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Abstract. Variational Quantum Eigensolver requires many circuit ex-
ecutions, making it ideal for distributed parallelization. However, het-
erogeneous noise in NISQ devices can skew results and efficiency. Using
the CUNQA platform for emulation of virtual QPUs, we evaluate three
embarrassingly parallelization strategies (shot-level, circuit-level for gra-
dients and observables and candidate level for population-based optimiz-
ers) across metrics like speedup and accuracy.

Keywords: Distributed VQE · HPQC · Noise · CUNQA

1 Introduction

Current quantum devices are still constrained by the limitations of the Noisy
Intermediate-Scale Quantum (NISQ) era: reduced number of qubits, imperfect
gates, restricted connectivity, finite coherence times, and readout errors [24]. One
route towards scalability is Distributed Quantum Computing (DQC), where sev-
eral smaller quantum processing units (QPUs) are considered as part of a larger
computational framework [4]. In the current context, where quantum commu-
nication between QPUs is not yet generally available, it is particularly relevant
to investigate strategies in which independent quantum tasks are executed sep-
arately and their results are combined through classical post-processing.

Variational Quantum Algorithms (VQAs) are well suited to this latter set-
ting. They rely on a hybrid quantum-classical loop in which a parametrized
quantum circuit is executed on a QPU and a classical optimizer updates its pa-
rameters according to a cost function [7]. The Variational Quantum Eigensolver
(VQE) is a representative example, whose goal is to approximate the ground-
state energy of a Hamiltonian by minimizing the energy expectation value of a
parametrized trial state [21].

VQE’s high demand for circuit evaluations makes it ideal for parallel exe-
cution. However, in NISQ scenarios, hardware noise heterogeneity compromises
quantum tasks executions. Since QPUs have varying error profiles, the way tasks
are assigned can significantly impact execution time, optimization trajectories,
and final accuracy.
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The goal of this work is to study embarrassingly parallel strategies for VQE
in realistic distributed NISQ environments with heterogeneous noise profiles us-
ing CUNQA, a DQC emulator designed for HPC environments that supports
configurable virtual QPUs and backend-dependent noisy simulations [32]. We
compare three distributed workflows: shot-level parallelization, circuit-level par-
allelization associated with observables and gradient-related evaluations, and
population-level parallelization for a gradient-free optimizer.

2 Background

2.1 Variational Quantum Eigensolver

The Variational Quantum is a hybrid quantum-classical algorithm designed
to estimate the ground-state energy of a physical system. A quantum proces-
sor prepares a parametrized trial state

∣∣ψ(θ)〉 = U(θ) |ψ0⟩, where U(θ) is a
parametrized quantum circuit and θ is the vector of variational parameters. The
classical processor updates these parameters in order to minimize the energy
expectation value

E(θ) =
〈
ψ(θ)

∣∣H ∣∣ψ(θ)〉 . (1)

By the variational principle, this quantity is an upper bound to the exact ground-
state energy. Therefore, the VQE solution is obtained as EVQE = minθ E(θ).

In this work, the target Hamiltonian is the one-dimensional Transverse Field
Ising Model (TFIM) [22],

H = −J
N∑
i

ZiZi+1 − Γ

N∑
i

Xi = Hzz +Hx, (2)

with periodic boundary conditions, J = Γ = 1, and N = 6 spins for this work.
The one-dimensional TFIM is a convenient benchmark because it is analyti-
cally solvable for an arbitrary system size and, for the small system considered
here, the exact ground-state can also be obtained by classical diagonalization.
In addition, suitable variational circuits are known to prepare its ground state
accurately for relatively large spin chains, making the model useful for testing
optimizer behaviour and distributed VQE workflows [34].

