
PHYSICAL REVIEW A 112, 052448 (2025)

Bayesian inference of general noise-model parameters from the syndrome statistics
of surface codes

Takumi Kobori *

Department of Physics, The University of Tokyo, Tokyo 113-0033, Japan

Synge Todo †

Department of Physics, The University of Tokyo, Tokyo 113-0033, Japan;
Institute for Physics of Intelligence, The University of Tokyo, Tokyo 113-0033, Japan;

and Institute for Solid State Physics, The University of Tokyo, Kashiwa 277-8581, Japan

(Received 19 March 2025; accepted 8 October 2025; published 24 November 2025)

The performance of error correction in the surface code can be enhanced by leveraging the knowledge of the
noise model for physical qubits. To provide accurate noise information to the decoder in parallel with quantum
computation, an adaptive estimation of the noise model based on syndrome measurement statistics is an effective
approach. While noise-model estimation based on syndrome measurement statistics is well established for Pauli
noise, it remains unexplored for more complex and realistic scenarios such as amplitude damping, which cannot
be represented as a Pauli channel. In this paper, we propose Bayesian inference methods for general noise
models, integrating a tensor network simulator of surface code, which can efficiently simulate various noise
models, with Monte Carlo sampling techniques. For stationary noise, we propose a method based on the Markov
chain Monte Carlo. For time-varying noise, which is a more realistic scenario, we introduce another method
based on the sequential Monte Carlo. We present numerical results of applying our proposed methods to various
noise models, such as static, time-varying, and nonuniform cases, and evaluate their performance in detail.
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I. INTRODUCTION

Quantum computers offer a computational paradigm ca-
pable of solving certain problems faster than classical
computers, with the potential to revolutionize a wide range of
fields [1–5]. However, achieving practical quantum compu-
tation requires overcoming the challenges posed by noise in
physical qubits, which are so fragile that executing stable cal-
culations is difficult. Quantum error correction (QEC) codes
have therefore been proposed to address these challenges
and enable fault-tolerant quantum computation (FTQC) [6].
Among various QEC codes, the surface code [7–9] is consid-
ered one of the most promising candidates for future FTQC.
Owing to its favorable geometrical properties, which enable
relatively high threshold and efficient implementation on var-
ious quantum computing platforms, it has attracted significant
research interest, leading in experimental demonstrations us-
ing superconducting [10–12] and neutral-atom qubits [13].

Several proposals have been made to enhance its per-
formance by optimizing decoding algorithms by utilizing
noise-model information [14–19]. Additionally, the grid shape
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and Clifford deformation of its stabilizer generators have been
shown to influence the code’s performance and can also be
optimized [20–23]. Such noise-model knowledge can be pre-
pared in advance by performing quantum process tomography,
where the quantum computer has to be operated aside from the
main calculations [24,25]. In addition to such an efficiency
problem, a problem arises in the case of time-varying noise
models [26,27]. When the noise model changes over time,
it becomes necessary to update the noise-model information
through additional quantum computations for tomography
of quantum noise channels. Estimating the noise channel in
parallel with syndrome statistics during decoding effectively
addresses these issues. This approach eliminates the need for
a demanding prior tomography procedure and enables online
learning of time-varying noise-model parameters with no ex-
tra quantum overhead apart from the syndrome measurements
inherent to the QEC procedure.

Although there have been some attempts at the noise-
model estimation based on syndrome statistics, only the Pauli
noise-model case has been considered and well studied so
far [14,28–32]. There are several reasons why Pauli noise
estimation is being actively studied. First, both Pauli noise
and stabilizer code simulations can be efficiently performed
using stabilizer methods, which work in polynomial time with
respect to the number of qubits on classical computers [33,34].
Second, the initial logical information does not affect the
syndrome statistics in the Pauli noise model, so the estima-
tion can be performed without considering the initial logical
information. Third, the general noise model can be projected
to the Pauli noise by randomized compiling with additional
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FIG. 1. The conceptual figure of key ideas in our work. We
propose a noise-model estimation method based on syndrome mea-
surement results using the TN and Monte Carlo methods. The
proposed method can be applied to a broader range of noise models
than just the Pauli noise models without any additional quantum
overhead.

overhead [35]. Although many successful methods exist for
estimating Pauli noise models, extending estimation to more
realistic noise models beyond Pauli models can be valuable
as it can mitigate the need of randomized compiling, which
requires additional circuit executions or classical overhead,
and can enhance decoder performance through more detailed
noise-model information. Such general noise-model estima-
tion can be realized by Bayesian inference based on syndrome
statistics, which is the main focus of this paper.

In this paper, we propose Bayesian inference methods
for noise-model estimation based on syndrome statistics by
integrating a tensor network (TN) simulator of the surface
code with Monte Carlo sampling methods (Fig. 1). Bayesian
inference can offer a more general framework for noise-model
estimation, allowing us to estimate noise models that cannot
be represented as Pauli channels. For applying Bayesian in-
ference to noise-model estimation, we need to consider two
points: (1) how to simulate and calculate the posterior dis-
tribution of the noise-model parameters based on syndrome
statistics which cannot be represented analytically and (2)
how to calculate the likelihood function of the noise model
based on the syndrome statistics.

For the first point, we can use the Monte Carlo sampling
methods to generate samples according to the posterior dis-
tribution, such as Markov chain Monte Carlo (MCMC) and
sequential Monte Carlo (SMC) [36–41]. MCMC is suitable
for datasets prepared before the simulation and SMC is suit-
able for sequentially generated data of Bayesian inference. It
means that MCMC is suitable for the stationary noise case,
where the noise parameters are constant and do not change,
and SMC is suitable for the time-varying noise case, which is
a more realistic situation. For the second point, we focus on
the TN simulation [42], which enables efficient representation
of noise models and simulation of density matrices for quan-
tum states. Such TN methods can simulate the surface code
with a general noise model, scaling linearly with the number
of qubits by introducing the low-rank tensor approximation
efficiently [23]. Moreover, we can also calculate the likelihood
function based on the syndrome statistics in the TN formula-
tion. By integrating Monte Carlo sampling methods with the
efficient likelihood calculation provided by TN simulation in
Bayesian inference framework, effective and versatile general
noise-model estimation can be achieved. This approach is
applicable to any noise model ideally, including phenomeno-

logical and circuit-level noise models, as long as they can be
simulated using the TN method.

In these numerical experiments, we report the results of
several noise models beyond the Pauli noise models within
the range of code-capacity noise models. We find that the
estimation for many cases, such as the amplitude damping,
works quite successfully, but for some cases, such as the
generalized amplitude-damping noise model, it does not. We
also demonstrate that applying the results of the noise-model
estimation to the TN decoder improves its performance.

