, and Qs from the feature dataset. Subsequently, we retrained the model on circuits
ranging from 5 to 9 qubits and tested it on the MQT test set. As illustrated in figure 9(b), the model
without these features still demonstrates effective noise mitigation within the range of qubit number
present in the training set. However, as the number of qubits of the test circuits exceeds the range of
the training set, the model’s performance begins to deteriorate. In contrast, the model trained with the
complete feature dataset continues to perform well. This indicates that our feature data aids in mitigat-
ing the model’s sensitivity to the number of qubits, enabling the model to effectively mitigate noise in
circuits with a higher number of qubits.

5.2.4. RQ4: Can QEMOS operate effectively on real quantum computers?

The aforementioned experiments were conducted in six simulators. However, our ultimate objective is
for the model to be applicable to real quantum computers. In order to validate the model’s effective-
ness on a real quantum computer, tianyan-176 was utilized to test this model. This choice was made
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Figure 10. The test result of QEMOS model on real quantum computer.

Table 3. Test QEMOS on tianyan-176 with 25-qubit circuits.

Circuit Unmitigated Mited Promote
Cirl 0.658 0.359 0.455
Cir2 0.605 0.115 0.81
Cir3 0.584 0.391 0.331
Cir4 0.678 0.532 0.215

because the tianyan-176 provides access to the backend properties and topology required for model
training, and this information is continually updated in real time, meeting the training requirements of
the model. Similarly, to validate the model’s advantage of being insensitive to the number of qubits, we
partitioned the results based on the number of qubits and calculated the average circuit error, as shown
in the figure 10.

The test results on the real quantum processor demonstrate that our model performs exceptionally
well, both within and beyond the range of number of qubits in the training set, with an average noise
mitigation efficacy of 67.5%. This indicates that our model is not only applicable to noise simulators,
but also to actual quantum processors, showcasing its practical value.

Furthermore, to further demonstrate the model’s capability to overcome sensitivity to the number
of qubits, and considering current classical and quantum resource constraints, we executed four 25-
qubit circuits on a real quantum computer and tested these circuits using the model. The test results are
presented in the table 3. Observing the test result of the four circuits, it is evident that the model exhib-
its mitigation effects. This indicates that our model can operate on a larger qubit scale, showing that it
has overcome the sensitivity to the number of qubits and can be extended for practical application to
quantum circuits whose number of qubits exceeds the number of qubits in the training set.

However, the error mitigation model still has limitations. Specifically, when conducting noise mitiga-
tion on a 25-qubit scale, we observed that if the probability distribution of the circuit output is relatively
uniform, such that the probability values for all states are small and lack clear high-probability output,
the model’s mitigation efficacy is inadequate, or even absent. This is due to the excessively small prob-
ability values, exceeding the precision of the model’s mitigation capabilities. In fact, for larger-scale qubit
circuits, our model demonstrates effective error mitigation only when applied to circuits exhibiting dis-
tinctly high-probability solutions, while its mitigation efficacy is compromised for the opposite scenario.
This presents a future research direction for machine learning-based QEM.

Furthermore, in large-scale quantum circuits, if the circuit depth is particularly substantial and the
number of quantum gates within the circuit is exceedingly high, resulting in substantial noise within the
circuit and a significant deviation or lack of correlation between the noisy circuit output and the theor-
etical values, the noise mitigation model also becomes ineffective. This is because the noise in the circuit
has surpassed the capability range of the noise mitigation model. In such cases, a potential approach
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involves circuit cutting [51] and compiling optimizations to alleviate noise before conducting noise mit-
igation on the circuit, or utilizing more complex quantum error-correcting codes to eliminate noise,
although this is currently challenging with existing hardware.

6. Discussion

The QEM method based on machine learning is actually a QEM method by collecting the feature data
of the quantum computer, the feature data of the quantum circuit itself and the noisy results obtained
from the output of the circuit, combined with machine learning, that is, using the classical computer
for post-processing, the advantage of this method is that it can overcome the problem of resource con-
sumption and technical complexity of the previous method, and at the same time, it has a good effect,
therefore, the core problem of this method is how to evaluate the possible error of the quantum circuit
before the quantum computer runs, and the resources consumed by this method should be acceptable,
then, the evaluation of this error is used as one of the feature data of machine learning for QEM. We
have a novel idea of using machine learning to evaluate quantum noise before a quantum circuit is run,
and then using this noise data as feature data for subsequent ML, so far, the former has been relevant
research [52], the latter is the scope of this study.

The most important among all the feature data adopted in this study is Pccir, which is collected from
the measurement and control information of the backend of real quantum devices. During the experi-
ment, we noticed that when the environment of the real device changes, the historical backend proper-
ties may not be applicable to the current status of the real device. Moreover, inaccurate backend proper-
ties will also affect the QEM performance of the model. In such cases, timely updating the measurement
and control information and taking the average may be an effective solution. In view of this, our next
research is attempting to develop a set of rapid noise test sets to quickly obtain the noise state of real
quantum devices, so as to maintain the timeliness and accuracy of backend properties.

7. Conclusion and future work

This paper introduce a machine learning-based QEM method called QEMOS. This method evaluates
quantum noise without disrupting the operation of quantum circuits or increasing quantum computing
resources. It incorporates the evaluation results as one of the feature data for machine learning, along-
side other data derived from quantum circuits and quantum computers. By combining these data, the
method leverages a random forest model to realize QEM. Through assessments on six different sim-
ulated backends, the model demonstrates the capability to overcome the limitations associated with
the sensitivity to the number of qubits, achieving an average improvement of 31.74% beyond previ-
ous methods for the circuits whose number of qubits exceeds the number of qubits in the training set.
Furthermore, on a real quantum computer, training and testing were conducted using tianyan-176.
Across all test sets, errors were reduced by an average of 67.5% compared to the unmitigated circuit
output.

As previously described, this method has yet to explore the boundaries of QEM. For instance, when
the quantum circuit involves a large number of qubits and exhibits considerable scale, the distribution of
circuit output is so dispersed that the probabilities corresponding to all states approach zero, resulting in
the model’s poor ability to mitigate errors. Moreover, even when quantum circuits possess clearly high-
probability output, if the circuits are overly complex and the errors are too substantial, exceeding the
model’s mitigation capacity, the model also faces limitations in error mitigation. Hence, the next focus
should center on seeking a more advanced approach to enable the model to overcome these challenges.
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