The variational circuit is built using the Hamiltonian Variational Ansatz [1]
(HVA). For the TFIM, the interaction (Hzz) and transverse-field (Hx) contribu-
tions form two commuting groups, leading to the layered unitary

U(θ) =

NL∏
ℓ=1

e−iHzzθ2ℓ−1e−iHxθ2ℓ , (3)

where NL is the number of ansatz layers, which for this work we have chosen to
be NL = 3[35]. Thus, the circuit contains two variational parameters per layer.
The initial state is chosen as |ψ0⟩ = |+⟩⊗n

, which is the ground state of the
transverse-field term and can be prepared with a layer of Hadamard gates.
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The energy is estimated by measuring the expectation values of the Pauli
terms in Eq. (2) which correspond to qubit-wise commuting (QWC) groups [31]:
elements of Hzz can be measured directly in the computational basis, while
elemts from Hx need of Hadamard rotations to measure in the X-basis.

2.2 Optimizers

The choice of optimizer strongly affects VQE performance, especially under noise
[15]. In this work, three representative optimizers are considered. COBYLA [23]
is used as a local gradient-free baseline. Quantum Natural Gradient [30](QNG)
uses geometric information from the quantum state space through the Fubini–
Study metric or, equivalently, the real part of the Quantum Geometric Tensor
(QGT). Differential Evolution [8,10](DE) is a population-based global optimizer
in which several candidate parameter vectors are evaluated at every generation.
Together, these methods allow us to analyze three complementary embarrass-
ingly parallel strategies.

2.3 VQAs in noisy environments

Noise is one of the main limitations for VQE executions on NISQ hardware.
Coherent gate errors, decoherence, dephasing, and readout inaccuracies affect
the prepared state and can significantly degrade the final energy estimate [12].

Noise can strongly impair VQA trainability. Barren plateaus, where gradients
vanish exponentially with system size, affect both gradient-based and gradient-
free optimization [16,13,2]. Moreover, noise-induced barren plateaus (NIBP) have
been shown to arise with circuit depth and are described as conceptually different
from the noise-free BP [33]. As a result, mitigation strategies designed to avoid
regular BP may not be sufficient in noisy environments.

In distributed VQE executions these effects become more subtle: circuits,
shots, or population candidates may be assigned to QPUs with different noise
profiles, combining estimates affected by different backend-dependent errors.
Consequently, the optimizer does not interact with a single noisy realization
of the cost function, but with values whose noise contribution may depend on
the task-to-QPU assignment. Understanding this interplay between noise, task
distribution, and optimizer behaviour is therefore essential for assessing em-
barrassingly parallel VQE in realistic NISQ environments, where the choice of
optimizer can strongly affect both convergence and final accuracy [15].

2.4 Distributed Quantum Computing

In Distributed Quantum Computing (DQC), multiple QPUs are used as part of
a larger computational stack, often in an HPC setting where quantum hardware
acts as an accelerator alongside CPUs/GPUs [26,4]. This integration is particu-
larly natural for variational algorithms: the quantum device evaluates the cost
function, while classical resources orchestrate the optimization loop and, when
several QPUs are available, can schedule independent quantum tasks in parallel.
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Following [4], DQC approaches can be grouped into: (i) circuit distribution,
which executes a single large circuit across devices and requires quantum and
classical communication networks; (ii) circuit cutting/knitting [20]; and (iii) em-
barrassingly parallel execution, where independent tasks are offloaded to different
QPUs and aggregated classically.

Here we focus on embarrassingly parallel VQE under heterogeneous noise,
studying shot-level, circuit-level, and candidate-level task distribution and their
impact on execution time, parallel efficiency, convergence, and final accuracy.

3 Parallelization workflows

This section describes the three embarrassingly parallel workflows considered
in this work. In all cases, the optimizer remains responsible for proposing new
parameters and generating the needed quantum tasks, then those are distributed
and gathered before the next optimization step. The strategies differ in the
granularity of the distributed task: shots, circuits.

(a) Shot-level (b) Circuit-level (c) Parameter-candidate

Fig. 1. Workflows for the three embarrassingly parallel distribution strategies.