The rest of the present paper is organized as follows: In
Sec. II, we briefly review the stabilizer code, surface code, and
a TN simulation of the surface code. In Sec. III, we explain
how to estimate the noise-model parameters using Bayesian
inference and our proposed method based on the TN simu-
lation and the Monte Carlo methods, and discuss the utility
of the proposed methods compared to the previous works. In
Sec. IV, we show the numerical results of the proposed meth-
ods and discuss their efficiency and estimability. In Sec. V, we
summarize the present paper and future issues.

II. PRELIMINARY AND TENSOR NETWORK
SIMULATION OF SURFACE CODE

A. Stabilizer code

The stabilizer code [43] is characterized by a stabilizer
group and its generators, called stabilizer generators. The
stabilizer group S is an Abelian subgroup of the n-qubit Pauli
group Pn:

S ={Si} ∈ Pns.t. −I /∈ S and ∀Si, S j ∈ S , [Si, S j] = 0. (1)

Each element in S \ {I} has both ±1 eigenvalues. According
to the eigenvalues of a set of stabilizer generators Sg, we can
label the Hilbert space as H = ⊕

e He, where e is the set
of eigenvalues for the stabilizer generators. The subspace H1
where all eigenvalues are +1 is called the code space and is
denoted by C. States within the code space, called code states,
are used to encode the original quantum information in the
stabilizer code framework. Because all stabilizers commute,
the code state is a +1 eigenstate not only of the generators Sg,
but of every element of the stabilizer group S:

|ψ〉 ∈ C ⇐⇒ ∀gi ∈ Sg, gi |ψ〉 = |ψ〉
⇐⇒ ∀Si ∈ S, Si |ψ〉 = |ψ〉 . (2)

For an n-qubit stabilizer code with |Sg| = n − k independent
generators, the code space C has dimension 2k , corresponding
to k logical qubits. Thus, code states can represent arbitrary
k-qubit quantum information, encoded within the stabilizer
code.

Such a redundant representation of quantum information
enables protection against noise by monitoring the eigen-
values of the stabilizer generators. When noise affects the
quantum state, it may leave the code space and become
a superposition or mixture involving other subspaces He.
Syndrome measurements project the quantum state onto the
eigenspace of the stabilizer generators, with the measurement
outcomes corresponding to the eigenvalues. The presence of
any −1 eigenvalues in the syndrome outcomes indicates the
occurrence of errors. After detecting errors, a decoding al-

052448-2



BAYESIAN INFERENCE OF GENERAL NOISE-MODEL … PHYSICAL REVIEW A 112, 052448 (2025)

Af

Bf

Z

X

X

Z Z

Z

X

X

FIG. 2. Rotated surface code with d = 5. The number of phys-
ical qubits and stabilizer generators is 25 and 24, respectively. This
figure only shows the physical qubits but not the qubits for syndrome
measurements.

gorithm implemented on classical computers can be used to
estimate the most likely error locations based on the syndrome
measurement results. Subsequently, errors can be corrected
by applying the appropriate Pauli operations to the physical
qubits or by updating the Pauli frame [44].

B. Surface code

The surface code, a type of stabilizer code, is a leading
candidate for QEC in future FTQC due to its high threshold
and efficient implementation on two-dimensional quantum
computing platforms [7,45]. One type of surface code is rep-
resented in Fig. 2. Its stabilizer generators can be written by
only the product of X or Z . In Fig. 2, the blue area represents
the product of X , and the white area represents the prod-
uct of Z . Let the lattice be L × W , and its code distance is
d = min(L,W ), which means the code can detect all errors
of weight d − 1. The number of qubits is LW to represent
the code and LW − 1 for ancilla qubits used in syndrome
measurements. Their stabilizer generators are represented by
the product of two or four Pauli operators, and the physical
qubit on which they act is spatially localized. Consequently,
the surface code can be implemented with qubits arranged in
a two-dimensional grid, where operations are performed on
adjacent qubits.

C. Tensor network simulation of surface code

The TN methods have emerged as one of the most powerful
and versatile numerical tools for the simulation of quantum
many-body systems. The central idea of TNs is to efficiently
compress the exponentially large Hilbert space by represent-
ing quantum states as networks of interconnected tensors,
which are multidimensional arrays. In this framework, each
tensor is depicted as a node with legs, where each leg corre-
sponds to an index, and the size of the leg, called the bond
dimension, determines the amount of elements stored in the
tensor. Connection of the legs represents the contraction of
the indices of the tensors, which is the process of summing
over the indices of the tensors. By using the representative
class of TNs, projected entangled pair states (PEPS) [46] and
matrix product states with matrix product operators (MPS-
MPO) [47] can be efficiently simulated with resources that
scale polynomially with the number of qubits [23].

To efficiently simulate the surface code using TNs, it
is essential to construct a TN representation of states or

(a)

(b)

(c)

FIG. 3. (a) TN representation of projectors �±g = (I ± g)/2.
(b) TN representation of d = 5 initial code state |0〉L . It can be made
from |0〉⊗25 by operating the X stabilizer projectors. It is because
|0〉⊗25 is already stabilized by the products of Z . (c) A conceptual
picture of the TN diagram of the likelihood p(m|α) calculation of
d = 3 surface code.

their processes. In QEC procedures, the projectors onto the
eigenspace of the stabilizer generators are crucial because
they are used to obtain code states and to simulate syndrome
measurements. For a given stabilizer generator g, this pro-
jector is given by �±g = (I ± g)/2, where I is the identity
operator. Each projector can be encoded as a tensor with bond
dimension two, as illustrated in Fig. 3(a). When we label
the horizontal leg indices by k connected by other tensors
and the vertical leg indices by i and j for the physical qubit
indices, the element of each tensor Mi jk is written as Mi jk =
δk,0Ii j + δk,1σi j , where σi j is the Pauli operator acting on the
physical qubit i and j corresponding to the stabilizer generator
g. Thus, the TNs represent the product of I for k = 0, the
product of X or Z for k = 1 following the stabilizer generator
g, and zero otherwise. All legs have bond dimension two, so
the representation is very efficient in terms of tensor network
representation.

