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Quantum natural gradient optimizer on noisy platforms: Quantum approximate
optimization algorithm as a case study
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We investigate the performance of the quantum natural gradient (QNG) optimizer in the presence of noise.
Specifically, we evaluate the efficacy of QNG within the quantum approximate optimization algorithm for
finding the ground state of the transverse field Ising model. Its performance is benchmarked against the vanilla
gradient descent optimizer across two prominent quantum computing platforms: Rydberg atoms and super-
conducting circuits. Our analysis includes simulations under both idealized noise-free conditions and realistic
noisy environments based on calibration data from actual devices. Results demonstrate that QNG consistently
outperforms vanilla gradient descent, exhibiting faster convergence on average and greater robustness against
random initializations of parameters. This robustness is attributed to the distance regularization in parameter
space inherent to QNG. Additionally, QNG achieves a higher convergence rate to the solution, effectively
avoiding certain local minima. These findings highlight QNG as a promising tool for optimizing variational
quantum algorithms in noisy intermediate-scale quantum devices.
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I. INTRODUCTION

Hybrid quantum-classical variational algorithms [1–3] are
essential for exploring the potential of noisy intermediate-
scale quantum (NISQ) devices [4]. These algorithms combine
classical computation with quantum processing, where classi-
cal resources are used to optimize the parameters of quantum
states. By employing heuristic techniques, they tackle vari-
ational problems, for instance combinatorial optimization
tasks, which are both prevalent and critical in many real-world
applications [5]. Consequently, these methods have garnered
substantial interest from industries looking to leverage quan-
tum computing, as solving such problems remains notoriously
difficult for classical algorithms alone.

The quantum approximate optimization algorithm
(QAOA) [6] stands out among hybrid variational algorithms
for its promise in achieving quantum speedups on NISQ
devices, drawing considerable interest [7]. QAOA has been
successfully implemented across a variety of experimental
platforms, such as Rydberg atom arrays [8,9], super-
conducting processors [10], and trapped-ion systems [11].

Similarly to other hybrid algorithms, QAOA involves ap-
plying a series of parameterized quantum gates to a quantum
state with the goal of minimizing the expectation value of
an observable, typically the system’s Hamiltonian. The clas-
sical part of the algorithm optimizes the gate parameters to
achieve this minimization, requiring frequent evaluations of
the Hamiltonian’s expectation value [12]. The interplay be-
tween quantum execution and classical optimization demands
repeated runs of the quantum circuit, making the process
resource intensive. This implies that finding the minimum of
the cost function in fewer steps plays a crucial role.

A significant challenge in this approach is the occurrence
of barren plateaus: large flat areas of the parameters landscape
with exponentially small gradients as the number of qubits and
circuit depth increase [13]. This problem can be exacerbated
by noise [14] or by employing cost functions dependent on
global observables [15].

This study will focus on a paradigmatic problem: find-
ing the ground-state preparation of the transverse field Ising
model (TFIM). In particular, we aim to combine the QAOA
with the quantum natural gradient (QNG) optimizer and eval-
uate its performance on simulations of realistic noisy quantum
devices. The quantum natural gradient was originally pro-
posed in Ref. [16] to enhance the optimization of variational
quantum algorithms. Several studies have since demonstrated
the potential advantages of using QNG techniques in these
algorithms [17–19].

The main idea is to leverage information about the geom-
etry of the Hilbert space. Specifically, this involves scaling
the gradient of the cost function by the inverse of the Fubini-
Study metric, which is the Riemannian metric in the space of
parameterized quantum systems [20]. This approach ensures
that the algorithm follows the correct direction of steepest
descent, thereby accelerating its convergence towards the
solution.

Building on this foundation, further research extended the
quantum natural gradient approach to tackle challenges such
as noise and nonunitary evolutions in quantum systems [21],
using their own noise models along with some procedure to
approximate the Fubini-Study metric.

In light of the existing work, our aim is to benchmark
the performance of the QNG optimizer against the vanilla
gradient descent optimizer on two major quantum computing
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FIG. 1. QAOA scheme: starting from an initial state, Hadamard gates prepare a superposition. Each layer alternates between the application
of the cost Hamiltonian e−iγ Hc and the mixing Hamiltonian e−iβHm . The parameters γ and β are iteratively optimized to minimize the cost
function 〈Hc〉 after the measurement phase.

platforms under realistic noise models: Rydberg atoms and
superconducting circuits.

In the current NISQ era, gradient-free optimization tech-
niques are often preferred for QAOA due to their lower
measurement overhead and simpler implementation. In this
work, we deliberately focus on gradient-based methods—not
as a recommendation for near-term optimization but rather as
a theoretical and exploratory benchmark to assess the robust-
ness of QNG under realistic noise models.

Indeed, the primary objective of this work is not to demon-
strate state-of-the-art optimization performance but rather to
investigate how the QNG responds to realistic noise condi-
tions typical of current quantum platforms. For this reason, we
adopt the TFIM as a toy model, serving as a well-understood
and controllable testbed for benchmarking the behavior of
QNG.

This work is organized as follows: In Sec. II, we briefly
review the QAOA algorithm, the transverse field Ising model,
and the quantum natural gGradient optimizer. Section III
introduces the basics of the Rydberg atoms platform, the im-
plementation of QAOA on it, the noise sources considered,
and the numerical studies performed. The subsequent Sec. V
presents the quantum circuit implementation of QAOA, the
realistic noise model used, and the simulations conducted on
this platform. Finally, in Sec. VII, we summarize the conclu-
sions drawn from this work, as well as outline future studies
and open problems in this research line.

II. QUANTUM APPROXIMATE OPTIMIZATION
ALGORITHM AND QUANTUM NATURAL GRADIENT

The QAOA is a hybrid quantum-classical algorithm origi-
nally inspired by the adiabatic theorem and designed to solve
combinatorial optimization problems. It was first proposed
by Edward Farhi and Jeffrey Goldstone in 2014 [6] and has
since become one of the most promising quantum algorithms
for near-term quantum devices. The algorithm consists of
two main components: a classical optimizer and a quantum
circuit that prepares a parameterized trial state on a quantum
computer. The key idea is to iteratively adjust the parameters

to minimize the expectation value of the cost Hamiltonian,
thereby approaching the optimal solution.

A. QAOA circuit

The QAOA circuit, as shown in Fig. 1, involves the follow-
ing steps:

(1) Initialization. The algorithm starts with an initial state:
the uniform superposition state |+〉⊗N , where N is the number
of qubits.

(2) Parameterized evolution. The state is then evolved us-
ing two types of unitary operators:

(a) Cost Hamiltonian unitary: Uc(γ ) = e−iγ Hc

(b) Mixer Hamiltonian unitary: Um(β ) = e−iβHm

Here Hc is the cost Hamiltonian and Hm is the mixer Hamil-
tonian. To explore the whole Hilbert space, it is necessary to
have [Hc, Hm] �= 0. Then the mixer Hamiltonian is chosen as
Hm = ∑N

i=1 σ x
i , where σ x

i are Pauli-X operators acting on the
ith qubit.