3.1 Shot-level distribution

Shot-level distribution can be applied to any circuit evaluation in the VQE loop.
For each circuit Ci(θ), the total shot budget M is split into batches and exe-
cuted in parallel across the available QPUs (Fig. 1a), so that each quantum unit
runs the same circuit with only a fraction of the samples. The resulting partial
counts are put together and then expectation values are computed from the ag-
gregated distribution as in a single-QPU run. This strategy maximizes resources
utilization even when few independent circuits are available, but in heteroge-
neous pools it mixes samples from different noise profiles, so the estimator can
depend on the shot-to-QPU allocation.

3.2 Circuit-level distribution

For a fixed parameter vector θ, the VQE workflow may require several inde-
pendent circuit executions before a single optimizer update can be performed;
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here the parallel unit is a complete circuit rather than a subset of shots. As
shown in Fig. 1b, these circuits can be assigned to different QPUs, executed
independently, and gathered afterwards in the post-processing stage. This sit-
uation appears naturally in the evaluation of Hamiltonians decomposed into
different terms or measurement groups, for which the energy (cost) associated
with a given parameter vector is reconstructed as the sum of the evaluations of
many observables that can each land on a different quantum unit. The quantum
tasks required depend on how the optimizer carries out the parameter update.

COBYLA proposes a single parameter vector per optimization step, therefore
a single cost evaluation. For this work, that makes a total of 2 circuit evaluations
per optimization step.

DE produces a configurable-size population of candidate parameter vectors,
each requiring its own cost evaluation. For this case, that is 2×6(num. param.)×
popsize(configurable)= 12×popsize circit evaluations.

QNG, apart from the energy evaluation of the current parameter vector,
also requires of gradient-related and metric-related quantities. Gradient estima-
tion in VQAs generally requires multiple circuit evaluations per optimization
step, resulting in a substantial computational overhead [36,28]. In addition, the
number of circuits needed for estimating QGT elements depends strongly on
the ansatz structure. Taking the block-diagonal approximation of the tensor
[30] and HVA, QNG needs a total of 2 × 2(energy shifts) × 6(num. param.) ×
6(param. multiplicity) + 6(QGT diagonal) = 150 circuit evaluations.

In heterogeneous pools, a fixed circuit-to-QPU mapping may repeatedly asso-
ciate specific observables, shifted energies, or QGT terms with the same backend
noise profile. For this reason, we consider an ordered permutation of task assign-
ment across optimization steps.

3.3 Parameter-candidate distribution

In this workflow (Fig. 1c), designed for population-based optimization methods
as Differential Evolution, the parallel unit is a complete candidate parameter
vector. The optimizer generates a population {θ1, . . . ,θp} and each candidate is
assigned to a QPU for the evaluation of the cost function. The main difference
with the circuit-level strategy applied to DE is that here all circuits from the
same individual are executed on the same QPU. Thus, each quantum unit is
employed for the cost estimate of one candidate.

In heterogeneous configurations, a fixed candidate-to-QPU assignment may
systematically favor or penalize individuals depending on the backend noise pro-
file. For this reason, we also consider the above mentioned permutation strategy
across generations.

4 Implementation details

The simulations presented in this work were carried out using CUNQA within
the HPC infrastructures of CESGA. CUNQA provides a framework to emulate
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distributed quantum computing workflows through virtual QPUs (vQPUs) de-
ployed as independent computational resources [32]. Each vQPU is associated
with a specific backend, including gates, connectivity, and a noise model derived
from calibration data. We build heterogeneous pools using backend data from
three IBM (Berlin, Boston, Marrakesh) and one OQC (Qmio [6]) quantum com-
puters. Calibrations correspond to June 2026. The choice of simulator for the
vQPUs was Qiskit AerSimulator, and each of them was deployed on one com-
pute node (64 CPU cores, 15 GB per core), emulating a co-located QPU–HPC
integration model [32].

A custom Python library, integrated with CUNQA, manages the VQE work-
flow by asynchronously distributing tasks across vQPUs. It then processes mea-
surement results into energies, gradients, or fitness values before each classical
optimizer update. The COBYLA and Differential Evolution optimizers are im-
plemented via scipy.optimize. The Quantum Natural Gradient optimizer is
implemented explicitly for this work using Qiskit, CUNQA, and NumPy.