In the code-capacity noise-model simulation, the whole
process of surface code simulation can be written as D ◦ M ◦
E (ρ0), where ρ0 is the initial code state such as |0〉L 〈0|, E is
the noise process, M is the process of syndrome measure-
ments, and D is the Pauli correction of decoding process.
Using the projectors �±g, we can represent the initial code
states |0〉L [see Fig. 3(b)]. The noise process E can be rep-
resented as the CPTP map of the density matrix and the
process can be represented by the tensor. The decoding pro-
cess D is the Pauli operation and can also be represented by
local tensors without any horizontal legs. Within the code-
capacity noise model, where measurement qubits are assumed
to be noiseless, the syndrome measurement process M can
be simulated by sequentially applying the projector tensors
�±g, without the need to explicitly represent the measurement
qubits in the TN. Each syndrome measurement is simulated
by evaluating p+g = Tr(�+gρ�+g) = Tr(�+gρ), which gives
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the probability of the +1 outcome for the stabilizer generator
g in the current quantum state ρ. The trace operation Tr(·)
corresponds to the contraction of the whole TNs. A random
number r uniformly distributed in [0,1] is generated to sim-
ulate the measurement outcome: if r < p+g, the outcome is
assigned as +1; otherwise, it is −1. The postmeasurement
state is then updated as ρ ← �+gρ/p+g or ρ ← �−gρ/(1 −
p+g), according to the outcome. By repeating the calculation
for all g ∈ Sg, the whole syndrome measurement process is
completed, and we obtain the syndrome measurement out-
comes m where mi is the syndrome measurement outcome of
the ith stabilizer generator gi. By omitting the explicit repre-
sentation of measurement qubits, the syndrome measurement
process can be simulated efficiently within the tensor network
formalism.

Applying this calculation method, we can obtain the
likelihood function p(m|α), where α are the parameters rep-
resenting the noise models Eα. The likelihood function is
expressed as p(m|α) = Tr[

∏
i�(migi )Eα(ρ0)] so it can be cal-

culated by preparing the TN representing the initial code state,
contracting the tensor networks representing noise process Eα

and the whole projector tensors corresponding to the measure-
ment outcomes m, and contracting whole TN like Fig. 3(c).

The time complexity for the exact calculation of the entire
TN by PEPS is O(d24d ). For large-scale surface code, we
have to introduce some approximation. By first contracting
physical legs, the TN forms a two-dimensional (2D) square
network, allowing us to use the boundary MPS-MPO cal-
culation techniques: the 2D square TNs can be regarded as
multiple layers of MPO sandwiched between MPS boundary
layers. In our simulations, we adopt a low-rank approximation
by truncating the bond dimension to a maximum value χ

during each contraction of an MPS with an MPO layer. This
approximation reduces the computational cost to O(d2χ3),
where χ is the maximum bond dimension. This allows surface
code simulations to scale nearly linearly with the number
of qubits. This simulator has been applied for the decoding
[17,48], and we used it to evaluate improvements of decoding
performance with our noise-model estimator. Furthermore,
this simulator is capable of handling not only Pauli noise
but also arbitrary noise, provided it can be expressed using
TN, making it well suited for our problem settings of general
noise-model estimation.

In the present formulation, several points should be noted.
The simulations explained here are based on the code-capacity
noise model, which assumes perfect, noise-free syndrome
measurements. However, in real devices, noise also affects the
syndrome measurements of ancilla qubits. Thus, the current
simulations are simplified by ignoring noise in syndrome mea-
surements. Incorporating more realistic noise models, such
as phenomenological or circuit-level noise models, requires
modifications to the TN simulations, making them more
complex. Specifically, we need to incorporate both tensors
representing the measurement qubits and their noise pro-
cesses. For noise-model estimation, we must contract tensors
corresponding to multicycle syndrome measurements to cal-
culate the likelihood function by adding the tensors in Fig. 3,
which is similar to the corresponding modification for error
correction process. While attention must be paid to the prac-
tical implementation of the TN simulator, these modifications

do not change its scaling with the number of qubits and may
not significantly degrade its practical utility.

III. METHODS

A. Bayesian inference of noise model based on syndrome
measurements statistics

First, we have to set objective functions to perform esti-
mations. In our case, the results of syndrome measurements,
m0:n−1 = {m0, m1, . . . , mn−1}, are the only information we
have. Here, n is the number of cycles of syndrome measure-
ments, and mi is the set of one-cycle syndrome measurement
results, so if we consider L × W surface code, the number of
elements in mi is L × W − 1. The noise model is parametrized
by a set of parameters α, even in the case of general noise
models. From the viewpoint of Bayesian inference, estimation
is performed using the conditional probability distribution
p(α|m0:n−1). The conditional probability p(α|m0:n−1) is also
called the posterior distribution in Bayesian inference. We
calculate the posterior distribution using Bayes’ theorem:

p(α|m0:n−1) = p(m0:n−1|α)p(α)

p(m0:n−1)

= p(m0:n−1|α)p(α)∫
dα p(m0:n−1|α)p(α)

∝ p(m0:n−1|α)p(α), (3)

where p(α) is the prior distribution and p(m0:n−1|α) is the
likelihood function. In the Bayesian inference, we initially set
the prior distribution p(α), and by multiplying this with the
likelihood p(m0:n−1|α), we refine the posterior function and
enhance the estimation results. The prior distribution can be
chosen based on prior knowledge of the noise model. In this
work, we employ a uniform prior over a restricted range to
avoid unpractical solutions. Certain parameters yield identi-
cal syndrome statistics and they are indistinguishable from a
statistical perspective. For example, noise models with prob-
ability p of X Pauli errors yield the same syndrome statistics
as ones with probability 1 − p. Thus, without an appropriate
prior, both solutions are indistinguishable from a statistical
perspective. By the prior, we can select the solution that is
more practically reasonable, in this case, the one with p � 0.5.

After calculating the posterior distribution, we can analyze
the estimation results by observing the whole landscape of the
distribution or statistics computed from the distribution. We
have several choices for statistics, but we chose the expected
a posterior (EAP) estimator for evaluating results, which is
defined as α∗ = ∫

dα αp(α|m0:n−1).

B. Markov chain Monte Carlo for stationary noise model

In practical situations, the posterior distribution p(α|m)
cannot be evaluated analytically. Therefore, sampling-based
methods must be employed for its estimation. Among these,
MCMC sampling is a fundamental and particularly effective
tool for Bayesian inference. The most widely used MCMC
algorithm is the Metropolis-Hastings (M-H) algorithm [37],
which allows sampling from an unnormalized target distribu-
tion. In the context of Bayesian inference, we can sample from
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ALGORITHM 1. Bayesian inference using MCMC for station-
ary noise model.

the posterior distribution without knowing the normalization
factor p(m0:n−1) but only the likelihood p(m0:n−1|α) and the
prior distribution p(α) according to Eq. (3). In our methods,
we calculate the likelihood using the TN simulation. Gener-
ally, the time complexity of approximate TN calculation is
scaling linearly with the number of qubits, so the Bayesian
inferences based on MCMC sampling are efficient. In the
present paper, we used the simulator for the surface code
in Sec. II C. The whole algorithm is given in Algorithm 1.
Here, the burn-in time s refers to the number of initial sam-
ples that are discarded to ensure that the remaining samples
are representative of the posterior distribution. The proposal
distribution q(α′,α) is used to generate candidate states in the
M-H algorithm.

