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Maximizing the computational utility of near-term quantum processors requires predictive noise mod-
els that inform robust, noise-aware compilation and error mitigation. Conventional models often fail
to capture the complex error dynamics of real hardware or require prohibitive characterization over-
head. We introduce a data-efficient framework that first constructs a physically motivated, parameterized
noise model, and subsequently employs machine-learning-driven Bayesian optimization to identify its
parameters. Our approach circumvents costly characterization protocols by estimating algorithm- and
hardware-specific error parameters directly from readily available experimental data derived from exist-
ing application and benchmark circuit executions. The generality and robustness of the framework are
demonstrated across diverse algorithms and superconducting devices, yielding high-fidelity predictions by
estimating an independent parameter set tailored to each specific algorithm-hardware context. Crucially,
we show that a model calibrated exclusively on small-scale circuits accurately predicts the behavior of
larger validation circuits. Our data-efficient approach achieves up to a 65% improvement in model fidelity
quantified by the Hellinger distance between predicted and experimental circuit output distributions, com-
pared to standard noise models derived from device properties. This work establishes a practical paradigm
for application-aware noise characterization, enabling compilation and error-mitigation strategies tailored
to the specific interplay between quantum algorithms and device-specific noise dynamics.

DOI: 10.1103/5r9m-y6z6

I. INTRODUCTION

Quantum computing offers a significant opportunity to
address complex optimization problems. In the current
noisy intermediate-scale quantum era [1], variational algo-
rithms exemplified by the quantum approximate optimiza-
tion algorithm (QAOA) [2] and the variational quantum
eigensolver (VQE) [3] have been explored for diverse
applications, including portfolio optimization [4], unit
commitment in power systems [5], and quantum chem-
istry [6]. Superconducting circuits [7,8] have emerged as
a leading platform because they benefit from established
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microchip manufacturing techniques and offer fast operat-
ing times. However, the practical utility of these devices
is constrained by noise mechanisms and hardware limita-
tions that hinder the algorithm’s performance. To enhance
the reliability of quantum applications on such devices,
noise-aware compilation has become an essential strategy.
Quantum compilation translates quantum algorithms into
sequences of physical operations that can be executed on
a target backend. This process ensures that algorithms sat-
isfy the hardware’s intrinsic constraints and optimizes the
circuit to minimize the impact of errors. Specifically, the
compilation needs to adapt the algorithm to the device’s
limited qubit connectivity and small set of supported gates,
also referred to as basis gates, by inserting SWAP gates and
decomposing operations in algorithms into the device’s
basis gate set. This is enabled by compilers supported by,
e.g., Qiskit [9], TKET [10], and Munich quantum toolkit
[11,12]. Beyond ensuring basic executability, noise-aware
compilation aims to maximize the fidelity of the compiled
circuit. To achieve this, the compiler needs an accurate
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model of the device’s error characteristics, which often
vary over time [13]. This model guides strategic decisions,
including selecting a subset of high-fidelity qubits for
execution, optimizing the routing of logical qubits to mini-
mize noise accumulation [14–16], and choosing between
different gate sequences that, while logically equivalent,
may exhibit varying resilience to noise [17] and other
imperfections like Trotter errors [18–20].

An accurate and predictive noise model is essential
for achieving effective noise-aware compilation. However,
constructing error models for real hardware presents a
significant trade-off between model fidelity and experi-
mental cost. Traditional error models, such as those offered
by hardware vendors, typically assume independent Pauli
noise channels that fail to capture the intricate dynam-
ics inherent to real hardware. In practice, superconducting
quantum devices exhibit spatially and temporally cor-
related errors [21–23], non-Markovian memory effects
[24–26], and time-varying decoherence parameters [27].
Conversely, while comprehensive characterization tech-
niques like quantum process tomography [28] can capture
these intricate effects, they are resource intensive and
impractical to scale for routine calibration of larger quan-
tum processors. Various intermediate strategies have been
explored to bridge this gap. For instance, some approaches
use optimization techniques such as genetic algorithms to
build models for specific error types [29], while others
propose scalable Markovian models that often require cus-
tom hardware tuning to be accurate [30]. Further studies
have shown that noise models should be tailored to specific
applications, as no single model captures all noise dynam-
ics [31]. Even integrated approaches that combine Marko-
vian and non-Markovian effects to improve accuracy still
tend to rely on resource-intensive characterizations [32].
These studies highlight the persistent trade-off between
model fidelity and experimental overhead, emphasizing the
necessity for a more efficient approach.

To address these limitations, we introduce a practical
and data-efficient framework that circumvents resource-
intensive characterization protocols by leveraging readily
available experimental data, such as application bench-
marks. Our core contribution is a circuit-size-independent
parameterized noise model N (θ), whose parameters are
determined via iterative, ML-driven optimization, as
depicted in Fig. 1. By minimizing the Hellinger dis-
tance [33] between simulated and experimental output
distributions, we estimate optimal parameters θ∗ directly
from existing circuit executions. Crucially, this frame-
work functions as an application-aware noise characteriza-
tion. Rather than positing a single universal error profile,
we estimate independent parameter sets tailored to spe-
cific algorithm-device contexts (e.g., QAOA, VQE, or
random circuits on a target hardware). This approach cap-
tures the interplay between circuit structure and device-
intrinsic error dynamics, yielding optimized models that

FIG. 1. Flowchart of the data-efficient quantum noise model-
ing framework. A parameterized noise model N (θ) is initially
constructed based on calibration data provided by hardware ven-
dors. The device-specific noise model N (θ∗) is then identified by
executing benchmarking circuits on real quantum hardware and
aligning experimental results with noisy simulations. This itera-
tive optimization, performed on a classical computer, leverages
machine-learning- (ML) based Bayesian optimization to update
θ . This approach is highly flexible, designed to ingest outcome
distributions from diverse pre-existing experimental data, includ-
ing application-specific circuits, avoiding the need for dedicated
characterization.

significantly outperform default hardware characteriza-
tions across diverse IBM quantum processors.

We demonstrate scalability by training on four–six qubit
benchmarks and accurately predicting out-of-distribution
behavior in seven–nine qubit circuits. This approach
achieves a substantial model accuracy improvement,
reducing the mean Hellinger distance to experimental
results by 50% (65% peak reduction). Such predictive
accuracy on larger-scale systems advances beyond founda-
tional studies restricted to small-scale demonstrations [29],
establishing that high-fidelity, device-specific noise mod-
els can be learned from compact datasets. This enables
practitioners to continuously refine noise models using
existing data, advancing noise-aware compilation and error
mitigation [34–36] without additional experimental cost.

The paper is structured as follows. Section II presents
the theoretical framework and methodology, establishing
the baseline provided by device-calibrated noise models
and introducing our parameterized noise model. It also
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details the machine-learning- (ML) based Bayesian opti-
mization (BO) technique employed for parameter determi-
nation and concludes with a critical analysis of the frame-
work’s scalability. Section III demonstrates a thorough
experimental validation of our approach, benchmarking
the model’s predictive accuracy against data from multiple
superconducting processors using a diverse set of appli-
cations, including the QAOA [2], VQE [3], and random
circuits. This validation includes an in-depth single-device
characterization, a cross-platform comparative analysis to
demonstrate hardware generality, and a study of training
efficiency. Finally, Sec. IV concludes the paper.