To ensure reproducibility, a global seed is propagated across all stages, from
transpilation to noisy vQPU executions. This prevents stochastic fluctuations
from masking the actual effects of parallelization strategies or noise profiles,
allowing for fair comparisons between configurations.

Regarding optimization details, parameters are all initialized around π/5 [19]
and the number of shots is set to 104, unless otherwise stated.

5 Results

This section compares the three distributed VQE workflows introduced above:
shot-level, circuit-level, and candidate-level distribution. The results are ana-
lyzed from two complementary perspectives. First, we study the impact of the
distribution strategy on the optimization path and final VQE accuracy. Second,
we evaluate the speedup and parallel efficiency.

5.1 Optimization paths under heterogeneous noise

Fig. 2 shows single vQPU optimizations using the four mentioned backends. Due
to noise, all optimizers converge above the exact ground-state energy, shown by
the dotted line. As circuit depth increases, noise can flatten the energy landscape
and induce vanishing gradients, limiting further improvement [33]. This plots
give us an idea of how noisy each device is: IBM Berlin appears to exhibit more
favorable convergence behavior, likely due to its longer coherence times and
lower gate error rates, whereas Qmio shows less favorable convergence under the
opposite hardware conditions.

Different configurations of popsize (pop) and learning rate (lr) for DE and
QNG were swiped, since these hyperparameters are strongly dependent on the
problem it is convenient to do so. Fig. 2 shows good behaviour for a learning
rate of 0.1 for QNG, whereas the convergence speed of DE does not appear
to depend strongly on the population size for this particular case. Given these
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Fig. 2. Reference optimization paths for single vQPU executions.

circumstances, for the parallelization performance study we set a fixed value for
these parameters.

Fig. 3 compares distributed optimizations with progressively more, and in-
creasingly lower-quality, vQPUs. The achieved energy generally worsens as addi-
tional backends are included. Shot-level distribution results are actually a clear
reflection of this: since counts are aggregated and the outcome is largely deter-
mined by the average device quality, all optimizers are similarly affected.

Circuit-level distribution makes QNG particularly sensitive to lower-quality
backends. Since QNG can become unstable when the local geometry is ill-
conditioned or the effective step is too large [37], noise in the comparatively
few QGT evaluations may strongly distort the update, leading to unstable or
oscillatory convergence, as shown in Fig. 3. Ordered permutation can further
aggravate this effect by repeatedly assigning a larger fraction of QGT circuits to
the poorest backend.

For COBYLA, circuit-level distribution is only considered for the 2 vQPUs
case: it needs of a single cost evaluation, which requires as many circuit evalu-
ations as QWC observables are present in the energy Hamiltonian (2). Its be-
haviour is consistent with the rest of the optimizers.

DE remains resilient under circuit-level distribution because its selection
mechanism can reject candidates whose cost estimates are degraded by circuits
executed on poorer backends. A similar effect occurs for candidate-level dis-
tribution, where only a subset of individuals is directly affected, although no
substantial improvement in convergence speed is observed. In both cases, per-
mutation redistributes backend-induced bias across the population, preventing
the same candidates from being persistently affected by poorer backends. This
allows more reliable cost estimates to enter the selection process and leads to a
slight overall improvement in convergence speed.

5.2 Speedup and parallel efficiency

The speedup and efficiency results indicate that the benefit of distribution de-
pends on task granularity. For N vQPUs, these are computed as

SN =
T1
TN

, ηN =
SN

N
(4)
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Fig. 3. Optimization paths obtained with 2, 3, and 4 vQPUs for the three distributed
VQE workflows. The dotted horizontal line marks the reference ground-state energy.

where T1 is the time per iteration for a single vQPU optimization, while TN is
the one for a N -vQPUs optimization. The ideal scaling corresponds to SN = N
and ηN = 1.