(3) Layered structure. The evolution is applied in layers,
where each layer consists of a pair of unitaries Uc(γ ) and
Um(β ). The depth of the QAOA circuit is determined by the
number of layers P, leading to a trial state:

|ψ (�γ , �β )〉 = Um(βP )Uc(γP ) · · ·Um(β1)Uc(γ1)|+〉⊗N .

Here �γ = (γ1, γ2, . . . , γP ) and �β = (β1, β2, . . . , βP ) are
the parameters to be optimized.

(4) Measurement and optimization. The expectation value
of the problem Hamiltonian is measured in the trial state:

Ec = 〈ψ (�γ , �β )|Hc|ψ (�γ , �β )〉. (1)

A classical optimizer adjusts the parameters �γ and �β to
minimize this expectation value, iterating the process until
convergence.

The QAOA merges the advantages of both quantum and
classical computing.

B. Application to the transverse field Ising model

In our study, we apply QAOA to the TFIM, a well-known
model in quantum mechanics and statistical physics. The
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Hamiltonian for the one-dimensional (1D) TFIM is given by:

H = −J
N∑

i=1

σ z
i σ z

i+1 − h
N∑

i=1

σ x
i , (2)

where σ z
i and σ x

i are Pauli-Z and Pauli-X operators acting on
the ith qubit, J is the interaction strength between neighboring
spins, and h is the transverse magnetic field strength. By
optimizing the parameters of the QAOA circuit, we aim at
finding the ground state of this Hamiltonian. From now on,
we work setting J = 1, h = 0.5 and with periodic boundary
conditions.

As previously mentioned, the QAOA follows a sequence
of well-defined steps while allowing flexibility in the choice
of Hamiltonians used to evolve the system. In particular,
for the TFIM, we modify the standard structure of QAOA
by defining the unitary operators governing the evolution as
Uzz(γ ) = e−iγ Hzz , where Hzz = −J

∑N
i=1 σ z

i σ z
i+1, for the first

evolution of the state. As the mixing Hamiltonian, we use
the standard form Um(β ) = e−iβHm , where Hm = −h

∑N
i=1 σ x

i .
For our numerical simulations, we set J = 1 and h = 0.5.
However, as the cost function, we measure the expectation
value of the full Hamiltonian given in Eq. (2).

This modification is motivated by the fact that the
conventional QAOA structure typically employs a mixing
Hamiltonian that has the same form as the second term in
the problem Hamiltonian Eq. (2). By adjusting the standard
procedure, we eliminate this redundancy.

By implementing the algorithm using the QuTiP library
[22], we verified that the ground state is reached at a circuit
depth of P = �N

2 � by testing different values of P using the
quantum natural gradient as optimizer. This preliminary check
will also be performed in the implementations based on Ryd-
berg atoms and IBM superconducting qubits, using the Pulser
and PennyLane backends, respectively.

This result implies that circuits with such a depth are
sufficiently expressive to capture the ground state while pre-
serving the symmetries of the Hamiltonian. Hence, we adopt
this parametrization for the algorithm’s evolution, subject to
validation during implementation on the selected platform,
which inevitably introduces certain approximations, both in
the presence and absence of noise.

The energy value obtained at the end of the optimization
procedure Ec can be compared with the exact one E0, allowing
us to compute the accuracy:

δE := Ec − E0

|E0| . (3)

The exact energy of the TFIM with J = 1 can be calculated
analytically [17,23]:

E0 = −E1 − 2
r∑

q=1

1

1 + h2 + 2h cos αq
, (4)

where r = �N/2� and⎧⎨
⎩

αq := (2q−1)π
N , E1 := 0; for N even

αq := 2qπ

N , E1 := 1 + h; for N odd.
(5)

Our implementation of QAOA on real quantum platforms,
such as Rydberg atoms and superconducting circuits, aims
to demonstrate the algorithm’s robustness and effectiveness,
even in the presence of various sources of noise.

C. Quantum natural gradient

Vanilla gradient descent, or simply gradient descent, is
an optimization algorithm used to minimize a function by
iteratively moving in the direction of the steepest descent,
defined as the negative gradient. It is widely used in machine
learning and statistics for optimizing models by adjusting their
parameters [24].

Here is a brief overview of the method: We start with an ini-
tial guess for the parameters, denoted as θ = (θ1, θ2, . . . , θn).
Next, we calculate the gradient of the loss function C(θ) and
update the parameters by moving in the opposite direction
of the gradient. The update rule for each parameter θi is
given by:

θt+1 = θt − η∇C(θt ), (6)

where η is the learning rate, a small positive number that con-
trols the step size. These steps are repeated until convergence
that is typically defined by a condition such as:

‖C(θt+1) − C(θt )‖ < εstop, (7)

where ε is a small threshold indicating that the changes in the
parameters are sufficiently small.

The update rule for gradient descent can be derived from
the following optimization problem [16]:

θt+1 = arg min
θ∈Rd

[
〈θ − θt ,∇C(θt )〉 + 1

2η
‖θ − θt‖2

2

]
. (8)

Examining this expression naturally raises the following
question: We have assumed that the geometry of the param-
eter space is Euclidean, but what happens if this assumption
does not hold and the space instead has a different Rieman-
nian structure? This question was posed by the authors in
Ref. [25], leading to the introduction of the natural gradient
algorithm.

In this algorithm, the parameter update rule is modified by
multiplying the gradient by the inverse of the Fisher infor-
mation matrix, I−1(θ ). The Fisher information matrix serves
as the Riemannian metric that captures the geometry of the
statistical model, guiding the gradient in the true direction of
steepest descent. By accounting for the local curvature of the
probability distribution space, the update rule becomes more
natural and can potentially lead to faster optimization in the
parameter space [26–29].

In direct analogy to the natural gradient algorithm, the
authors in Ref. [16] proposed extending this approach to
the quantum setting. In this context, the metric tensor is
defined on the manifold of parameterized quantum states.
For pure states, this metric is known as the Fubini-Study
metric [30]:

gi j (θ) = Re[〈∂iψ (θ)|∂ jψ (θ)〉−〈∂iψ (θ)|ψ (θ)〉〈ψ (θ)|∂ jψ (θ)〉],
(9)
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where |ψ (θ)〉 is a parameterized quantum state, and we use
the shorthand ∂i ≡ ∂

∂θi
.

With this metric, the update rule for the QNG is expressed
as:

θt+1 = θt − ηg+(θt )∇C(θt ), (10)

where g+(θt ) denotes the pseudoinverse of the metric tensor,
which is particularly useful when handling singular matrices.