II. THEORETICAL FRAMEWORK AND
METHODOLOGY

This section details our noise modeling methodology.
We first introduce a baseline noise model for comparison.
We then introduce our circuit-size-independent parame-
terized noise model, followed by parameter determina-
tion strategy. Finally, we discuss the scalability of our
approach.

A. Default noise model

Most providers of superconducting quantum processing
units (QPUs) offer noise models, which are often derived
directly from the quantum device’s calibration data. These
data, provided and periodically updated by the hardware
vendors, quantify the intrinsic properties of the qubits,
specifically their relaxation (T1) and dephasing (T2) times,
as well as the error rates and execution durations of the
device’s supported basis gates. A common example is the
standard model available in Qiskit [9] for IBM devices,
which can be constructed using the provided backend con-
figurations and properties. This model isolates errors into
two primary categories: gate errors and readout errors.
Gate errors are modeled as a composed quantum channel
Egate applied after each ideal unitary operation. This chan-
nel is formed by the composition of a depolarizing channel
Edepol, followed by a thermal relaxation channel Ethermal:

Egate = Ethermal ◦ Edepol, (1)

where the composition A ◦ B implies that channel B is
applied first. The thermal relaxation channel Ethermal mod-
els energy relaxation (T1) and dephasing (T2) processes
occurring during the gate’s finite duration. The depolar-
izing channel Edepol is not an independently measured
quantity; rather, its error probability is chosen such that the
infidelity of the composite channel Egate precisely matches
the experimentally characterized gate error rate eg .

Readout errors in an n-qubit system are modeled via
a 2n × 2n stochastic matrix M , where Mij denotes the
conditional probability P(measure |i〉 | true state |j 〉) of
measuring computational basis state |i〉 given true state |j 〉.

These errors, treated as a classical postprocessing step,
transform the ideal probability distribution Pideal into the
observed distribution Pmeas = MPideal, with M derived
from empirical measurements.

Although this baseline model can be easily obtained, it
excludes crosstalk and other correlated effects. Moreover,
it captures only noise mechanisms explicitly characterized
during routine device-calibration procedures, creating a
static model that cannot account for the subsequent tempo-
ral evolution of the physical device. To better capture the
real noise behavior of quantum algorithms executing on
QPUs, we develop a tractable, data-efficient error model,
which we detail below.

B. Parameterized noise model

Our model is designed to be parameterized by a vector
of learnable coefficients θ , which are then chosen using
ML-based optimization strategy to minimize the discrep-
ancy between simulation and experimental data. An error
channel Eg for any gate operation is modeled as the com-
position of several distinct error channels, each targeting a
specific physical error mechanism.

1. Single-qubit gate errors

For a single-qubit gate Gq (e.g., X , SX ) in the bases gate
set with execution duration tg and error rate eg , the error
channel E1Q is modeled as a composition of four channels:

E1Q = Eph ◦ Eamp ◦ Edep ◦ Ecoh, (2)

where coherent errors are applied first, followed sequen-
tially by depolarizing, amplitude-damping, and phase-
damping channels. The coherent error channel Ecoh models
systematic over- or under-rotations due to control pulse
distortions. This channel acts on the density matrix ρ

via Ecoh(ρ) = UcohρU†
coh, defined by the unitary operator

Ucoh = exp(−iHcohtg). The corresponding error Hamilto-
nian Hcoh is a linear combination of Pauli operators with
learnable amplitudes θx,y,z:

Hcoh = θxX + θyY + θzZ. (3)

For the identity gate, this coherent error is omitted.
The depolarizing error channel Edep models a generic,

incoherent disruption of the quantum state. For an n-qubit
system, the depolarizing channel is given by

E (n)

dep(ρ) = (1 − λ
(n)

dep)ρ + λ
(n)

dep
I
2n , (4)

where λ
(n)

dep is the depolarizing noise strength. For single-
qubit, the noise strength λdep is defined as a duration-
aware, saturating function

λdep(eg , tg) = 1 − e−(kdepeg+bdep)tg/tchar . (5)
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Here, kdep and bdep are learnable parameters that scale and
offset the error rate, and tchar is a constant characteris-
tic gate time for the device defined as the median of all
single-qubit gate durations. This form captures the physi-
cal reality that error probability saturates for long-duration
operations.

The amplitude damping channel Eamp models energy
relaxation. Its action on the density matrix ρ is defined by
the Kraus decomposition

Eamp(ρ) =
1∑

k=0

Kamp
k ρ(Kamp

k )†, (6)

with Kraus operators

Kamp
0 =

(
1 0
0

√
1 − λamp

)
, Kamp

1 =
(

0
√

λamp
0 0

)
.

(7)

The relaxation probability λamp is governed by T1 and tg ,
with an added learnable offset bamp:

λamp(tg , T1) = 1 − e−tg/T1 + bamp. (8)

To capture non-Markovian dephasing, potentially aris-
ing from low-frequency noise sources like two-level-
system fluctuators, we model phase damping channel Eph
using a stretched exponential decay. Similarly, the corre-
sponding Kraus operators are

Kph
0 =

(
1 0
0

√
1 − λφ

)
, Kph

1 =
(

0 0
0

√
λφ

)
. (9)

The dephasing parameter λφ is given by

λφ(tg , Tφ) = 1 − e−2(tg/Tφ)
β1Q

, (10)

where Tφ is the pure dephasing time derived from the mea-
sured T1 and T2, satisfying 1/T2 = 1/(2T1) + 1/Tφ , and
β1Q is a learnable exponent.

2. Two-qubit gate errors

For a two-qubit basis gate G2Q acting on the qubit pair
(q0, q1), with gate duration t2Q and error rate e2Q, the
corresponding error channel E2Q follows a similar compo-
sitional structure but includes terms for capturing crosstalk
and correlated errors:

E2Q = Ezz ◦ (Eph ⊗ Eph) ◦ (Eamp ⊗ Eamp) ◦ E (2)

dep ◦ E (2)

coh,
(11)

composing the two-qubit coherent, two-qubit depolariz-
ing, local amplitude and phase damping, and correlated

ZZ dephasing error channels. Two-qubit coherent error
E (2)

coh models coherent crosstalk, such as residual ZZ cou-
pling or control crosstalk. This error channel acts as
E (2)

coh(ρ) = U(2)

cohρ(U(2)

coh)
† with U(2)

coh = exp(−iH (2)

coht2Q). The
error Hamiltonian includes two-qubit Pauli terms:

H (2)

coh = θixI ⊗ X + θzxZ ⊗ X + θzzZ ⊗ Z, (12)

where θix,zx,zz are learnable parameters.
Analogous to the single-qubit case in Eq. (5), the two-

qubit depolarizing channel E (2)

dep is characterized by a
duration-aware, saturating probability λ

(2)

dep, given by

λ
(2)

dep(e2Q, t2Q) = 1 − e−(kdep,2Qeg+bdep,2Q)t2Q/tchar,2Q , (13)

where kdep,2Q and bdep,2Q are learnable parameters. The
characteristic timescale tchar,2Q is fixed as the median
duration of the two-qubit gates.