In this algorithm, we set the proposal distribution as
q(α′,α) = q(α,α′) so that the detailed balance condition is
satisfied. The detailed balance condition requires that the
transition probabilities between any two states are balanced,
which guarantees convergence to the target distribution. This
method can be applied to more general noise models than
Pauli noise models, as the likelihood can be calculated by the
TN simulator.

There are several important considerations for our MCMC
and TN methods. One is that, unlike perfect sampling, MCMC
samples generally exhibit autocorrelation between samples
obtained in the same chain. So, we have to collect many
samples and thin out samples to reduce the dependency of
initial distribution. Second is the error in the estimates. For
MCMC, there are some statistical errors. Furthermore, for TN,
there is a truncation error in the approximate contraction of
the TN. To evaluate the accuracy of the estimates, we have
to consider both of them. Third, the MCMC method is not
suitable for the time-varying noise models, which are more
realistic in quantum devices [26,27]. To deal with them, we
developed another method based on the SMC.

C. Sequential Monte Carlo for time-varying noise model

In QEC, we can get results of syndrome measurements se-
quentially. The form of QEC and the decode performance are
influenced by the information of the noise model. However, in
realistic situations, the noise models vary over time. So, con-
tinuously updating the noise-model information is essential to
improve QEC performance. Such sequential estimations can
be realized by the SMC [40,41,49], which is also called the
particle filter.

First, we explain the problem setting for time-varying
noise-model estimation. For the time-varying case, the noise-
model parameters are described as {α0,α1, . . . ,αn−1} and we
assume the Markov process, that is, each parameter depends
only on its immediate predecessor. Syndrome measurements
mi can be obtained sequentially which are generated accord-
ing to p(mi|αi ). Our goal is to estimate the latest αi based
on the sequence of previous syndrome measurement results
m0:i = {m0, m1, . . . , mi}. In the Bayesian inference, this is
achieved by calculating the posterior distribution p(α0:i|m0:i )
and the marginal distribution p(αi|m0:i ).

To simulate the posterior distribution continuously, we use
the SMC. In the SMC, the weighted particles are utilized to
represent the posterior distribution p(α0:i|m0:i ) as a product
of weight function w(α0:i ), called importance weight, and
proposal distribution π (α0:i|m0:i ) like

p(α0:i|m0:i ) = w(α0:i )π (α0:i|m0:i ). (4)

Thus, N weighted particles {α( j)
0:i } ( j = 1, . . . , N) sampled

from π (α0:i|m0:i ) with weights w(α0:i ) can be used to approxi-
mate the posterior distribution p(α0:i|m0:i ). Here, the proposal
distribution π (α0:i|m0:i ) can be chosen according to prior
knowledge or convenience, while the weight function w(α0:i )
is updated based on the observed data. When evolving the
particles according to the proposal distribution with obtained
syndrome measurement results recursively like

π (α0:i|m0:i ) = π (α0:i−1|m0:i−1)π (αi|α0:i−1, m0:i )

= π (α0)
i−1∏
j=0

π (α j+1|α0: j, m0: j+1), (5)

the importance weight w(α0:i ) will be updated recursively as

w(α0:i ) = p(α0:i|m0:i )

π (α0:i|m0:i )

= w(α0:i−1)
p(αi, mi|α0:i−1, m0:i−1)

p(mi|m0:i−1)π (αi|α0:i−1, m0:i )

∝ w(α0:i−1)
p(mi|αi )p(αi|αi−1)

π (αi|α0:i−1, m0:i )
, (6)

which is derived from the Markov process of mi and αi. This
allows for rapid calculation of weights using the likelihood.

To consider such a sequential weight update, we have
to deal with excessive weight degeneracy. In SMC, there is
a well-known approach: resampling. There are four famous
resampling methods: multinomial, stratified, systematic, and
residual resampling [40,49–52]. Their time complexities are
O(N ) or O(N ln N ). Among various resampling methods, the
recommendation for the first choice is systematic resampling
because it exhibits good performance in many cases [53,54].
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ALGORITHM 2. Systematic resampling.

In the present work, we mainly use the systematic resampling
method. The systematic resampling algorithm is given in Al-
gorithm 2.

Its conceptual diagram is shown in Fig. 4 to facilitate
an understanding of one-cycle evolution of weighted parti-
cles. If the proposal distribution π (αi|α0:i−1, m0:i ) equals the
prior distribution p(αi|αi−1), the weight will be w(α0:i ) ∝
w(α0:i−1)p(mi|αi ) and we can calculate the weight by only
using the likelihood. Such a choice of proposal distribution is
called a bootstrap filter [49,55] and is often used in realistic
situations. It is used in our method.

Our method for estimating time-varying noise is based
on SMC and the bootstrap filter. To use the bootstrap filter,
we must choose the proposal distribution according to the
system models of applied noise. Due to experimental efforts,
the noise-model parameters are regulated to ensure gradual
changes rather than abrupt fluctuations. Using a random walk
distribution as the proposal distribution is a common approach
for tracking slowly varying parameters and is well suited to
our scenario.

SMC has several advantages. One of them is the ease
of implementing parallel computing. We can trivially paral-
lelize the updating process of SMC by distributing particles to
many processors. On the other hand, the resampling process
requires communication between processors. Optimizing the
interval for resampling based on some criterion unlike Fig. 4
is recommended for efficiency. An effective particle number
1/

∑
j (w

( j)
i )2 is often used for the criterion of resampling, but

FIG. 4. Conceptual diagram of updates of weighted particles for
one-cycle results in SMC.

ALGORITHM 3. Bayesian inference using SMC for time-
varying noise model.

it requires additional communication between processes. In
the present simulation, we use a constant resampling interval
instead of the effective particle number.