We can further specify the update rule for the parameters
within the QAOA ansatz:

θt+1 = θt − ηg+(θt )∇E (θt ), (11)

where θ = (γ1, β1, γ2, β2, . . . , γP, βP ). Here E (θ) =
Tr[ρ2P(θ)Hc] represents the expectation value of the cost
Hamiltonian. Additionally, ρ2P(θ) represents the state
obtained at the end of the circuit, i.e., after evolving the
system with 2P parameters. In general, we assume this state
to be mixed.

Intuitively, the Fubini-Study metric measures the sensi-
tivity of the quantum state to changes in the parameters.
Specifically, the Fubini-Study matrix will exhibit larger en-
tries when the parameter variations significantly impact the
quantum state and smaller entries when the effect is minimal.
Consequently, since the update rule scales the gradient by the
inverse of the metric, the QNG method effectively regularizes
such changes in the parameter space.

Interestingly, this metric is related to the quantum Fisher
information matrix (QFIM), which defines the ultimate preci-
sion limit for quantum multiparameter estimation through the
quantum Cramér-Rao bound [31,32]. Specifically, the QFIM
is proportional to the Fubini-Study metric:

Fi j (θ) = 4gi j (θ), (12)

where F (θ) is the QFIM and g(θ) represents the Fubini-Study
metric.

Calculating F for arbitrary quantum states can be
complex. For rank-r density matrices, defined as ρ(θ) =∑r

n=1 λn|λn〉〈λn|, the entries of the QFIM are given by [33]:

Fab =
∑
λi∈S

(∂aλi )(∂bλi )

λi
+

∑
λi∈S

4λi Re(〈∂aλi|∂bλi〉)

−
∑

λi,λ j∈S

8λiλ j

λi + λ j
Re(〈∂aλi|λ j〉〈λ j |∂bλi〉), (13)

where S denotes the set of nonzero eigenvalues of ρ.
For pure states, this expression simplifies to the Fubini-

Study metric tensor, up to a constant factor:

Fab = 4 Re[〈∂aψ |∂bψ〉 − 〈∂aψ |ψ〉〈ψ |∂bψ〉]. (14)

Particularizing for QAOA, this can be rewritten in the fol-
lowing form:

Fab = 4 Re

[
〈ψa−1|Ha

(
b−1∏
k=a

eiθk Hk

)
Hb|ψb−1〉

− 〈ψa−1|Ha|ψa−1〉〈ψb−1|Hb|ψb−1〉
]
. (15)

This expression stems from the unitary parameter embed-
ding defined by QAOA. In this framework, the Hamiltonian
Ha = Hzz when a is odd and Ha = Hm when a is even, while
|ψa−1〉 represents the state obtained after evolving the initial
state with a − 1 parameters.

For diagonal elements, this simplifies further to:

Faa = 4 Re
[〈ψa−1|H2

a |ψa−1〉 − 〈ψa−1|Ha|ψa−1〉2
]
. (16)

To address mixed states arising from noisy circuits, we
approximate the QFIM by the expression:

Fab = 4 Re

[
Tr

(
ρa−1Ha

(
b−1∏
k=a

eiθkHk

)
Hbρb−1

)

− Tr(ρa−1Ha) · Tr(ρb−1Hb)

]
, (17)

and for diagonal elements:

Faa = 4 Re
[
Tr

(
ρa−1H2

a

) − (Tr(ρa−1Ha))2
]
. (18)

Indeed, under the assumption of mild noise, mixed states
can be expressed using the spectral decomposition as:

ρ = λ0|ψ〉〈ψ | +
d∑

m=1

λm|ψm〉〈ψm|, (19)

where the dominant eigenvector |ψ〉 approximates the ideal
quantum state [21,34,35].

Thus, when the values of λm are small (low noise), the
noisy state is close to the pure state, and Eqs. (17) and (18)
provide a good approximation for the QFIM.

D. Computation cost of QNG for QAOA

The cost of computing the diagonal approximation of
the QFIM for QAOA, as defined in Eq. (16), depends on
the number of expectation values required for each entry.
Each expectation value generally requires a separate quan-
tum circuit preparation. However, this cost can be reduced
by grouping observables into sets of commuting opera-
tors. Observables within the same commuting group can
be measured simultaneously using a single quantum circuit,
thereby reducing the total number of distinct circuits required.
This technique is a standard practice in the quantum com-
puting community to reduce the resource overhead when
estimating observables composed of many terms, such as
Hamiltonians [36].

In the worst-case scenario, for a Hamiltonian consist-
ing of m noncommuting terms—where neither the terms of
the Hamiltonian nor those of its square commute with each
other—one must evaluate O(m2) expectation values to com-
pute a single diagonal entry of the QFIM. This requires
preparing and running O(m2) different quantum circuits. To
estimate each expectation value with a precision of O(ε),
O(1/ε2) measurements are needed. Consequently, the total
measurement cost for estimating one diagonal QFIM entry is
O(m2/ε2).

If the Hamiltonians involved in QAOA have different num-
bers of terms, then the cost of estimating the full diagonal
QFIM becomes O(P(m2 + m′2)/ε2), where m and m′ are
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the numbers of noncommuting terms in the cost and mixing
Hamiltonians, respectively, and P is the number of QAOA
layers. However, as previously noted, this cost can be sig-
nificantly reduced by grouping commuting observables and
measuring them using the same circuit. This strategy is also
employed in Ref. [16] for estimating the block-diagonal ap-
proximation of the QFIM.

In our specific case of the TFIM, the cost of computing the
diagonal entries of the QFIM is substantially reduced due to
the structure of the Hamiltonian. All terms in Hzz commute
with each other, and the same holds for all terms in Hx. This
allows us to compute all required expectation values for each
diagonal QFIM entry using only one quantum state prepara-
tion per group. As a result, only 2P distinct quantum circuit
preparations are needed for the diagonal approximation of the
QFIM.

In contrast, computing the gradient requires 4mP different
quantum circuits, where m is the number of terms in both the
cost and mixing Hamiltonians.

On the other hand, computing the full QFIM is substan-
tially more costly because it requires estimating off-diagonal
terms between different layers. In general, estimating these
terms necessitates the use of the Hadamard test, which re-
quires an auxiliary qubit for each term involved in Eq. (15). To
compute a single off-diagonal QFIM entry, one must perform
O(mm′) different Hadamard tests, each requiring a separate
quantum circuit with an auxiliary qubit, where m and m′ are
the number of terms in the respective Hamiltonians Ha and
Hb from Eq. (15). Each such estimate with precision O(ε)
requires O(1/ε2) measurements, leading to a total cost of
O(mm′/ε2) measurements per off-diagonal entry.