The single-qubit amplitude damping and phase dephas-
ing channels Eamp and Eph are applied independently to
the qubit pair (q0, q1), using Kraus operators defined in
Eqs. (7) and (9), i.e.,

Eamp ⊗ Eamp(ρ) =
1∑

k,l=0

(Kamp
k ⊗ Kamp

l )ρ(Kamp
k ⊗ Kamp

l )†,

(14)

and similarly for Eph ⊗ Eph. Their respective error
strengths λamp,2Q and λφ,2Q are defined as

λamp,2Q(t2Q, T1) = 1 − e−t2Q/T1 + bamp,2Q, (15)

λφ,2Q(t2Q, Tφ) = 1 − e−2(t2Q/Tφ)
β2Q + bφ,2Q. (16)

These interactions are quantified by the learnable parame-
ters bamp,2Q, β2Q, and bφ,2Q. Here, the offset parameter bφ,2Q
is additionally introduced for two-qubit gates, compared
to single qubit gates [Eq. (10)], to better characterize the
more complex error mechanisms of two-qubit gates. We
note that λamp,2Q and λφ,2Q are evaluated independently
for q0 and q1 based on their respective coherence times
(T1, Tφ), yielding asymmetric local noise channels despite
the common gate duration t2Q.

The correlated ZZ dephasing channel Ezz introduces a
correlated dephasing error, a common mechanism in super-
conducting qubits arising from spectator qubit interactions
or flux noise. It is modeled as a Pauli channel that applies
a Z ⊗ Z operator with probability λzz:

Ezz(ρ) = (1 − λzz)ρ + λzz(Z ⊗ Z)ρ(Z ⊗ Z). (17)

The parameter λzz is also modeled as a saturating, duration-
dependent function parameterized by a learnable rate kzz:

λzz(t2Q) = 1 − e−kzz t2Q/tchar,2Q . (18)
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3. Readout errors

We extend the standard model of independent single-
qubit readout errors to include a scalable approximation of
correlated errors. In superconducting processors, readout
correlations often arise from shared resonators or mul-
tiplexed electronics, potentially linking multiple qubits.
However, modeling the full joint readout distribution of
n qubits requires a confusion matrix scaling as 2n × 2n.
This exponential scaling is incompatible with our objective
of a data-efficient, circuit-size-independent framework.
Instead, we model correlations at the pairwise level as
the leading-order correction to the independent model. We
approximate the global readout confusion matrix Mglobal
as a tensor product of independent single-qubit matrices
M (1) and disjoint two-qubit matrices M (2):

Mglobal ≈
⎛

⎝
⊗

(qi,qj )∈S
M (2)

ij

⎞

⎠ ⊗
⎛

⎝
⊗

qk /∈S
M (1)

k

⎞

⎠ , (19)

where S is a set of disjoint qubit pairs. To construct
S , we employ a deterministic greedy maximal matching
algorithm on the device coupling graph. This algorithm
iterates through the edges of the coupling map (sorted by
qubit index to ensure reproducibility) and selects a pair
(qi, qj ) if neither qubit has been previously selected. This
approach maximizes the coverage of correlated errors, pri-
oritizing physically connected neighbors where crosstalk is
typically strongest, while ensuring each qubit participates
in at most one correlated channel.

For a selected pair (q0, q1), we begin with the 4 × 4
confusion matrix representing independent errors, Mind =
Mq1 ⊗ Mq0 . We then construct the correlated confusion
matrix M (2)

ij by injecting correlations into this product.
Specifically, we model the |00〉 ↔ |11〉 correlation, cor-
responding to a simultaneous correlated readout misas-
signment on both qubits. This is achieved by transferring
a probability mass λ00↔11

corr from the diagonal elements
to the antidiagonal elements (correlated error) within the
subspaces of the affected states, such as

M0,0 → M0,0 − λcorr and M0,3 → M0,3 + λcorr. (20)

Similarly, the |01〉 ↔ |10〉 correlation models state-
swapping errors, where a probability λ01↔10

corr is transferred
between elements corresponding to |01〉 and |10〉 states.
The magnitude of the correlation is scaled by the average
local error rate of the pair, ē = (eq0 + eq1)/2. The prob-
ability of a correlated error is parameterized as a linear
function:

λcorr = a ē + b, (21)

where separate parameters (a, b) are learnable vari-
ables for |00〉 ↔ |11〉 and |01〉 ↔ |10〉 correlation types,
respectively.

4. Model parameterization and calibration integration

The complete noise model, encompassing gate and read-
out error channels detailed above, is fully specified by a
set of 20 free parameters θ . These parameters quantify the
strength of each physical error mechanism, from coher-
ent rotations and stochastic decoherence to non-Markovian
dynamics and correlated readout, forming the target vec-
tor for our data-efficient optimization. For clarity, Table I
summarizes these learnable model parameters, grouped
by their functional role: seven for single-qubit, nine for
two-qubit, and four for readout error characterization.

Crucially, our framework employs a hybrid parameteri-
zation strategy that integrates global learnable parameters
with local calibration data. Instead of learning indepen-
dent error rates for every qubit, which would result in
an unscalable parameter space, the 20 optimization vari-
ables θ function as global modifiers applied to the spa-
tially varying, qubit-specific calibration inputs. The error
channels leverage standard device calibration parame-
ters, including relaxation times T1, dephasing times T2,
gate durations, and error rates of basis gates, which are
sourced directly from routine vendor-provided character-
ization data. Utilizing these existing data requires no ded-
icated calibration circuits or additional QPU time from
the user. This architecture ensures that the model natu-
rally captures spatial heterogeneity. For instance, in the
amplitude-damping channel [Eq. (8)], the relaxation time
T1 varies locally per qubit, while the offset bamp is shared
globally. Consequently, for a fixed gate duration tg , a qubit
with lower T1 is assigned a higher damping probability
than one with higher T1 despite identical bamp. Learning

TABLE I. The 20 learnable parameters θ of the noise model,
grouped by function role.