On the other hand, SMC has some disadvantages. One
is the sampling bias inherent in the syndrome measurement
results. Additionally, the sampling bias inherent in syndrome
measurements impacts the accuracy of our estimations. The
relation between syndrome measurements and noise models
is not simple and probabilistic. To reduce the sampling bias,
we must accumulate many results from the syndrome mea-
surement. For that purpose, we introduce smoothing processes
using near-past data: the estimate is evaluated by not only
the EAP estimator of the latest particles but also the near-
past EAP estimators. To sum up, our method based on the
bootstrap filter is described in Algorithm 3. Second, SMC is
based on the Markov process and, therefore, cannot be directly
applied to non-Markovian noise models. Unfortunately, there
are some noise sources in quantum devices that are non-
Markovian [56–58]. To accommodate such cases, our method
must be extended to handle non-Markovian dynamics [59,60].
Although SMC is theoretically inapplicable to non-Markovian
processes, in practice these effects can be approximated by
augmenting the weighted particles with additional parameters
that retain information from recent past configurations. The
degree of non-Markovianity that can be captured depends on
the depth of the incorporated temporal history.

D. Comparison with previous works based on Pauli
noise models

In the previous works, there are some methods to esti-
mate Pauli noise models [28–30]. Of course, our methods
can be applied to the Pauli noise models by the TN sim-
ulator to calculate the likelihood. By restricting the noise
model to Pauli noise, we can use the characterization of
the stabilizer code and the Pauli noise models directly. For
example, in Ref. [28], the estimation is realized by com-
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bining the EM algorithm and the belief propagation, which
uses the properties of the stabilizer code and Pauli noise
models. In Ref. [29], the estimability of the Pauli noise
model based on the syndrome statistics is discussed precisely
by Boolean Fourier analysis based on the calculus of Pauli
noise channels. In Ref. [30], the estimation is realized by
averaged circuit eigenvalue estimation, which is applicable
to the Clifford circuits and Pauli noise models. It can be
said that such methods can offer faster estimation and more
general estimability analysis than our framework based on
MCMC and SMC by sacrificing the generality of the noise
model. The generalization of the noise model is one of the
most significant advantages of our proposed methods and
valuable because the noise model in quantum devices is not
limited to Pauli noise [2]. However, it should be noted that the
syndrome statistics depend on the initial logical information
when considering the general noise models, which is not the
case for the Pauli noise models. In the case of Pauli noise
models, the syndrome statistics are independent of the ini-
tial logical information, so the estimation can be performed
without considering the initial logical information. On the
other hand, noisemodel estimations for general noise models
must consider the initial logical information, which leads to
more complex estimation processes or limits the practical
usability.

Another point to note about the comparisons between Pauli
noise models and general noise models is the randomized
compilation [35], and by using it, the general noise models
are projected to the Pauli noise models, which is often pointed
out as the reason why the Pauli noise estimations are enough.
Especially, for stabilizer codes, randomized compilations can
be applied by just adding operations which do not require
quantum gates operation on real devices but only classical
processing of modifying the Pauli frame [35,44,61]. However,
it needs additional discussion about its practical usefulness.
In principle, the exact randomized compilation requires ex-
ponential overhead in the number of noise channels. In the
works related to the randomized compilation [35,62–64], they
show successful results of the randomized compilation, but
their experiments are limited to a much smaller program size
than one of fault-tolerant quantum computing. It is not clear
whether the randomized compilation is practically useful,
and the general noise-model estimation is still important to
develop.

IV. NUMERICAL EXPERIMENTS

In this section, we show the results of numerical experi-
ments with our proposed method, the Bayesian noise-model
estimation based on the TN simulation of the surface code,
and the Monte Carlo sampling technique.

A. Results of Markov chain Monte Carlo for stationary
noise models

We explain and discuss the results for the stationary noise
models using MCMC explained in Algorithm 1. This method
is supposed to be used for the calibrations or discussion of
estimability.

1. One-parameter uniform noise models

First, we show the results for the uniform one-parameter
noise-model case. We consider the three noise models: ampli-
tude damping (AD), phase damping (dephase), and systematic
rotation (SR) along the z axis. These three noise models are
described as

EAD(ρ) = K0ρK†
0 + K1ρK†

1 ,

K0 = |0〉 〈0| +
√

1 − γ |1〉 〈1| ,
K1 = √

γ |0〉 〈1| ,
(7)

Edephase(ρ) = K0ρK†
0 + K1ρK†

1 ,

K0 = |0〉 〈0| +
√

1 − p |1〉 〈1| ,
K1 = √

p |1〉 〈1| , (8)

and

ESR(ρ) = e−iθZρeiθZ , (9)

respectively. The size of the surface code is d × d , which
has the code distance d , and n denotes the number of sets of
syndrome measurements. In these numerical experiments, the
initial state is set to ρ0 ∝ |0〉L 〈0| + |1〉L 〈1|. The estimation
results are summarized in Fig. 5.

We set the burn-in time and the total MCMC steps to
500 and 103, respectively. Independent estimations for each
parameter were performed 20 times for d = 7 and 50 times
for the other cases to estimate the sampling bias of syndrome
measurements. The TN simulator did not use any approxi-
mation, so this is the optimal estimation for TN contraction
approximation. We find that all the estimations are successful,
as seen in Fig. 5. The error bars in the figures mainly represent
the sampling bias of syndrome measurements. The size of the
error bars should be inversely proportional to the

√
n, where n

is the total count of syndrome measurements. We can confirm
this behavior in the figures.

The estimation results for the systematic rotation have
smaller errors compared with the others. It comes from the
difference in noise parameters representing noise models.
The range of noise-model parameters β of amplitude- and
phase-damping models are 0 � β � 1. On the other hand,
the noise-model parameter of systematic rotation has cycle
π/2. This is why systematic rotation error bars are smaller
than the other noise models. Second, for some initial val-
ues, the estimation sometimes fails. The reason is that the
likelihood function for the systematic rotation noise models
is multimodal, as shown in Fig. 6. The estimation based on
the MCMC and EAP estimator is not suitable for multimodal
functions. In such situations, we must set the prior distribution
to let the posterior distribution be a single modal.

To discuss the accuracy of the tensor network approx-
imation, we did extra experiments for amplitude damping
with noise-model parameter 0.15. The results are presented
in Fig. 7. The number of sets of syndrome measurements is
n = 102, and χ is the maximum bond dimension for the low-
rank approximation of TN contraction.We can see clearly that
the larger code has smaller errors. As for the effect of maxi-
mum bond dimension, we can see a systematic bias for small
χ . However, as we increase χ , the low-rank approximation
becomes more and more accurate, and the bias is negligible
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FIG. 5. Results of estimation for the one-parameter uniform noise models: (a) amplitude damping, (b) phase damping, and (c) systematic
rotation.

for χ = 8 in this case. The required bond dimension shown
in Fig. 7 is consistent with the previous works [17,23], which
demonstrate that even for larger system sizes, such as d = 9
and d = 11, the bond dimension remains stable at around
χ = 8. This suggests that the bond dimension does not sig-
nificantly increase with larger system sizes, indicating that the
TN contraction can be efficiently performed even for larger
codes. Therefore, while careful consideration of the required
bond dimension for noise-model estimation is necessary, the
required bond dimension is expected to be manageable for
practical applications.