Because the QFIM is symmetric, and assuming 2P pa-
rameters in the QAOA circuit, there are only P(2P + 1)
independent entries. Thus, the total cost of estimating the
full QFIM in terms of measurements is upper-bounded by
O(P2m2/ε2), assuming m > m′. If m′ > m, then the roles can
be swapped accordingly.

Importantly, the QFIM must be estimated at each step
of the optimization process. Due to this unfavorable scal-
ing, computing the full QFIM becomes impractical for large
problem instances. By contrast, the diagonal approximation
provides a more feasible alternative, offering potential im-
provements at a measurement cost similar to that of gradient
estimation.

Nonetheless, gradient-based optimization remains out of
reach for current near-term quantum devices. There is ongoing
research aimed at reducing the complexity of estimating both
gradients [37,38] and the QFIM [39], which may enable these
optimization strategies to become viable in practice in the near
future.

Additionally, there has been rigorous analysis of the
measurement overhead associated with variational quantum
algorithms that utilize the QNG for optimization. In Ref. [40],
the authors derive upper bounds on the number of measure-
ments required to perform QNG at each optimization step for
a given target precision. Notably, they show that, asymptot-
ically, the cost of computing the QFIM becomes negligible
compared to that of estimating the gradient, particularly as the
number of iterations and qubits increases. In this asymptotic
regime, QNG introduces only marginal additional overhead

relative to standard gradient descent, while simultaneously
improving convergence speed and overall performance. Fur-
thermore, the authors propose a general strategy for optimally
allocating measurement resources between the QFIM and the
gradient to minimize total overhead.

III. RYDBERG ATOMS IMPLEMENTATION

A quantum computer based on Rydberg atoms represents
an ideal platform for testing the efficiency of our algorithm
[41–43]. Analog quantum computing leverages the natural
evolution of a quantum system to solve specific problems.
Instead of programming discrete quantum gates (digital quan-
tum computing), physical parameters, such as magnetic fields
or laser intensities, are directly manipulated to induce a
continuous-time dynamic evolution.

In the our case, we work with a register of Rydberg atoms,
which serve as the qubits. Analog quantum computing is real-
ized by evolving this atomic register according to a specific
Hamiltonian, while continuously adjusting parameters like
detuning or laser intensity. Indeed, by acting on all atoms with
the same global pulse, one can evolve the entire system with
the following Hamiltonian:

H (t ) =
∑

i

⎛
⎝�(t )

2
σ x

i − δ(t )ni +
∑
j<i

Ui jnin j

⎞
⎠ (20)

where ni = 1
2 (1 + σ z

i ). Here �(t ) is the Rabi frequency
(which determines the strength of the interaction and it is
proportional to the amplitude of the laser field), δ(t ) (which
denotes the discrepancy between the qubit resonance and
the field frequencies) and Ui j denotes the blockade interac-
tion parameter. This latter depends on the distance between
qubits i and j: Ui j = C6/R6

i j , where C6 is a constant. By the
continuously manipulating �(t ) and δ(t ), one can achieve a
significant level of control over the system’s dynamics.

The evolution operators of the two Hamiltonians Hzz and
Hm can be easily implemented by fixing the qubit register
(thus fixing the distance between individual atoms Ri j) and
varying �(t ) to enter and exit the blockade regime. Inside
the blockade regime only the interaction terms nini+1 will be
relevant, whereas outside this regime σx will be the dominant
factor. The blockade regime is determined by the Rydberg
radius:

Rb =
(

C6

�(t )

)1/6

. (21)

In both regimes, we set the detuning value δ(t ) = Ui,i+1. In
fact, expanding the interaction term Ui,i+1nini+1 reveals that it
contains both σ z

i σ z
i+1 and σ z

i terms. The latter can be canceled
by this choice of detuning. An example of this implementation
for N = 12 can be seen in Fig. 2.

This work focuses on the simulation of pulse sequences
(including noise and imperfections) using the Pulser library
[44,45], a Python-based library specifically designed to sim-
ulate the dynamics of Rydberg atom systems by numerically
solving the full time-dependent Schrödinger equation in the
Hilbert space of the system (i.e., full state evolution). These
factors are intrinsic to real-world quantum devices and must
be accurately replicated in simulations to devise effective
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FIG. 2. Effective implementation of the two time-evolution operators of the QAOA ansatz in a Rydberg atom register. In this example with
N = 12, we demonstrate how these unitaries can be realized by transitioning in and out of the blockade regime, adjusting the value of � from
1 rad/s to 15 rad/s.

strategies for addressing them. A comprehensive explanation
of these phenomena in Rydberg platforms is provided in Ref.
[5]. Here we will briefly outline the aspects considered in this
study.

(1) State preparation and measurement (SPAM) errors.
(a) State preparation errors. Initial attempts to prepare

the state may occasionally fail to capture all atoms in the
ground state. This is modeled using a probability, p, denot-
ing the likelihood of an atom not being in the intended state
during preparation.

(b) Measurement errors. Detection inaccuracies con-
tribute to errors. These include falsely identifying an atom
in the ground state as excited (“false positives”) and vice
versa (“false negatives”).
(2) Laser noises. Laser properties such as frequency and

amplitude fluctuations impact their efficacy in addressing
atomic level transitions.

(a) Doppler effect. Thermal motion of atoms causes
Doppler shifts in the laser frequencies, altering the detun-
ing frequency.

(b) Laser waist. The Gaussian profile of laser amplitude
means atoms at the edges of the beam experience slightly
lower amplitudes compared to those at the focal point.

(c) Amplitude fluctuations. Laser amplitude varies
from pulse to pulse, influencing the consistency of laser
operations.

IV. NUMERICAL RESULTS

In this section, we assessed the performance of the QAOA
with QNG and vanilla gradient descent by analyzing their
effectiveness in preparing the ground state of the TFIM by
using Rydberg atomos platform. Our numerical studies in-
cluded comparisons of convergence rates in reaching the true
ground state from multiple random parameter initializations,

both with and without noise, as well as the number of steps
required to achieve convergence.

A. Ground-state preparation

As explained in the previous sections, the QAOA algorithm
adheres to a specific protocol, which in our case involves
initializing the state in |+〉⊗N and evolving it using the Hamil-
tonians Hzz and Hm. By strictly following this procedure, we
find numerical evidence that the ground state is attained at a
circuit depth P = �N/2�, as verified in Sec. II B.

However, as previously mentioned, it is not feasible to
evolve precisely using those two Hamiltonians since the in-
teraction term, even though it should be negligible outside the
Blockade regime, remains present and might affect the accu-
racy and the number of layers required to reach the ground
state. The same applies within the blockade regime, where
�(t ), although small, remains present.