Parameter Description Type

Single-qubit gate parameters (7)
kdep Depolarizing scaling factor Stochastic
bdep Depolarizing offset Stochastic
bamp Amplitude damping offset Stochastic
θx,y,z Coherent rotation angles Coherent
β1Q Stretched dephasing exponent Non-Markovian

Two-qubit gate parameters (9)
kdep,2Q Depolarizing scaling factor Stochastic
bdep,2Q Depolarizing offset Stochastic
bamp,2Q Amplitude damping offset Stochastic
bφ,2Q Phase damping offset Stochastic
θix,zx,zz Coherent crosstalk angles Coherent
β2Q Stretched dephasing exponent Non-Markovian
kzz Correlated ZZ dephasing rate Correlated

Correlated readout parameters (4)
a, b00↔11 Coefficients (|00〉 ↔ |11〉) Correlated
a, b01↔10 Coefficients (|01〉 ↔ |10〉) Correlated
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global corrections to local physical priors avoids the pro-
hibitive complexity of learning unique parameter sets for
every qubit and qubit pair, while successfully modeling
the nonuniform error landscape. Our approach there-
fore complements, rather than replaces, standard device-
characterization routines. It utilizes existing calibration
data as a physically grounded baseline and employs ML
to infer correction factors that refine the effective noise
model using circuit-execution statistics captured within the
specific algorithm-hardware operating regime.

C. Parameter optimization

The error model introduced in the previous section con-
tains 20 free parameters θ . Our goal is to choose the
parameters of the extended model such that the model
accurately reproduces sample distributions Pi obtained
from executing circuits Ci ∈ C on a specific quantum com-
puting backend. This can be formalized as identifying the
parameter configuration θ∗ that minimizes the Hellinger
distance [33] between simulation results and the results
obtained on a real device. The Hellinger distance DH is a
bounded, symmetric metric for comparing discrete proba-
bility distributions and is numerically stable for finite-shot,
sparse bitstring histograms. It ranges from 0 to 1, with 0
indicating identical distributions, and is defined as

DH (P, Q) =
⎛

⎝1 −
∑

j

√
pj qj

⎞

⎠
1/2

, (22)

where pj and qj are probabilities of outcome j in distribu-
tions P and Q, respectively. Specifically, we minimize the
mean Hellinger distance across all outcome distributions
produced by the circuits in the training set, with respect to
the circuits of interest, to obtain

θ∗ = argmin
θ

{
1
ntr

ntr∑

i=1

DH [Pi, Qi(θ)]

}
. (23)

Here, ntr = |C| is the size of the training set, Qi(θ) is the
empirical distribution obtained by simulating the circuit
with a noise model with parameters θ . Each distribu-
tion is estimated from finite-shot measurement outcomes.
Throughout, we use 30 000 shots (samples) per circuit in
both the training and validation sets. We emphasize that
Eq. (23) defines a global fit, meaning that a single param-
eter vector θ is identified jointly over all circuits in C,
with no circuit-specific parameters. This structure enforces
that θ captures systematic, context-consistent error mech-
anisms shared by the algorithm family, rather than memo-
rizing individual circuit outcomes, which potentially miti-
gates overfitting.

Since the configuration space of the model is large and
evaluating the Hellinger distance requires running noisy

simulations, identifying θ∗ is not tractable using brute-
force search. Moreover, gradient-based optimization faces
practical limitations in this setting. Efficient gradient-based
optimization via automatic differentiation would require
end-to-end differentiability of the noisy-simulation stack
with respect to the noise parameters. In our workflow
based on standard simulators (e.g., Qiskit Aer), such gra-
dients are not natively available; obtaining them would
require substantial reimplementation or numerical gradient
estimation via finite differences, incurring O(d) additional
objective evaluations per update. With d = 20 parameters
in our model, this imposes a substantial computational
overhead given that the noisy simulation itself is the pri-
mary bottleneck. Additionally, the noise landscape is often
nonconvex and can be multimodal due to the complex
interplay between coherent and incoherent error channels
that challenges local search methods. We thus employ
Bayesian optimization to efficiently obtain estimates of θ∗.
BO is a ML-based strategy well suited for expensive-to-
evaluate blackbox objective functions [37]. Unlike stan-
dard gradient-based local search, which determines step
directions based on local derivatives, BO employs a prob-
abilistic surrogate model to intelligently select parameter
evaluations by maximizing an acquisition function that
balances exploration of uncertain regions with exploitation
of promising areas.

As a surrogate model, we use a tree-structured Parzen
estimator [38], which uses adaptive, nonparametric Parzen
window density models to distinguish promising from poor
regions of the search space based on past evaluations. Then
sample new configurations from the most promising areas
to enable efficient hyperparameter optimization in com-
plex, hierarchical domains. We benchmark the BO against
random search (RS) in which parameter points are ran-
domly selected from the search space to provide unbiased
model estimates. Both methods are implemented using
Optuna [39].

D. Scalability analysis

A key advantage of our approach is that we determine a
fixed set of parameters within the noise model, irrespective
of the circuit size or qubit count, leading to a circuit-size-
independent complexity. This design choice decouples the
computational complexity from the scale of the quantum
hardware or the dimensions of the quantum system under
study, enabling applicability to large-scale systems without
prohibitive resource demands.

The resource requirements of our framework consist
of experimental and computational costs. Experimen-
tally, our data-efficient approach circumvents the pro-
hibitive data overhead associated with full process tomog-
raphy, which scales exponentially with qubit count due
to the necessity of exhaustive state or process reconstruc-
tions. Instead, it relies solely on circuit-level outcome
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distributions obtained from a compact, predefined set of
benchmark circuits executed on the target quantum hard-
ware. Computationally, the primary cost arises from the
classical simulation of these benchmark circuits, required
for each evaluation of the objective function during param-
eter determination. Notably, the cost per determination
step remains constant, as it involves simulating the entire
fixed set of training circuits to compute the discrepancy
against the experimental dataset. Each iteration evaluates
an objective function that quantifies this mismatch, here,
via the Hellinger distance. The selection of the ML is piv-
otal for minimizing the number of such evaluations, given
their computational intensity. We adopt BO, which excels
in handling expensive blackbox functions, accelerating
convergence and enhancing the framework’s scalability.
Moreover, the entire characterization process is conducted
as an offline, classical postprocessing step, obviating any
need for real-time interaction with the QPU.

III. EXPERIMENTAL RESULTS

We benchmark our method using data collected
from multiple IBM QPUs by executing quantum algo-
rithms with varying qubit counts. The chosen systems
ibmq_kolkata, ibmq_mumbai, and ibmq_ehningen com-
prise 27 qubits with CNOT as the basis gate, physically
implemented via echoed cross-resonance and single-qubit
rotations. Notably, ibmq_ehningen supports two distinct
physical implementations of the CNOT gate [40]. In con-
trast, ibm_kingston features 156 qubits and utilizes native
CZ gates implemented via tunable couplers. Our noise
model characterizes these basis gates, as all circuits must
be decomposed into the basis gate set for execution. The
benchmarks include the QAOA and VQE, which are criti-
cal classes of variational algorithms designed for near-term
hardware. We further include random circuits to evaluate
the framework’s suitability for unstructured quantum com-
putations. Moreover, we partition our benchmark circuits
by size into a small-size training set (four–six qubits) and
a large-size validation set (seven–nine qubits) for testing

TABLE II. Properties of QAOA circuits executed on
ibmq_kolkata, ibmq_mumbai, and ibmq_ehningen. Metrics
include circuit depth and gate counts (CNOT and single qubit).