2. Two-parameter uniform noise models

In this section, we try to estimate the two-parameter noise-
model cases. We consider AD + dephase noise models and
generalized amplitude damping (GAD) noise models. AD +
dephase is the combination of the amplitude-damping and
phase-damping noise models, and the CPTP map is described
as Edephase ◦ EAD(ρ). GAD is defined as

EGAD(ρ) =
3∑

i=0

KiρK†
i ,

K0 = √
p(|0〉 〈0| +

√
1 − γ |1〉 〈1|),

K1 =
√

1 − p(
√

1 − γ |0〉 〈0| + |1〉 〈1|),

FIG. 6. Likelihood function p(θ |m) of the systematic rotation
noise model calculated for the samples m ∼ p(m|θ = 0.25π ).

K2 = √
γ p |0〉 〈1| ,

K3 =
√

γ (1 − p) |1〉 〈0| . (10)

The results for the AD + dephase noise model are shown
in Fig. 8, where the number of syndrome measurement sets
is n = 102. We observe that the parameter estimation was
successful. As expected, the error bars are larger compared to
the one-parameter estimation case. To achieve a similar level
of accuracy in multiparameter estimations, a larger number of
syndrome measurement results is required.

Next, we attempted parameter estimation for the GAD
noise model, but the estimation failed, as shown in Fig. 9.
While the parameter corresponding to the strength of ampli-
tude damping can be estimated, the parameter representing
the directionality of the damping transitions—i.e., whether the
transition occurs from |0〉 to |1〉 or vice versa—cannot be ac-
curately determined. The underlying reason is made clear by
the heatmap of the likelihood function in Fig. 10. In the AD +
dephasing case, the likelihood function exhibits a sharp peak,
allowing for precise parameter estimation. In contrast, in the
GAD case, the likelihood exhibits much weaker dependence
on p compared to γ . This disparity hinders reliable estima-
tion of p, even when the prior distribution is optimized. This

FIG. 7. Dependence of estimation results on code size and max-
imum bond dimension for amplitude damping with γ = 0.15. All
plotted values are divided by γ = 0.15.
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FIG. 8. Results of estimation of the AD + dephase noise model.
The green stars in the figures represent the true model parameters.

estimability issue lies in the dependence of the noise-model
parameters on the noise map. The explicit expressions of the
one-qubit noisy state ρ after noise map Edephase ◦ EAD(ρ) and
EGAD(ρ) are

Edephase ◦ EAD(ρ)

=
(

ρ00 + γ ρ11 ρ01
√

1 − γ
√

1 − p

ρ10
√

1 − γ
√

1 − p ρ11(1 − γ )

)
(11)

and

EGAD(ρ)

=
(

[1−γ (1−p)]ρ00 + γ pρ11 ρ01
√

1−γ

ρ10
√

1−γ (1−γ p)ρ11 + γ (1−p)ρ00

)
.

(12)

The code-capacity noise model can be expressed as a syn-
drome extraction process followed by the noise map E and
the likelihood function pE (m) and is calculated as follows:

p(m|α) = Tr

[∏
i

1

2
(I + migi )E (ρn)

]
(13)

= 1

2n−1

∑
Si∈S

f (m, Si )Tr[SiE (ρn)], (14)

(a) (b)

FIG. 9. Results of one-parameter estimation for the GAD noise-
model parameters: (a) estimation of γ with fixed p = 0.9 and
(b) estimation of p with fixed γ = 0.1.

(a) (b)

FIG. 10. Heatmaps of likelihood functions p(m|α) for (a) AD +
dephase and (b) GAD. The code size is 5 × 5, and the number of
syndrome measurement sets n is 104. The green stars represent the
true model parameters.

where n is the number of qubits, S is the stabilizer group
for the given code, and f (m, Si ) is the function that returns
the syndrome measurement result ±1 for Si calculated from
the results m for the stabilizer generator. From the above
equations, we can evaluate the dependency of the likelihood
function on the noise-model parameters from Tr[SiE (ρ)].
To evaluate the dependency of the parameter in the AD +
dephase noise model and GAD more clearly, we will fo-
cus on the evaluations of the trace of the one-qubit map
px = Tr[XE (ρ)], py = Tr[YE (ρ)], and pz = Tr[ZE (ρ)] for
rough and intuitive understanding. For the AD + dephase
noise model, we can see that the trace of the one-qubit
map is

px = 2
√

1 − γ
√

1 − p Re(ρ10), (15)

py = 2
√

1 − γ
√

1 − p Im(ρ10), (16)

pz = ρ00 + (2γ − 1)ρ11. (17)

On the other hand, for the GAD noise model, we can see that
the trace of the one-qubit map is

px = 2
√

1 − γ Re(ρ10), (18)

py = 2
√

1 − γ Im(ρ10), (19)

pz = [1 − 2γ (1 − p)]ρ00 + (2γ p − 1)ρ11. (20)

When the γ value is small, we can see that the de-
pendence of p is stronger for the AD + dephase noise
model than for the GAD noise model. For the AD +
dephase noise model, the dependence of p is not weak be-
cause of ∂ px/∂ p = −√

1 − γ Re(ρ10)/
√

1 − p and ∂ py/∂ p =
−√

1 − γ Im(ρ10)/
√

1 − p. On the other hand, for the GAD
noise model, the dependence of p is weak because of
∂ px/∂ p = ∂ py/∂ p = 0 and ∂ pz/∂ p = 2γ (ρ00 + ρ11). It im-
plies that the noise-model parameter p in the GAD noise
model is more difficult to estimate than the one in the AD +
dephase noise model, which is consistent with the results in
Fig. 10. In general, the estimability of noise-model parameters
is difficult to evaluate and it will remain an open problem.
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FIG. 11. Dependence of decoder performance on the noise pa-
rameters of the GAD model. The decoder performance is evaluated
by the expected diamond norm distance ||D ◦ M ◦ E − I||�, com-
puted from 105 samples of syndrome measurements, and is plotted
as the deviation from the optimal value. Each plot corresponds to a
different combination of code size and noise parameter: purple for γ

with a 7 × 7 code, orange for p with a 7 × 7 code, green for γ with
a 5 × 5 code, and red for p with a 5 × 5 code.