We aimed at exploring this aspect by plotting how fidelity
varies with the number of layers P for different system sizes,
both in the presence and absence of noise (see Fig. 3). We
opted to present the fidelity trends because, in some cases,
final states with nearly identical energies may still exhibit
low fidelity values. As our primary goal is state preparation,
our focus is on how closely the achieved state overlaps with
the true ground state. The fidelity between a mixed state
and a pure state is defined as F = 〈ψg|ρ|ψg〉, where ψg is
the ground-state vector determined through exact diagonal-
ization. According to the simulation results, it is clear that
in the noiseless scenario, the ground state is achieved with
an accuracy δEopt < 10−9 when P = �N/2� + 1, where δEopt

represents the best accuracy obtained after optimization. This
accuracy is calculated as the difference between the energy
value obtained by the algorithm at convergence and the true
value [see Eq. (3)].
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FIG. 3. Growth of fidelity as a function of depth P for various system sizes (N = [6, 8, 10, 12]) and under three different scenarios:
noiseless, laser noise, and SPAM errors. We used the quantum natural gradient as the optimizer. It is noteworthy that, in each case, the highest
value of F is achieved when P = �N/2� + 1.

When two different sources of noise are introduced, we
find that the optimal fidelity is consistently reached at P =
�N/2� + 1, with accuracy ranging from 10−7 to 10−4, as N
changes. Additionally, the plots include fidelity values for
two extra layers to evaluate whether this might help the al-
gorithm in achieving the desired ground state. However, the
results indicate that adding further layers does not provide
any advantage: In the case of laser noise, the fidelity value
stabilizes at the next layer after P = �N/2� + 1 (though with
increased variance), followed by a subsequent decrease. For
spam errors, both the fidelity and its variance remain constant
for P � �N/2� + 1. This can be easily understood as adding
parameters does not increase noise, unlike the situation with
laser noise evolution.

B. Comparison of QNG against vanilla gradient descent

We evaluated the performance of QNG and standard gra-
dient descent in finding the true ground state of 1D TFIM
by testing both methods across various system sizes, setting
h = 0.5 and J = 1. The simulations were conducted under
three different conditions: noiseless, with laser noise, and with
SPAM errors. The maximum number of iterations allowed for
the optimization was set to 5000 while the convergence crite-
rion to stop the optimization procedure, according to Eq. (7),
was εstop = 10−12. The learning rate η was selected iteratively
by conducting some trials with a fixed N and choosing the
best-performing values for both methods.

Furthermore, the QNG was computed using both the full
QFIM and the diagonal approximation (which utilizes only
the diagonal elements of the QFIM). This comparison is cru-
cial for understanding the scenarios in which it is feasible to
approximate the QFIM, thus calculating fewer elements. This
is significant because the QFIM must be inverted during the
parameter update process, which incurs in additional compu-
tational overhead.

1. Noiseless case

The noiseless case results are shown in Fig. 4, where two
primary figures of merit were analyzed: the average number
of steps required to reach the ground state and the convergence
rate, representing the percentage of successful algorithm

completions in finding the ground state. Success in reaching
the ground state is defined by achieving an accuracy δEopt <

10−9, where δEopt represents the best accuracy obtained after
optimization. These values were calculated by running the
algorithm from 50 randomly chosen initial points.

An analysis of the average number of steps reveals a perfor-
mance gap between vanilla and QNG methods (both diagonal
approximation and full matrix). Initially, this gap is small for
smaller system sizes but grows as N increases. Notably, within
the simulated sizes, the difference between QNG with the
diagonal approximation and the full matrix appears minimal
at first but becomes more pronounced starting from N = 9.

Figure 4 also indicates an increase in variance as the
number of parameters P increases, attributable to the larger
variety of initial points randomly selected. Here the distinction
between the classical optimizer and its quantum counterparts
becomes apparent as well. Moreover, it is important to high-
light that the performance of the vanilla and QNG diagonal
approximation is even worse than that of the full matrix ap-
proach, as they are less robust against random initialization.

In terms of convergence rate (Fig. 4, right panel), it varies
significantly among the methods. Vanilla’s success rate de-
clines from 88% at N = 5 to 56% at N = 12. In contrast,
QNG without approximation maintains nearly 100% success
up to N = 11, with only a slight reduction to 98% at N = 12.
The gap between the two quantum methods is more noticeable
here, as the success rate for QNG with the diagonal approxi-
mation gradually decreases, reaching 88% at N = 12.

Figure 5 shows the distribution of 50 accuracy values as
a function of system size N . The most frequent accuracy
is 10−10, matching the percentage of successful outcomes
shown in the right panel of Fig. 4. The accuracy range for
vanilla widens as N increases, reaching approximately 10−6

by N = 12, indicating a performance decline. By contrast,
the QNG methods, especially the full matrix, demonstrate
a significantly smaller spread, suggesting stability and ro-
bustness. This distribution highlights the higher variability
and lower consistency of the vanilla method, particularly at
larger N , while QNG methods remain narrowly distributed
around lower values. Finally, a comparison of the two QNG
methods shows that while the full QNG consistently yields
lower errors, the diagonal approximation offers a practical
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FIG. 4. Comparison of performance metrics for the vanilla optimizer and QNG methods (both diagonal approximation and full matrix) in
the noiseless case. The left panel shows the average number of steps, n, required to reach the ground state as a function of the system size
N = [2, 12]. The right panel displays the convergence rate of each method, reflecting the percentage of successful completions in reaching the
ground state. Results demonstrate the growing performance gap between vanilla and QNG as N increases, with the QNG methods maintaining
higher success rates and lower step requirements, particularly the QNG full matrix approach.

trade-off. Despite a slight decrease in accuracy as N in-
creases, the diagonal approximation still outperforms vanilla,
making it a viable choice when computational resources are
limited.

2. Laser noise and SPAM errors cases

In the following subsection, we discuss the numerical re-
sults obtained when including both laser noise and SPAM
errors in the simulations, using the Python library pulser
[44], which was developed to simulate Rydberg atom arrays
and allows for precise control over parameters character-
izing different sources of noise. Specifically, we kept the
default temperature T = 50 µK to account for Doppler ef-
fects, as well as the Gaussian standard deviation for the
laser waist, laser_waist = 175 µm, and amplitude fluctua-
tions, amp_sigma = 0.05, which are representative values for

current experimental setups (see also the pulser documen-
tation [44] for further details). Also for the SPAM errors, we
used the default values: η = 0.005, ε = 0.01, and ε′ = 0.05,
which represent the probability of state preparation errors and
the probabilities of measurement errors (false positives and
false negatives), respectively.

Figures 6 and 7 illustrate the effects of laser noise and
SPAM errors on the performance of three methods—vanilla,
QNG with diagonal approximation, and QNG with full
matrix—as a function of system size N .