Property Training set Prediction set

Depth 27.0 ± 3.4 39.0 ± 3.4
CNOT gates 27.0 ± 10.7 78.0 ± 18.4
Single-qubit gates 50.3 ± 10.7 92.3 ± 13.2

the model’s ability to extrapolate from smaller systems to
predict the behavior of larger, more complex systems.

A. QAOA

The QAOA constructs a parameterized quantum cir-
cuit consisting of alternating unitaries generated by a
problem-dependent cost Hamiltonian HC and a mixing
Hamiltonian HM :

U(γ , β) =
L∏

l=1

e−iβlHM e−iγlHC , (24)

where γ and β are variational parameters determined
classically to minimize the expectation value of HC. The
mixing Hamiltonian is commonly chosen as HM = ∑

i Xi,
which promotes exploration of the Hilbert space. The cost
Hamiltonian encodes the objective function of the opti-
mization problem, typically taking the form of a diagonal
operator in the computational basis

HC =
∑

i

ciZi +
∑

i<j

cij ZiZj , (25)

where Zi are Pauli-Z operators and the coefficients ci, cij
reflect the problem structure. In this work, we employ
QAOA applied to portfolio optimization problems, which
involves fully connected two-qubit gates; further details
can be found in Refs. [4,15,17,40].

For each QAOA circuit, we use the constrained opti-
mization by linear approximation (COBYLA) [41] to

TABLE III. Experiment details of QAOA circuits executed on ibmq_kolkata, ibmq_mumbai, and ibmq_ehningen. The circuit fidelity
F is defined in Eq. (26). The physical qubits represent the active qubits selected for circuit execution within each benchmark set.

ibmq_kolkata ibmq_mumbai ibmq_ehningen

Property Training Prediction Training Prediction Training Prediction

Default DH 0.175 ± 0.000 0.275 ± 0.000 0.179 ± 0.001 0.277 ± 0.001 0.230 ± 0.000 0.328 ± 0.000
Parameterized DH 0.096 ± 0.002 0.141 ± 0.004 0.089 ± 0.001 0.137 ± 0.001 0.151 ± 0.001 0.225 ± 0.004
DH reduction (%) 45.3 ± 0.8 48.5 ± 1.7 50.4 ± 0.7 50.5 ± 0.5 34.4 ± 0.6 31.3 ± 1.2

Circuit fidelity F (%) 77.6 ± 8.1 47.9 ± 8.3 77.4 ± 7.1 51.5 ± 6.7 79.7 ± 6.9 53.2 ± 8.0
Physical qubits {12, 15, 18, 21,

23, 24}
{4, 7, 10, 12, 15, 18,

21, 23, 24}
{14, 16, 19, 20,

22, 24, 25}
{12–16, 19, 22,

24, 25}
{15, 18–26} {12–15, 18–26}

Physical qubit count 6 9 7 9 10 13
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choose angles γ and β. Additionally, we use SWAP net-
works [15,16,42] on linear topologies to address the
connectivity constraints of the QPU, which enables all
compiled circuits to share the same fundamental gate
structure and qubit connectivity pattern, regardless of the
target device. This standardization allows us to control for
variability in circuit design and compilation strategies.

We quantify circuit depth and gate counts of benchmark
circuits executed on ibmq_kolkata, ibmq_mumbai, and
ibmq_ehningen to assess their complexity and noise sensi-
tivity. As detailed in Table II, the training set comprises cir-
cuits with four–six qubits and depths of 27.0 ± 3.4, while
the prediction set exhibits seven–nine qubits and depths of
39.0 ± 3.4. The scaling of CNOT gates, from 27.0 ± 10.7 in
training to 78.0 ± 18.4 in prediction, reflects the increased
entanglement complexity and noise accumulation in larger
circuits. While the increase in circuit width (four–six to
seven–nine qubits) is moderate, this nearly 3× increase
in entangling gates drives the validation circuits into a
significantly lower circuit fidelity regime (see Table III),
ensuring that the model is rigorously tested on its ability to
generalize error dynamics into a more noise-affected oper-
ating regime distinct from the high circuit fidelity training
regime.

1. Single-device characterization

We evaluate the method on ibmq_kolkata. On the train-
ing set, our parameterized noise model optimized with
BO and RS achieves an average Hellinger distance of
0.095 and 0.118, respectively. This represents a significant
reduction in predictive error of 45.71% and 32.57% com-
pared to the default model’s distance of 0.175, as shown
in Fig. 2(a). Crucially, the model’s performance gener-
alizes robustly to the validation set (seven–nine qubits)
[Fig. 2(b)]. For these larger circuits, our model achieves
an average Hellinger distance of 0.135 (BO) and 0.148
(RS), corresponding to a reduction of 50.91% and 46.18%
over the default model’s distance of 0.275. These results
also show that BO consistently outperforms RS in both the
training and prediction processes, demonstrating its high
optimization efficiency.

The contour plots in Figs. 3(a) and 3(b) compare the
optimization landscapes explored by BO and RS, respec-
tively, within a two-dimensional parameter space, which
represent the most important parameters determined by
Optuna. We observe that BO exhibits a structured and
adaptive pattern, with sampled points increasingly concen-
trated in regions of minimal Hellinger distance, demon-
strating that it efficiently identifies promising parameter
regions. In contrast, RS yields a uniform and inefficient
distribution of trials across the parameter space, resulting
in a diffuse exploration that fails to converge effectively on
the global minimum. This demonstrates the advantage of
employing BO to achieve data-efficient parameterization.

(a)

(b)

FIG. 2. Hellinger distances between outcomes from simu-
lations using default device noise model (x axis) and our
parameterized noise models (y axis) versus real executions on
ibmq_kolkata. Blue circles represent models optimized via BO,
while orange squares denote those optimized through RS. All
points below the dashed diagonal (y = x) indicate an improve-
ment in model fidelity over the default model. The percentages
shown in the legend represent the average reduction in Hellinger
distance achieved by each optimization method relative to the
default model. (a) Training phase using QAOA circuits on four-,
five-, and six-qubit instances, and (b) predictive performance on
seven-, eight-, and nine-qubit circuits. Each circuit size was exe-
cuted at four distinct times, yielding a total of 12 circuits for both
training and prediction sets.

2. Cross-platform comparative analysis

To assess the robustness of our data-efficient frame-
work, we repeat the full training and prediction pipeline on
ibmq_kolkata three times, comparing BO to RS and plot-
ting results with error bars in Fig. 4. As shown in Fig. 4(a),
BO (Kolkata) outperforms RS (Kolkata-RS) in both train-
ing and prediction, exhibiting better performance. More-
over, Fig. 4(b) demonstrates that BO achieves a lower
Hellinger distance than RS, confirming faster convergence
to high-fidelity noise models.
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Bayesian optimization Random search(a) (b)

FIG. 3. Optimization landscape of the mean Hellinger distance, projected onto the two most significant noise parameters, as identi-
fied by Optuna, with marginalization over other noise model parameters. (a) Bayesian optimization and (b) random search. Each point
represents a trial, and the red star marks the optimal configuration yielding the minimum value.