Finally, we discuss the impact of the GAD noise-model
parameters on decoding performance, as shown in Fig. 11.
The results indicate that the dependence on p is significantly
weaker than that on γ , even for small code sizes. Regarding
code size, the influence of γ becomes more pronounced as
the code size increases, whereas the effect of p remains nearly
constant regardless of code size. We therefore conclude that,
for practical code sizes such as d = 20, the decoder perfor-
mance is much more sensitive to variations in γ than in p. This
behavior is consistent with the fact that both the proposed pa-
rameter estimation and the maximum-likelihood decoding are
governed by the structure of the likelihood function, which it-
self exhibits stronger dependence on γ . To summarize, certain
noise-model parameters are inherently difficult to estimate;
however, their impact on decoding performance is relatively
minor and can often be neglected in practical applications.

3. Nonuniform case

Next, we show the results for the nonuniform noise-model
cases, where the noise-model parameter depends on the qubit
position. The code size is 3 × 3, and the target noise model is
the nonuniform amplitude noise model with γi j = 0.05(3i +
j + 1) for qubit at (i, j). The results are put together in
Fig. 12. We can see the estimation of nonuniform noise param-
eters was successful. However, more syndrome measurement
results are needed to achieve a similar accuracy to the uniform
case, Fig. 5(a).

B. Results of sequential Monte Carlo for time-varying
noise models

In this section, we show the estimation results by using the
TN simulator and SMC (Algorithm 3) for time-varying noise

FIG. 12. Results of estimation for nonuniform noise model. The
code size is 3 × 3, and the noise model is the amplitude-damping
noise model with γi j = 0.05(3i + j + 1) for qubit at (i, j).

models, which are more realistic situations than the previous
section.

1. Amplitude-damping noise model and the effect
for decoder performance

First, we show the results for the time-varying amplitude-
damping noise models. We choose noise-model parameters as
a sin-like function as γ (t ) = a[b + sin(2πωt )] with a = 0.15,
b = 1.1, and ω = 10−4. The posterior distribution is a random
walk distribution in Algorithm 3. The results are presented
in Fig. 13. We can see that the estimated parameters track
the time-varying noise-model parameter reasonably well. As
with previous estimation results, the larger the code size is,
the more accurate the estimations are.

Next, we consider the line-like time-varying noise model
and discuss the influence of estimations on decoding perfor-
mance. The noise-model parameter is taken as γ (t ) = a + bt
with a = 0.2 and b = 10−5. The estimation results are shown

FIG. 13. Results of estimation using SMC of sin-like time-
varying noise-model parameter of amplitude damping. The color
range represents fluctuation before the smoothing process. The num-
ber of particles is N = 1280, the resampling interval is T = 10, and
the smoothing time is ts = 20. The contraction of the TN is taken
exactly.
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(a)

(b)

FIG. 14. Results of estimation for line-like time-varying noise
model and decode performance for code size 5 × 5, the number
of particles N = 1280, resampling interval T = 10, and smoothing
time ts = 40. (a) Estimation results of the time-varying noise-model
parameter for ten different trials. Each translucent line represents the
estimation result of each trial. (b) Difference from optimal perfor-
mance of decoder performance using accurate knowledge of noise
model for four patterns: (purple) TN decoder using estimation result,
(yellow) TN decoder using estimation result assuming Pauli noise
models, (green) TN decoder fixing the noise-model parameter to
initial value γ = 0.2, and (red) simple MWPM decoder without
noise-model information. The smaller results are better. Each point
is calculated by the expected values of diamond distance ||D ◦ M ◦
E − I||� over ten different trials, calculated from 105 samples. The
initial point of the green line is omitted because the performance
is perfectly matched with the optimal result. The performance TN
simulations do not use any approximation.

in Fig. 14(a) and comparisons of decoding performance under
various situations are shown in Fig. 14(b).

We can see that the estimations can track the time-varying
noise parameter very well in Fig. 14(a). In Fig. 14(b), using
the estimation results, the TN decoder can outperform the
TN decoder without the update of noise-model parameters,
which is the green line, and the simple MWPM decoder with-
out noise-model information, which is the red line. To claim

FIG. 15. Results of estimation for time-varying nonuniform
noise-model case. Each line denotes the results for each qubit. The
code size is 3 × 3, and the noise models are the amplitude-damping
noise models whose parameters are γi j (t ) = a(3i + j + 1) + bt with
a = 0.05 and b = 10−6 for qubit at (i, j). TN simulations do not use
any approximation.

the need for estimation beyond the Pauli noise models, we
also perform our estimation assuming the Pauli noise models,
which is the yellow line. We can see that the decoding per-
formance of the main method is better than that of the Pauli
noise models. Thus, we conclude that selecting the appropri-
ate noise model highly affects the decoding performance of
the TN decoder, and noise-model estimation for general noise
models is necessary.

2. Nonuniform case

Our SMC estimator method is expected to work well
for estimating multiparameter noise models as the MCMC
estimator. In this section, we present the results for the nonuni-
form line-like noise models. The noise model is set as γi j (t ) =
a(3i + j + 1) + bt with a = 0.05 and b = 10−6 for qubit at
(i, j). The results are shown in Fig. 15. The results demon-
strate that the noise model is successfully estimated, even in
the case of a multiparameter nonuniform noise model.

V. SUMMARY AND FUTURE ISSUES

In this paper, we propose noise-model estimation methods
based on syndrome measurement results using the TN and
Monte Carlo methods. As seen in Sec. IV, the proposed meth-
ods work well for various noise models. The TN simulator
of the surface code can efficiently simulate arbitrary noise
models for physical qubits. Thus, the proposed estimation
method can be applied to a broader range of noise models than
just the Pauli noise models. This work is expected to broaden
the study of decoding algorithms that utilize general noise
models, thereby accelerating the realization of fault-tolerant
quantum computing.

The proposed methods are based on Bayesian inference.
Thus, even when the assumed noise model differs from the
actual noise model in the device, the estimation can still work,
and its outcomes are evaluated probabilistically. Through
evaluating the uncertainty of the estimation, we may use it
for noise-model selection [65,66], which will contribute to the
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improvement of the decoding performance as demonstrated
in Fig. 14. It is one of the advantages of using Bayesian
inference not found in point estimations. While the proposed
methods, in principle, can apply to arbitrary noise models, we
found that some noise models, such as the generalized ampli-
tude damping, cannot be estimated. It is natural because the
estimations are based on the syndrome measurement results
and initial logical information that cannot give us complete
information about the quantum process. From the perspec-
tive of efficient maximum-likelihood surface code decoding,
however, this may not pose a significant disadvantage. Since
the estimability of each noise-model parameter is determined
by its contribution to the likelihood function in Bayesian in-
ference, a reduced impact implies that the precise values of
these parameters are not always critical for likelihood-based
decoding calculations.