Figure 6 highlights the average number of steps n re-
quired to reach the convergence. Under both noise types, the
vanilla method (blue curves) exhibits a steep increase in n
as N grows, along with a wide confidence interval, indicat-
ing high sensitivity to noise and inconsistent performance.
The QNG diagonal approximation (green curves) provides a
notable improvement by reducing the number of steps and

FIG. 5. Comparison of noiseless accuracies for the vanilla, QNG diagonal approximation, and QNG full matrix methods as a function of
system size N . Each panel displays the distribution of 50 accuracy values (measured as δE ) for each N , obtained from different runs, with the
median value of accuracies represented by solid lines. The most populated accuracy sector is at 10−10, indicating successful convergence to
the ground state, especially for the QNG Full Matrix which is more consistent as N increases.
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FIG. 6. The effect of laser noise (left) and SPAM errors (right) on the average number of steps n required to reach the cost function
minimum as a function of system size N . The three methods compared are vanilla (blue), QNG with diagonal approximation (green), and
QNG with full matrix (red/purple). The QNG full matrix method shows the best performance, requiring fewer steps and demonstrating lower
sensitivity to noise, while the vanilla method performs the worst, with greater sensitivity and rapid growth of n as N increases.

FIG. 7. The accuracy distribution δE across 50 runs as a function of system size N for three methods—vanilla (left), QNG with diagonal
approximation (center), and QNG with full matrix (right)—under laser noise (top row) and SPAM errors (bottom row). The QNG full matrix
method achieves the lowest δE with minimal variance, indicating superior stability and robustness to noise, while the vanilla method shows
significant growth in δE and wide distributions, highlighting its high sensitivity to noise.
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showing slower growth of n with N . Its narrower confidence
interval suggests moderate robustness to noise. The QNG full
matrix method (red/purple curves) demonstrates the best per-
formance, with n remaining relatively low and growing only
slightly with N . Additionally, its narrow confidence interval
reflects strong resilience to both laser noise and SPAM errors.
These results underline the efficiency and stability of the QNG
methods, particularly the full matrix variant, in mitigating
noise-related challenges during optimization

Figure 7 provides further insights by presenting the ac-
curacy distribution δE across 50 runs for the same three
methods. For laser noise (top row), the vanilla method (left)
shows a sharp increase in δE with N , along with a wide
distribution spanning several orders of magnitude. This indi-
cates its pronounced sensitivity to noise and poor reliability.
In contrast, the QNG diagonal approximation (center) re-
duces variance and the median is slightly below compared
to the vanilla one, reflecting enhanced robustness to laser
noise. The QNG full matrix method (right) delivers supe-
rior performance, maintaining low δE values with minimal
spreadness of them, demonstrating very good stability and
accuracy.

V. QUANTUM CIRCUIT IMPLEMENTATION
AND IBM NOISE MODEL

In this section, we describe the quantum circuit imple-
mentation for the QAOA and the integration of a realistic
noise model based on calibration data from the IBM quan-
tum device, ibm_sherbrooke. This noise modeling approach
enables a more realistic assessment of QAOA’s performance
for the TFIM under hardware constraints. The use of device-
specific noise models provides valuable insights into how
noise affects the algorithm’s convergence and accuracy in
practical scenarios.

A. Circuit construction and Hamiltonian implementation

For our QAOA implementation, we employed the Pen-
nylane library [46], which enables efficient construction,
simulation, and optimization of quantum circuits. The QAOA
ansatz for solving the ground state of the TFIM consists of
alternating applications of two Hamiltonians, as described in
Sec. II A.

In this circuit-based implementation, we use Pennylane’s
Ising ZZ two-qubit gates:

ZZ (γ ) = exp
(
−i

γ

2
σz ⊗ σz

)
,

for the interacting terms appearing in the cost Hamiltonian,
and single-qubit Rx rotations:

Rx(β ) = exp

(
−i

β

2
σx

)
,

for the transverse terms representing the mixing Hamilto-
nian. Here the trainable parameters γ and β represent the
strength of the interaction and the angle of the rotation,
respectively.

Each QAOA layer is composed of a sequence of these
gates, where all Rx gates in a layer share a common trainable

FIG. 8. An example of the quantum circuit for QAOA with N =
4, implemented using the Pennylane library.

parameter β, and all ZZ gates share a common trainable pa-
rameter θ . Importantly, all ZZ gates within a layer commute,
which enables an efficient application of the interaction terms.
A particular example of the quantum circuit for QAOA with
N = 4 is depicted in Fig. 8.

B. Noise model derived from IBM device calibration data

To simulate the realistic behavior of quantum circuits
on physical hardware, we incorporated a noise model
based on ibm_sherbrooke’s calibration data. Using Qiskit’s
Aer simulator [47], we utilized the backend properties of
ibm_sherbrooke to define noise characteristics, which were
then applied during circuit execution. The calibration data for
this specific device is provided in Table I. This noise model
accounts for several key factors:

(1) Gate error probability: The likelihood of errors for
each basis gate, derived from calibration data, is specific to
each qubit and gate type.

(2) Gate duration: Each gate’s execution time, contribut-
ing to noise exposure, is recorded from device properties.

(3) Relaxation time constants: The T1 (relaxation) and T2

(dephasing) times for each qubit are included, allowing for
accurate modeling of qubit decoherence during computation.

(4) Readout error probability: This factor represents the
probability of classical bit-flip errors in measurement results,
based on qubit-specific readout performance.

Model composition

The noise model is implemented with the following com-
ponents:

(1) Single-qubit gate errors: Simulated as a combination
of a single-qubit depolarizing error followed by a thermal re-
laxation error. The thermal relaxation parameters are obtained
from each qubit’s T1, T2, and gate duration.

(2) Two-qubit gate errors: Modeled as a two-qubit depo-
larizing error followed by thermal relaxation errors applied to
both qubits in the gate.

(3) Measurement errors: Single-qubit readout errors, mod-
eled as classical bit-flip probabilities, are applied to the
measured outcomes to simulate imperfections in readout fi-
delity.

To match the real device’s noise characteristics, the depo-
larizing and thermal relaxation parameters are adjusted so that
the composite error rate reflects the reported gate error in the
backend properties. This noise model dynamically updates
based on calibration data from ibm_sherbrooke, ensuring
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FIG. 9. Fidelity growth as a function of circuit depth P for var-
ious system sizes (N = [6, 8, 10, 12]) in the noiseless case for the
quantum circuit implementation. Consistent with previous numerical
studies, the highest fidelity F is achieved at P = �N/2�.

it remains accurate across different device calibrations and
closely mirrors real device behavior.

VI. NUMERICAL RESULTS

In this section, we report numerical experiments conducted
using quantum circuits with a realistic noise model derived
from an IBM quantum processor. These simulations are orga-
nized into two primary categories: (1) analysis of the fidelity
of the QNG optimizer with the full Fubini-Study metric across
varying circuit depths and (2) comparison of the QNG opti-
mizer (using both the full Fubini-Study metric and its diagonal
approximation) against vanilla gradient descent, both in the
presence and absence of noise.