In the following, we employ BO for determining the
parameters of noise models and extend our analysis across
two other QPUs (ibmq_mumbai and ibmq_ehningen) fea-
turing varying noise characteristics to evaluate the general-
izability and robustness of our approach. For each device,
we apply the same parameterized model architecture but
train it independently on device-specific data. This pro-
cess yields a unique model tailored to the specific error
profile of each hardware instance. As shown in Fig. 4,
our approach consistently yields a substantial reduction
in DH across all backends, and the optimization process
converges to a low final DH value. The framework’s effec-
tiveness is most pronounced on ibmq_mumbai, which
exhibits an average DH reduction of over 50% for both
training and prediction sets, with the reduction for individ-
ual prediction circuits peaking at 65%. Strong performance
is also observed on ibmq_kolkata (45% training, 49% pre-
diction) and ibmq_ehningen (35% training, 32% predic-
tion). We summarize these achievements in Table III. This
high-fidelity performance across multiple systems, each
with distinct error characteristics, confirms the robustness
and broad applicability of our methodology for capturing
hardware-specific noise profiles.

We use device calibration data to calculate the circuit
fidelity F to analyze the noise level of executing circuits
on each device:

F =
∏

i

(1 − εi), (26)

where εi are gate and readout errors. The increase in com-
plexity from training set to prediction set corresponds to
a significant circuit fidelity degradation from about 78%
to about 50%, as shown in Table III, underscoring the
challenge of extrapolating noise models to larger circuit
regimes where errors become more pronounced. Notably,

the physical qubit allocation, driven by device-specific
transpilation strategies, reveals that prediction circuits span
a broader device region compared to training circuits,
potentially introducing greater variability from spatial het-
erogeneity in device error rates. Moreover, the subgraph
of active qubits is not fixed from circuit to circuit, fur-
ther increasing the diversity of noise conditions encoun-
tered during evaluation. We observe that ibmq_ehningen,
compared to other QPUs, maps circuits across a signifi-
cantly wider physical qubit topology across four different
benchmark executions. The increased spatial complexity
is probably responsible for the more modest performance
gains. A potential reason is that our amount of training data
is insufficient to fully characterize the more complex error
landscape of an expanded qubit ensemble. Nevertheless,
the systematic increase in circuit complexity from train-
ing to prediction provides a meaningful test of our noise
model’s ability to extrapolate beyond its training regime.
This key extrapolation is enabled because our framework
avoids qubit-specific error-rate mappings. Instead, it con-
structs a generative model of the device’s noise, optimizing
global hyperparameters θ that parameterize statistical dis-
tributions for gate errors from which individual qubit and
gate parameters are drawn.

In our experiments, we maintain circuit fidelities F �
50% in both the training phase (four–six qubits) and
the larger-scale prediction phase (seven–nine qubits), so
their output distributions remain far from uniform and
retain structure that is sensitive to coherent and correlated
error mechanisms. By contrast, circuits with substantially
larger width (e.g., 20–30 qubits) at comparable depth on
the same devices are expected to operate close to the
noise floor, yielding nearly uniform outcome distributions
that obscure detailed differences between noise models
and strongly reduce the discriminative power of metrics
such as the Hellinger distance. Our conclusions should
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(a)

(b)

Optimization iteration

FIG. 4. Comparison of BO and RS for training the param-
eterized noise model on ibmq_kolkata (Kolkata-RS and
Kolkata), alongside BO results on ibmq_mumbai (Mumbai) and
ibmq_ehningen (Ehningen). (a) The average percentage reduc-
tion in Hellinger distance DH relative to the default noise model,
for both training (blue, left) and prediction (orange, right) sets,
evaluated on QAOA circuits with four–six qubits (training) and
seven–nine qubits (prediction), each executed at four calibra-
tion instances. Error bars denote means and standard deviations
derived from three independent repetitions across the 12 circuits
per set. (b) The convergence of the optimization process corre-
sponding to the training results presented in (a), which displays
the best-achieved mean Hellinger distance of the training circuits
over iterations.

therefore be understood as applying to this intermediate-
fidelity regime; extending the analysis to significantly
larger mapped circuits will require dedicated experiments
and is left for future work.

3. Training efficiency study

This section examines the interplay between model per-
formance and training dataset size to identify the mini-
mal data volume needed for target accuracy with reduced

FIG. 5. Impact of different training dataset sizes on the per-
formance of BO-optimized noise model on ibmq_kolkata. Each
training set is denoted by the number of QAOA circuits. The
experimental setting is the same as in Fig. 4.

resource demands. To assess our framework’s data require-
ments, we train and validate our noise model using four
distinct QAOA datasets of varying sizes (9, 12, 15, and
18 circuits). The results reveal strong robustness and data
efficiency. Across training-set sizes from 9 to 18 circuits,
circuit properties remain stable. The preserved complex-
ity distribution across all dataset sizes, combined with
consistent fidelity estimates, suggests that our smallest
nine-circuit training set sufficiently constrains the model
for this benchmark; more details can be found in Table VI
in the Appendix. This structural invariance explains the
robust performance shown in Fig. 5, where the frame-
work achieves a consistently similar relative reduction in
the mean DH of approximately 45% to 50% across all
tested datasets, despite a 2× difference in training data
volume. Moreover, the optimization convergence profiles
for 12, 15, and 18 circuit datasets are nearly indistinguish-
able, reaching the same optimal DH value at a similar rate,
highlighting stability (see Fig. 6 in the Appendix).

These results demonstrate that the framework is data
efficient and provides empirical evidence of performance
saturation with respect to training-set size, with no indica-
tion of overfitting in the tested regime. Within the tested
range (9–18 training circuits), performance stabilizes:
increasing the training set from 9 to 18 circuits yields no
appreciable change in the optimal DH and produces nearly
indistinguishable convergence behavior (Fig. 6). This is
consistent with adequate constraint diversity: circuits with
varying depths and two-qubit-gate densities probe distinct
error channels, providing complementary constraints on
the shared 20-parameter model, while physics-informed
functional forms restrict effective capacity by confining
θ to physically realistic mechanisms. Out-of-distribution
validation, where improvements match or in several cases
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exceed training across devices, further confirms robust
generalization.