Several factors determine the estimation accuracy in the
proposed noise-model estimation schemes. One is the statis-
tical fluctuation in the posterior distribution due to the finite
number of samples of the syndrome measurements. The sec-
ond is the statistical error resulting from the finite Monte Carlo
steps in MCMC and the finite number of particles in SMC. To
reduce the statistical error, for the SMC methods, the choice
of the proposal distribution is crucial. In this paper, we use
the random walk distribution, which is a simple choice. If
the proposed distributions catch the time-varying trend more,
the estimations will be more accurate. For MCMC methods,
we can use more sophisticated methods, such as the exchange
Monte Carlo method [67,68]. Such exchange Monte Carlo
methods can also deal with the multimodal likelihood function
that appears in our numerical results. The last is the system-
atic bias from the low-rank tensor approximation. We must
appropriately optimize the hyperparameters to achieve accu-
rate estimations. However, we can eliminate the last one, the
systematic bias in tensor approximation, by using the Monte
Carlo sampling in tensor network contraction [69,70]. Our
proposed estimation methods have already been developed
by combining the TN and Monte Carlo techniques. Thus,
integrating the tensor network Monte Carlo sampling method
into our framework must be straightforward.

As for the estimation time, Monte Carlo simulations gen-
erally take a long time. It is possible to shorten the estimation

time by parallelizing the likelihood calculation, distributing
SMC particles to many computation nodes, and introducing
efficient low-rank approximation in the TN method. However,
it may not be enough for practical QEC, as the decoding time
should be shorter than the decoherence time. There might be
two options to overcome such difficulties. One is to utilize
a subset of the syndrome measurement results instead of the
entire dataset, effectively thinning out the data. Another is
to restrict our simulation code size and divide the results
of syndrome measurements. If the noise models can be es-
timated accurately for a smaller code, e.g., 3 × 3, dividing
the measurement results can accelerate the TN simulation and
improve the performance by using parallelization.

It should also be noted that our evaluated noise models
are code-capacity noise models with Markovian behavior.
However, in practical scenarios, evaluating syndrome mea-
surement errors within phenomenological or circuit-level
noise models and the non-Markovian noise model is crucial.
To address these issues, our future work will focus on extend-
ing the proposed methods to handle such noise models: TN
methods and Monte Carlo methods for phenomenological and
circuit-level noise models, or non-Markovian noise models.

ACKNOWLEDGMENTS

This work was supported by the Center of Innovation for
Sustainable Quantum AI, JST Grant No. JPMJPF2221, and
JSPS KAKENHI Grants No. 20H01824 and No. 24K00543.
T.K. acknowledges the support of JST SPRING Grant No.
JPMJSP2108. The computation in this work has been partially
done using the AI cluster system at the Institute for Physics of
Intelligence, the University of Tokyo, and the facilities of the
Supercomputer Center, the Institute for Solid State Physics,
the University of Tokyo.

DATA AVAILABILITY

The data that support the findings of this study are available
from the corresponding author upon reasonable request.

[1] R. P. Feynman, Simulating physics with computers, Int. J.
Theor. Phys. 21, 467 (1982).

[2] M. A. Nielsen and I. L. Chuang, Quantum Computation
and Quantum Information (Cambridge University, Cambridge,
2010).

[3] P. W. Shor, Polynomial-time algorithms for prime factorization
and discrete logarithms on a quantum computer, SIAM Rev. 41,
303 (1999).

[4] A. W. Harrow, A. Hassidim, and S. Lloyd, Quantum algorithm
for linear systems of equations, Phys. Rev. Lett. 103, 150502
(2009).

[5] G. H. Low and I. L. Chuang, Optimal Hamiltonian simulation
by quantum signal processing, Phys. Rev. Lett. 118, 010501
(2017).

[6] A. Steane, Multiple-particle interference and quantum error
correction, Proc. R. Soc. London A 452, 2551 (1996).

[7] A. Kitaev, Fault-tolerant quantum computation by anyons, Ann.
Phys. (NY) 303, 2 (2003).

[8] S. B. Bravyi and A. Y. Kitaev, Quantum codes on a lattice with
boundary, arXiv:quant-ph/9811052.

[9] E. Dennis, A. Kitaev, A. Landahl, and J. Preskill, Topological
quantum memory, J. Math. Phys. 43, 4452 (2002).

[10] S. Krinner, N. Lacroix, A. Remm, A. Di Paolo, E. Genois,
C. Leroux, C. Hellings, S. Lazar, F. Swiadek, J. Herrmann,
G. J. Norris, C. K. Andersen, M. Müller, A. Blais, C. Eichler,
and A. Wallraff, Realizing repeated quantum error correction
in a distance-three surface code, Nature (London) 605, 669
(2022).

052448-12

https://doi.org/10.1007/BF02650179
https://doi.org/10.1137/S0036144598347011
https://doi.org/10.1103/PhysRevLett.103.150502
https://doi.org/10.1103/PhysRevLett.118.010501
https://doi.org/10.1098/rspa.1996.0136
https://doi.org/10.1016/S0003-4916(02)00018-0
https://arxiv.org/abs/quant-ph/9811052
https://doi.org/10.1063/1.1499754
https://doi.org/10.1038/s41586-022-04566-8


BAYESIAN INFERENCE OF GENERAL NOISE-MODEL … PHYSICAL REVIEW A 112, 052448 (2025)

[11] R. Acharya et al. ( Google Quantum AI), Suppressing quantum
errors by scaling a surface code logical qubit, Nature (London)
614, 676 (2023).

[12] R. Acharya et al. ( Google Quantum AI), Quantum error cor-
rection below the surface code threshold, Nature (London) 638,
920 (2025).

[13] D. Bluvstein, S. J. Evered, A. A. Geim, S. H. Li, H. Zhou, T.
Manovitz, S. Ebadi, M. Cain, M. Kalinowski, D. Hangleiter,
J. P. B. Ataides, N. Maskara, I. Cong, X. Gao, P. S. Rodriguez,
T. Karolyshyn, G. Semeghini, M. J. Gullans, M. Greiner, V.
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