A. Ground-state preparation

In this experiment, we investigate how fidelity varies with
the number of layers P for different system sizes under noise-
less conditions. The results are shown in Fig. 9. In contrast to
results obtained on the Rydberg atoms platform, our noiseless

simulations indicate that the ground state can be achieved with
an accuracy of 10−10 when P = �N/2�, as predicted by nu-
merical results [6]. However, in the presence of noise, we were
unable to reproduce the same experiment, as the current Qiskit
plugin for the PennyLane library does not support outputting
density matrices from the quantum circuit. Nevertheless, we
expect a similar trend as in the previous implementation on the
Rydberg atom platform: increasing the number of layers also
increases the noise in the quantum circuit, leading to lower
fidelity.

B. Comparison of QNG against vanilla gradient descent

We compared the performance of the QNG optimizer,
using both the full Fubini-Study metric and its diagonal
approximation, against Vanilla Gradient Descent in both
noiseless (see Fig. 10) and noisy scenarios.

1. Noiseless case

In the noiseless case, we conducted simulations for system
sizes N = [2, 12] and ran 50 trials with different initial condi-
tions to assess the robustness of the optimizers against random
initializations. Additionally, we aimed to evaluate the extent to
which the diagonal approximation allows the QNG optimizer
to outperform vanilla gradient descent. For the noiseless simu-
lations, we used a learning rate of η = 0.01, and the maximum
number of iterations for the optimization was 5000. Moreover,
the convergence criterion to stop the optimization procedure,
according to Eq. (7), was εstop = 10−12, while the convergence
criterion to the true solution was the same as for Rydberg
atoms, defined as δEopt < 10−9, where δEopt represents the
best accuracy obtained after optimization.

As with the simulations on the Rydberg atoms platform,
we plotted the average number of steps required for each op-
timizer to converge, along with the standard deviation across
different system sizes. We also plotted the convergence rate
for each optimizer across these system sizes, as shown in
Fig. 11.

The results indicate that quantum natural gradient consis-
tently outperforms vanilla gradient descent, exhibiting both
faster average convergence and greater robustness to ran-
dom initializations, as demonstrated by reduced variance in
the number of optimization steps. Additionally, while the

FIG. 10. Comparison of noiseless accuracies for the vanilla, QNG diagonal approximation, and QNG full matrix methods as a function of
system size N . Each panel displays the distribution of 50 accuracy values, measured as δE , with the median of the accuracy represented by
solid points. The rightmost plot is a zoomed-in view of the QNG full matrix accuracies.
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FIG. 11. On the left, the average number of steps n needed to reach the ground state as function of the systems size N = [2, 12] in the
noiseless scenario. On the right, the convergence rate of QNG (full and with diagonal approximation) and vanilla in the noiseless scenario as
function of the system size N = [2, 12].

convergence rate of quantum natural gradient remains at
100%, the convergence rate of vanilla declines significantly
with increasing system size, highlighting the superior perfor-
mance of quantum natural gradient for larger problem sizes.
However, for small system sizes, the performance of QNG
with the diagonal approximation is inferior to that of vanilla,
exhibiting a similar decline in convergence rate. After N = 9
spins, QNG begins to outperform vanilla in terms of conver-
gence rate, achieving a 20% convergence rate compared to the
0% convergence rate of vanilla. Thus, we conclude that in this
specific implementation of QAOA applied to the TFIM using
quantum circuits, the diagonal approximation only becomes
significant in surpassing vanilla when the system size in-
creases, leading to improved convergence. Meanwhile, QNG
with the full Fubini-Study metric consistently achieves better
results on average across noiseless experiments for all system
sizes. This highlights the theoretical advantage of QNG, and
its diagonal approximation, over vanilla.

Moreover, we note that the strong robustness of QNG
against random initializations and its reduced variance in op-
timization steps can be attributed to a distance regularization
phenomenon, as mentioned earlier. This effect suggests that
QNG is effectively regularizing distances within the space of
quantum states. Additionally, the superior convergence rate
of QNG may also indicate its ability to avoid certain local
minima [17].

Additionally, as in the numerical experiments on the Ryd-
berg atom platform, we plotted the distribution of 50 accuracy
values as a function of system size N for the different opti-
mizers (Fig. 5). We observe that the QNG optimizer with the
full Fubini-Study metric is the only one that maintains low
accuracy with minimal variability as the system size increases,
remaining below 10−12. In contrast, the vanilla optimizer and
QNG with the diagonal approximation perform poorly as the
system size increases and exhibit a wider distribution of accu-
racy values.

Moreover, this reduced variance highlights the robustness
of QNG against random initializations—regardless of the ini-
tial parameter configurations, QNG consistently converges
close to the true solution. Regarding the comparison between
the diagonal approximation and vanilla, we observe that al-

though both perform significantly worse than QNG with the
full matrix, QNG with the diagonal approximation achieves
solutions closer to the true one, with a distribution of values
more shifted towards the correct solution. Thus, we conclude
that even when using the diagonal approximation, better re-
sults can be obtained compared to the vanilla optimizer.

2. Noisy case

For the noisy case, due to technical limitations related to
the online connectivity required to obtain the noise model
provided by IBM, which had to be loaded at each optimization
step, we were only able to run simulations for system sizes
N = [2, 8] and for 50 initial conditions. This limitation arose
because the prolonged runtime of each optimization step for
larger system sizes increased the likelihood of connectivity
loss, leading to errors in retrieving the noise model. Neverthe-
less, the trend is clear enough that additional simulations are
unnecessary to conclude that, in the noisy case, the algorithms
with the different optimizations perform equally poor, with
QNG providing no advantage. In the optimization, we used
the same learning rate η and maximum number of iterations
as in the noiseless case. However, the convergence criterion

FIG. 12. Average number of steps n needed for convergence as
function of the system’s size N = [2, 8] in presence of noise.
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FIG. 13. Comparison of noisy accuracies for the vanilla, QNG diagonal approximation, and QNG full matrix methods as a function of
system size N . Each panel displays the distribution of 50 accuracy values, measured as δE , with the median of the accuracy represented by
solid points.

and the condition for achieving the true solution were relaxed
to account for potential imperfections caused by noise. These
were set to εstop = 10−8 and εtrue = 10−6, respectively.

In these experiments, due to the inability of the algorithms
to reach the true solution because of noise, we decided not
to plot the convergence rate but rather the accuracy [see (3)]
obtained from the 50 runs for each optimizer. We can observe
the plot for the average number of steps for the different
optimizers in Fig. 12. Additionally, the accuracy plots for the
different optimizers are shown in Fig. 13.