B. VQE

To verify the efficacy of the method beyond QAOA,
we perform a similar optimization for VQE circuits on
ibm_kingston, a 156-qubit Heron R2 processor featuring
IBM’s heavy-hex topology. We consider the task of mini-
mizing the ground-state energy of the cluster Hamiltonian

Hn = α0Z0 + αnZn +
n−3∑

j =0

βj Zj Xj +1Zj +2, (27)

where αi and βi are real coefficients. In the following,
we choose αk = 1/n (βk = 1/n) for all k for n = 4, . . . , 9.
Using a simple, hardware-efficient ansatz corresponding
to the EfficientSU2 circuit in Qiskit, we optimize
the parameters using the sequential least-squares quadratic
programming (SLSQP) [43] in a noiseless simulation and
verify that the optimized circuits converge to the true
ground-state energy. We then execute the optimized cir-
cuits on the 156-qubit Heron R2 QPU ibm_kingston. For
the execution, we group the circuits for each n into two
qubit-wise commuting groups and sample from each group
with 30 000 shots. This results in a total of 12 circuits,
which we partition into six circuits (n = 4, 5, 6) for training
and six circuits for validation (n = 7, 8, 9).

As in the QAOA study, we apply the same param-
eterized noise model architecture to the VQE experi-
ments on ibm_kingston; however, the parameters θ are
learned solely from the VQE training data specific to
ibm_kingston. Performing three independent optimiza-
tions using 200 iterations each, we obtain optimized
parameters, which result in an improvement of 43.99% ±
0.14% in model fidelity for the training set and 18.58% ±
0.90% for the validation set [up to 27% for a circuit predic-
tion, see Fig. 7(a) in the Appendix]. While the parameter-
ized model aligns more closely with experiment, especially
on the training circuits, the improvement on the valida-
tion set is less pronounced than in the QAOA case. This
likely reflects differences between the devices from which
the data were sampled. As detailed in Table IV, VQE cir-
cuits contain significantly fewer entangling gates (CZs)
than QAOA circuits (CNOT). Moreover, the ibm_kingston
processor itself exhibits lower error rates. These fac-
tors contribute to inherently higher baseline circuit fideli-
ties, resulting in substantially smaller Hellinger distances
between the baseline model and experiment. On the val-
idation set, the default model’s Hellinger distance is less
than half of that observed for the comparable model on the
older generation devices used for QAOA. Consequently,
the margins of improvement over the baseline are smaller.
Nevertheless, these results demonstrate that our framework

TABLE IV. Properties of VQE circuits executed on
ibm_kingston.

Property Training set Prediction set

Default DH 0.075 ± 0.000 0.124 ± 0.000
Parameterized DH 0.042 ± 0.000 0.101 ± 0.001
DH reduction (%) 43.99% ± 0.14% 18.58% ± 0.90%

Depth 41.2 ± 3.2 53.7 ± 3.4
CZ gates 12.0 ± 2.7 21.0 ± 2.7
Single-qubit gates 107.2 ± 21.9 184.7 ± 19.3
Circuit fidelity F (%) 91.0 ± 1.5 83.8 ± 3.9
Physical qubits {0–5} {0–8}
Physical qubit count 6 9

is robust across diverse hardware architectures, accommo-
dating distinct qubit counts and native gate sets, estab-
lishing a clear path forward for modeling noise in more
complex VQE circuits.

C. Random circuits

We further benchmark the method through random cir-
cuits on ibmq_kolkata. Random quantum circuits were
generated using Qiskit’s random_circuit function
with systematically varied parameters: qubit count n ∈
{4, . . . , 10} and depth d = n + 3. The function constructs
circuits by randomly sampling single-qubit gates from
SU(2) and placing two-qubit gates between random qubit
pairs within the depth constraint, with terminal measure-
ments on all qubits. The results show a substantial mean
DH improvement of 43.60% in model fidelity for training
and 45.90% for prediction [see Fig. 7(b) in the Appendix].
We perform three independent optimization processes and
achieve a mean Hellinger distance reduction of 42.9% ±
1.5% for the training set and 46.8% ± 2.1% for the pre-
diction set, with a maximum reduction of 63% observed
for a circuit in the prediction set. This demonstrates that
our method’s high performance is a statistically significant
result, making it a reliable tool for practical application-
aware hardware characterization.

Table V highlights the markedly distinct complexity
profile of the random circuits. Compared to QAOA bench-
marks, these random circuits exhibit approximately 3×
greater depth and employ a broader, more fragmented
qubit allocation across 17 physical qubits on the device.
This escalation in depth and spatial distribution leads to
substantially degraded fidelities, 64.0% ± 14.0% for the
training circuits, and 24.8% ± 7.8 for the prediction sets.
The 3.5× scaling in CNOT gates from training to prediction
surpasses the 2.9× factor observed in QAOA, under-
scoring the amplified accumulation of noise in deeper,
less structured entangling operations. Remarkably, under
these stringent conditions with fidelities roughly 25%, our
approach achieves a performance improvement of around
44%, affirming its exceptional robustness across varied
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TABLE V. Properties of random circuits executed on
ibmq_kolkata.

Property Training set Prediction set

Default DH 0.162 ± 0.000 0.250 ± 0.000
Parameterized DH 0.093 ± 0.002 0.133 ± 0.005
DH reduction (%) 42.9 ± 1.3 46.8 ± 1.9

Depth 87.2 ± 18.9 182.6 ± 23.8
CNOT gates 38.3 ± 17.8 136.6 ± 20.4
Single-qubit gates 106.8 ± 32.0 271.7 ± 34.3
Circuit fidelity F (%) 64.0 ± 14.0 24.8 ± 7.8
Physical qubits {0–7, 10, 12,

15, 17, 18, 21,
23, 24}

{0, 1, 4, 6, 7,
10, 12–19, 21,

23, 24}
Physical qubit count 16 17

circuit topologies and noise regimes inherent to supercon-
ducting quantum hardware.

D. Application-aware noise characterization

The results show that the proposed framework achieves
high predictive accuracy across three qualitatively different
algorithmic families (QAOA, VQE, and random circuits).
Crucially, rather than seeking a single universal param-
eter vector θ that simultaneously describes all algorithm
classes on a target device, we adopt an application-aware
philosophy: we estimate independent parameter sets for
each algorithm-hardware context while retaining a fixed
model architecture. This design is physically motivated by
the context-dependent nature of noise in superconducting
processors. Different algorithms can emphasize different
effective error mechanisms through their circuit struc-
ture (e.g., depth, routing, and parallelism). For instance,
QAOA applied to portfolio-optimization problems can
require extensive SWAP-network routing to achieve all-
to-all connectivity, whereas VQE with hardware-efficient
ansätze typically conforms to the native coupling map,
resulting in significantly shallower depths and fewer entan-
gling gates. Since our parameterization captures duration-
aware dephasing and correlated errors, we do not expect a
parameter set calibrated on high-depth QAOA circuits to
accurately predict low-depth VQE fidelity, or vice versa.
Generality is thus achieved at the framework level: the
same workflow applies across devices and algorithms,
while the effective parameters adapt to the specific error
dynamics of each context.

While cross-algorithm parameter transfer is not a pre-
requisite for deployment, quantifying it would elucidate
the fundamental trade-off between intrinsic device physics
and application-specific error manifestations. Investigat-
ing the predictive validity of a model trained on one
algorithm family (e.g., QAOA) when applied to another
(e.g., VQE) helps distinguish between static hardware

properties and the effective error dynamics induced by spe-
cific circuit designs. Future work utilizing transfer learning
could quantify the adaptation cost between these con-
texts, ultimately determining whether the fidelity benefits
of application-aware calibration justify the overhead of
independent training or if approximate universality offers
a viable compromise for large-scale systems.