The number of shots and candidates is varied to assess the effect of task
granularity. No additional levels are considered for circuit distribution, since all
circuits constitute equivalent distribution units.

Fig. 4 shows that shot-level distribution scales poorly at low sampling bud-
gets across all optimizers, due to distribution and aggregation overhead dominat-
ing execution time. Since finite-shot sampling is a major VQA bottleneck [24],
the improved scaling at higher shot counts suggests that parallelization is most
beneficial in measurement-intensive regimes. When overhead remains dominant,
measurement-efficient techniques may offer a better alternative (see Section 6).

Circuit-level distribution performs well for both QNG and DE, since each
optimization step requires several independent circuit evaluations that can be
executed in parallel. QNG shows slightly better scaling, as expected, because it
requires a larger number of circuits per step in our setup. However, as discussed
in the previous section, this strategy may be particularly sensitive to backend
heterogeneity. For COBYLA, the analysis is limited to two vQPUs; within this
restricted range, a slight improvement is observed, suggesting that circuit-level
distribution could become more beneficial for problems requiring a larger number
of circuit evaluations.
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Fig. 4. Speedup and parallel efficiency for optimizers under the distributed workflows.

Candidate-level distribution becomes more effective as the DE population
size increases, since a larger number of independent candidates can be evaluated
concurrently, improving vQPU utilization, speedup, and efficiency.

6 Related work

Several previous works have explored distribution workflows related to those
studied here. For instance, at the shot level, reliability-aware frameworks allocate
sampling batches according to device calibration [5], while measurement-efficient
methods reduce the required sampling when distribution overhead remains dom-
inant [14,3]. On the other hand, at the circuit level, QUDIO and Shuffle-QUDIO
distribute VQE subproblems across quantum–classical nodes and report run-
time acceleration through parallel circuit execution [9,25]. More recently, Graph-
VQE combines parallel Hamiltonian-term evaluation with block-wise parame-
ter optimization and considers both gradient-free and gradient-based optimiz-
ers [11]. These results are consistent with the scaling observed in this work,
showing that circuit-level distribution becomes increasingly effective when mul-
tiple independent evaluations are available. Other works have explored more
elaborate optimizer-level strategies, such as parameter-parallel training with
noise-aware alternation [18] and multi-population evolutionary schemes in which
QPU-specific populations periodically exchange their best solutions [27]. These
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approaches further demonstrate the potential of exploiting optimizer-internal
parallelism beyond the direct distribution of candidate evaluations.

In general, several works have proposed flexible frameworks for orchestrating
VQA workloads across multiple quantum processors, including quality-aware
task assignment on heterogeneous devices [29] and the distribution of hybrid
workloads across local or remote accelerators [17]. Within this landscape, the
present work contributes a systematic comparison of distribution levels, since
the most suitable strategy depends on the optimizer structure, workload, and
backend heterogeneity.

7 Discussion

The results show that the usefulness of each distributed VQE workflow de-
pends on the optimizer, task granularity, and backend noise. Shot-, circuit-,
and candidate-level distribution were implemented in CUNQA and evaluated on
a TFIM instance in terms of execution time, efficiency, convergence, accuracy,
and sensitivity to heterogeneous vQPUs.

Shot-level scaling improves with the sampling budget as execution increas-
ingly amortizes submission and aggregation overheads. Circuit-level distribution
is effective for QNG and DE when several independent circuits are available,
while candidate-level efficiency improves as the DE population size increases.

Backend heterogeneity also influences convergence. Shot-level results reflect
the average device quality, QNG is particularly sensitive to noisy circuit eval-
uations, and DE is more resilient because its selection mechanism can discard
degraded candidates. Permutation generally provides a slight improvement by
preventing persistent task assignments to poorer backends.

Overall, the most suitable strategy depends on the optimizer structure, work-
load, and backend quality rather than solely on the number of vQPUs. CUNQA
enables these scenarios to be evaluated under controlled conditions [32]. Future
work should validate these trends on real heterogeneous platforms and investi-
gate adaptive scheduling based on workload and backend characteristics.
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