From the accuracy plot, it is evident that none of the op-
timizers is able to prepare the true ground state of the TFIM
using this realistic noise model, as indicated by the high values
of accuracy. As previously mentioned, this may arise because
this problem is not well suited for noisy digital quantum
computers, resulting in gate decomposition into native gates
that leads to overhead. This, combined with high noise levels,
yields very poor outcomes for the quantum algorithm. Fur-
thermore, the trend in the average number of steps is relatively
similar across the three optimizers. Thus, we can conclude
that for QAOA applied to the TFIM using quantum circuits
with a realistic noise model from an IBM quantum device,
QNG offers no advantage over vanilla gradient descent, as
both optimizers yield unsatisfactory results.

VII. CONCLUSIONS AND OUTLOOK

This work evaluated the performance of the QNG opti-
mizer within the QAOA, benchmarking its efficacy on two
prominent quantum computing platforms: Rydberg atoms and
superconducting circuits. The results provide significant in-
sights into the potential of the QNG optimizer to enhance the
optimization of variational quantum algorithms, even in the
presence of noise, such as that encountered in NISQ devices.

Across both platforms, QNG consistently outperformed
vanilla gradient descent, achieving faster convergence and
greater robustness to random initializations. This suggests
that QNG effectively regularizes distances within the space
of quantum states. Furthermore, QNG demonstrated a higher

convergence rate to the true solution, successfully avoiding
certain local minima. On the Rydberg atoms platform, the
diagonal approximation of the quantum Fisher information
offered a computationally efficient alternative without signif-
icantly compromising performance, making it a viable choice
for larger systems.

Rydberg atom platforms demonstrated superior perfor-
mance compared to superconducting circuits. The analog
implementation on Rydberg systems eliminates the need for
local qubit addressing, a common experimental challenge in
digital platforms. Furthermore, Rydberg platforms exhibited
remarkable robustness against noise, enabling ground-state
preparation with high fidelity under realistic conditions. In
contrast, superconducting circuits struggled under noise, with
decoherence effects so severe that ground-state preparation
became unattainable. This limitation was further exacerbated
by the gate decomposition overhead required to implement
QAOA on digital hardware, which increases circuit depth and
amplifies noise effects.

Simulations on superconducting platforms highlighted
their sensitivity to noise. Despite QNG’s theoretical
advantages, the combined effects of gate decomposition and
noise rendered the algorithm ineffective for state preparation
in this setting.

While the quantum natural gradient appears to be a very
promising method for enhancing variational algorithms, it
is important to consider the cost associated with computing
the full quantum Fisher information matrix, which becomes
impractical for a large number of parameters. Future research
should focus on finding methods to reduce the scaling of the
computation of the full QFIM. This could include restricting
the approach to specific variational architectures with favor-
able scaling or developing improved protocols to compute it
using fewer quantum resources.

Additionally, new approximations to the QFIM should be
investigated, particularly for efficiently computing the off-
block-diagonal terms. A natural next step for this work would
be to incorporate shot noise into the numerical simulations and
study how the inverse QFIM behaves under these conditions,
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as well as how this affects the performance of QNG. Another
potential research direction would be to explore ways to derive
a simpler expression for the QFIM in the presence of noise,
beyond its current formulation in terms of the diagonalization
of the density matrix.

In summary, the QNG optimizer is a highly advanta-
geous method for enhancing the optimization of variational
algorithms. It enables faster average convergence, greater
robustness against random parameter initializations, and an
improved ability to avoid certain local minima. Furthermore,
our results demonstrate that QNG exhibits robustness against
realistic noise during optimization. Thus, we firmly believe
that incorporating QNG for the optimization of variational
quantum algorithms is highly promising, provided that sig-
nificant progress is made in reducing the computational cost
of gradient evaluation and QFIM estimation on real hardware.

Finally, we want to emphasize that, despite the strong
potential of QNG—offering more stable convergence and
improved resilience to noise—these benefits come with signif-
icant computational costs. In particular, evaluating the QFIM,
whether exactly or approximately, introduces substantial
overhead in both classical post-processing and quantum
measurement resources. As a result, the practical use of
QNG is currently limited to small-scale simulations or
hypothetical future scenarios where these costs may become
more manageable.
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APPENDIX: CALIBRATION DATA FROM THE IBM
DEVICE ibm_sherbrooke

In this Appendix, we present the calibration data from
the IBM device ibm_sherbrooke, which were used as pa-
rameters for our noise model during circuit execution. The
calibration data are shown in Table I.

TABLE I. Calibration data from the IBM quantum device ibm_sherbrooke, which was used to construct the realistic noise model. The
ECR gate, used as a basis gate in IBM quantum processors, is a maximally entangling gate and is equivalent to a CNOT gate up to single-qubit
prerotations. The numbers indicate the qubits to which the gate is applied and the order in which it is applied. Note that blank spaces for the
ECR gate in some rows indicate that the gate is only available in the specific order given by the table.

Prob Prob Readout

meas0 meas1 assignment RZ

Qubit T1 (µs) T2 (µs) prep1 prep0 error ID error error SX error X error ECR error Gate time (ns)

0 351.63 252.89 0.26 0.23333 0.24667 0.0001205 0 0.0001205 0.0001205

1 391.24 383.13 0.0172 0.0228 0.02 0.0001565 0 0.0001565 0.0001565 ecr1_2:0.0049;ecr1_0:0.0064 ecr1_2:533.333;ecr1_0:533.333

2 268.69 170.39 0.0194 0.0338 0.0266 0.0002395 0 0.0002395 0.0002395

3 281.24 259.83 0.53667 0.35 0.44333 0.0002122 0 0.0002122 0.0002122 ecr3_2:0.00619 ecr3_2:533.333

4 410.16 440.13 0.65667 0.2 0.42833 0.0001117 0 0.0001117 0.0001117 ecr4_3:0.00444 ecr4_3:533.333

5 263.77 290.03 0.58 0.30333 0.44167 0.0002235 0 0.0002235 0.0002235 ecr5_4:0.00742 ecr5_4:533.333

6 320.37 263.67 0.56 0.28333 0.42167 0.0002429 0 0.0002429 0.0002429 ecr6_5:0.00575 ecr6_5:533.333

7 342.18 287.59 0.27333 0.46 0.36667 0.0034641 0 0.0034641 0.0034641 ecr7_6:0.00762;ecr7_8:0.01442 ecr7_6:533.333;ecr7_8:533.333

8 246.37 247.17 0.49 0.30667 0.39833 0.0001891 0 0.0001891 0.0001891 ecr8_9:0.0054 ecr8_9:533.333

9 397.17 69.63 0.59333 0.31 0.45167 0.0006543 0 0.0006543 0.0006543

10 272.59 192.26 0.0134 0.0044 0.0089 0.0002901 0 0.0002901 0.0002901 ecr10_11:0.00676;ecr10_9:0.01087 ecr10_11:533.333;ecr10_9:533.333

11 250.45 93.71 0.45667 0.41333 0.43500 0.0001855 0 0.0001855 0.0001855
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