IV. DISCUSSION AND CONCLUSION

This work develops an alternative parameterized noise
model with circuit-size-independent complexity. Leverag-
ing ML-driven optimization, we repurpose data from a
few routine circuit executions to construct data-efficient
and prediction accurate noise models for superconducting
quantum processors. Crucially, our framework prioritizes
application-aware characterization: we estimate effective
noise parameters independently for each algorithm fam-
ily on the target hardware rather than seeking a universal
parameter set across all algorithm families. This design
captures the distinct interaction between the algorithm
and hardware, achieving high predictive accuracy with
no additional dedicated calibration circuits or QPU jobs
beyond the workload executions themselves. By system-
atically searching complex, multiparameter error spaces,
our approach consistently produces models that are signif-
icantly more predictive than default ones obtained from
hardware vendors. We demonstrate a reduction of up
to 65% in the Hellinger distance, a metric that quanti-
fies the divergence between predicted and experimental
measurement-outcome (bitstring) probability distributions,
confirming that our optimized models produce output dis-
tributions that more accurately represent the behavior of
algorithms executed on real quantum hardware. This sig-
nificant improvement in predictive accuracy is essential for
a reliable simulation of quantum circuits on noisy quantum
devices, providing a foundation for more accurate noise-
aware quantum circuit compilation by enabling informed
optimization of qubit selection, SWAP gate insertion, and
other compilation passes.

A key advantage of our approach is its efficiency
and practicality. It repurposes existing benchmarking or
application-specific execution data, avoiding the need for
extensive characterization protocols such as quantum pro-
cess tomography. This reusability reduces experimental
overhead, enabling practitioners to leverage prior execu-
tions to improve algorithm testing and error-mitigation
protocols while iteratively refining noise models as
additional data become available. Comprehensive bench-
marking across multiple IBM quantum devices and quan-
tum algorithms validates the framework’s adaptability
to different types of superconducting hardware, high-
lighting its generality and potential for broad adoption
in applications. By bridging the gap between theoret-
ical models and experimental reality, our data-efficient
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approach provides a critical enabling technology for
developing the next generation of effective error mit-
igation techniques and noise-aware compilers, acceler-
ating the realization of practical quantum computing
applications.

Future work should address scaling challenges through
hierarchical noise modeling. As system size grows, achiev-
ing a target accuracy may require more expressive param-
eterizations, increasing both the ML optimization cost
and the amount of circuit-execution data. One promis-
ing direction is to partition the device coupling graph
into regional subgraphs and assign region-specific param-
eter sets, capturing spatial inhomogeneity in larger sys-
tems while avoiding per-component overparameterization.
Moreover, as differentiable or surrogate-based simulators
mature, it will be valuable to investigate gradient-based
and hybrid strategies, such as BO for initialization fol-
lowed by gradient refinement, to further improve scalabil-
ity in higher-dimensional parameter spaces. Additionally,
investigating transfer learning across algorithmic families
could quantify the adaptation cost between algorithmic
contexts, helping determine if approximate universality
is a viable compromise for large-scale systems. More-
over, incorporating leakage errors, where qubits excite
outside of the computational subspace, represents a crit-
ical extension. This requires higher-dimensional simu-
lations and often specialized characterization protocols,
substantially increasing the computational burden of the
ML loop. Although beyond the scope of this initial
study, incorporating leakage is essential for further fidelity
gains.

Our pairwise readout correlation model captures
nearest-neighbor effects but neglects long-range cor-
relations; small cluster-wise confusion matrices tied
to resonators or readout lines could provide sys-
tematic improvements. Benchmarking dense algorithms
like QAOA on utility-scale processors would comple-
ment our VQE results on 156-qubit hardware, reveal-
ing how the framework interacts with large-scale qubit
mapping strategies. Additionally, extending to alterna-
tive qubit modalities represents essential future work.
While our experiments focus on superconducting devices,
the methodology is architecture-agnostic. Adaptation
requires replacing the physics-informed ansatz N (θ) with
platform-specific mechanisms. For trapped-ion proces-
sors [44,45], for instance, a tailored ansatz would cap-
ture dominant error sources in Mølmer-Sørensen gates,
such as motional mode heating and laser-intensity fluctua-
tions. The ultimate goal is a full integration into quantum
compiler toolchains, enabling adaptive, algorithm-specific
compilation that can dynamically tailor noise models to
both the hardware’s current state and circuit structure.
This would optimize execution by capturing the unique
interplay between algorithms and device-specific error
channels.
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APPENDIX: EXPERIMENTAL DETAILS

We present the experimental details. Figure 6 shows
the optimization convergence across different QAOA cir-
cuit sizes on ibmq_kolkata, corresponding to Fig. 5.
Table VI quantifies the structural consistency of our
benchmark circuits across different training set sizes. The
physical qubits used are identical across different cir-
cuit sizes: {12, 15, 18, 21, 23, 24} for the training set and
{4, 7, 10, 12, 15, 18, 21, 23, 24} for the prediction set.

FIG. 6. Convergence of the optimization process across differ-
ent circuit sizes on ibmq_kolkata in Fig. 5.
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TABLE VI. Properties of benchmark circuit sets on ibmq_kolkata, analyzed for different numbers of QAOA circuits in Fig. 5.

Training set Prediction set

Property 9 circuits 12 circuits 15 circuits 18 circuits 9 circuits 12 circuits 15 circuits 18 circuits

Depth 27.0 ± 3.5 27.0 ± 3.4 27.0 ± 3.4 27.0 ± 3.4 39.0 ± 3.5 39.0 ± 3.4 39.0 ± 3.4 39.0 ± 3.4
CNOT gates 27.0 ± 10.9 27.0 ± 10.7 27.0 ± 10.6 27.0 ± 10.5 78.0 ± 18.6 78.0 ± 18.4 78.0 ± 18.2 78.0 ± 18.1
Single-qubit gates 50.3 ± 10.8 50.3 ± 10.7 50.3 ± 10.6 50.3 ± 10.5 92.3 ± 13.4 92.3 ± 13.2 92.3 ± 13.1 92.3 ± 13.0
Circuit fidelity F (%) 77.3 ± 8.1 77.6 ± 8.1 77.7 ± 8.1 77.8 ± 8.1 48.3 ± 8.2 47.9 ± 8.3 47.7 ± 8.3 47.5 ± 8.3

(a) (b)

FIG. 7. Performance comparison of noise models using (a) VQE on ibm_kingston and (b) random circuits on ibmq_kolkata.

Figure 7(a) compares our parameterized model against
the default model using VQE obtained on ibm_kingston in
Sec. III B, while Fig. 7(b) presents results using random
circuits on ibmq_kolkata in Sec. III C.
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