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Abstract—The integration of quantum computers within clas-
sical High-Performance Computing (HPC) infrastructures is re-
ceiving increasing attention, with the former expected to serve as
accelerators for specific computational tasks. However, combining
HPC and quantum computers presents significant technical
challenges, including resource allocation. This paper presents a
novel malleability-based approach, alongside a workflow-based
strategy, to optimize resource utilization in hybrid HPC-quantum
workloads. With both these approaches, we can release classical
resources when computations are offloaded to the quantum com-
puter and reallocate them once quantum processing is complete.
Our experiments with a hybrid HPC-quantum use case show the
benefits of dynamic allocation, highlighting the potential of those
solutions.

Index Terms—HPC, Quantum Computing, Dynamic Resource
Management, Malleability

I. INTRODUCTION

Quantum Computing (QC) technologies have evolved sig-
nificantly, making quantum utility look attainable soon. As
performance improves, the research community has begun to
explore how quantum computers might fit into the broader
computing continuum. Quantum systems are particularly well
suited for addressing specific classes of NP-hard problems [1].
This feature makes them ideal candidates to complement
traditional High-Performance Computing (HPC) systems. In
this emerging paradigm, it is widely anticipated that quantum
processing units (QPUs) will serve as accelerators for com-
putationally intensive, exponentially scaling workloads within
scientific applications [2]–[4], while HPC systems will provide
the necessary scalability to support hybrid quantum-classical
applications [5].

Bringing QC into HPC environments holds promise for
boosting progress across many scientific domains. Beck et al.
have recently identified a set of applications spanning various
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scientific fields, which would highly benefit from an HPC-
QC integration [3]. These applications include quantum many-
body dynamics for simulating quantum systems, continuum
mechanics simulations using quantum linear solvers for prob-
lems like fluid dynamics, quantum-enhanced machine learning
for developing advanced models, and quantum optimization
to tackle complex optimization problems. Early examples of
hybrid HPC-QC algorithms have begun to appear in the litera-
ture. Vercellino et al. developed a graph coloring code relevant
in several industrial contexts by combining a parallel branch-
and-bound algorithm with a quantum routine that solves the
maximum independent set problem to sample potential col-
oring solutions [6]. Similarly, Kim and Suh considerably en-
hanced the performance of their hybrid optimization algorithm
for metamaterial design by parallelizing via Message Passing
Interface (MPI) both the machine learning phase preceding
and the wave-optics simulation phase following the quantum
approximate optimization algorithm [7].

For all these reasons, a heterogeneous HPC-QC cluster is
an appealing prospect. However, realizing such integration
presents significant challenges due to the disparity in tech-
nological maturity between HPC and QC, their fundamentally
different architectural paradigms, and the substantial imbal-
ance in resource availability between classical and quantum
systems [8]. Among these challenges, efficient resource man-
agement and allocation stand out as critical concerns [5],
[8]–[10]. In particular, dedicated scheduling strategies are
essential to prevent resource under-utilization, especially in
scenarios where only one or two QPUs are available per
cluster [11]–[13]. A recent study analyzed and discussed
potential solutions for efficient resource allocation in HPC-QC
integration, proposing malleability to minimize computational
resource waste [14]. A malleable job is capable of dynamically
adjusting its resource allocation at runtime. In the HPC-QC
context, this would enable a job to release classical HPC
resources during quantum computation phases and reallocate
them once computation returns to the classical phase.

In this work, we explore for the first time the use of
malleability in hybrid HPC-QC jobs to ensure efficient re-
source utilization. We also examine the potential of achieving
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effective resource management through a workflow-based ap-
proach. It is worth noting that, although the use of Workflow
Management Systems (WMSs) has been proposed for some
time [15], there are still few examples of hybrid HPC-QC
workloads that leverage WMSs to optimize resource usage
in such heterogeneous environments [16], [17]. As such, our
use case implementation based on StreamFlow [18] introduces
original elements and can help promote adopting this approach
within the HPC-QC context.

To support this study, we parallelized an existing classical-
quantum application to perform clustering aggregation of data
leveraging different algorithms [19], [20]. The application pro-
vides the ideal use case to show the interaction between HPC
and QC resources since the clustering methods are executed
in parallel on HPC resources, and the aggregation occurs on
the QC resource. We test our application on an ad-hoc cluster
comprising three classical compute nodes, with an additional
classical node functioning as a quantum emulator. We then ex-
tend the application to support malleability by integrating the
Dynamic Management of Resources (DMR) framework [21].
Finally, we evaluate time-to-solution and resource usage across
three scenarios: (1) no hybrid resource management; (2) hy-
brid resource management using a workflow-based approach
implemented with the StreamFlow engine [18]; and (3) hybrid
resource management with malleability.

Our experiments demonstrate that workflow-based and
malleability-based approaches significantly reduce resource
usage, effectively minimizing waste. Furthermore, we show
that the malleability approach optimizes resource utilization
in general and results in shorter time-to-solution than the
workflow-based method. Notably, this temporal gain becomes
increasingly pronounced as the computational load on the
cluster grows.

Overall, the contributions of this paper are the following:
• We overview the design of hybrid HPC-QC applications

starting from classical-quantum ones, evaluating different
resource access schemes on a practical example;

• We apply a novel solution based on malleability to
address the issue of resource allocation in an HPC-QC
environment with limited QC resources;

• We compare our results across three test scenarios: with-
out hybrid resource management, with workflow-based
management, and with malleability.

This paper is structured as follows. Section II illustrates,
through a concrete example, the transformation of a classical-
quantum application into an HPC-QC workload, highlight-
ing the benefits of integrating HPC and QC in real-world
scenarios; Section III overviews the proposed approaches to
deal with hybrid resource allocation; Section IV presents our
experimental campaign, along with a discussion of the results.
Finally, Section V concludes the article.

II. TOWARDS HPC-QC: CLUSTERING AGGREGATION

In recent years, a growing number of hybrid applications
have emerged, combining classical computing and QC to

tackle complex scientific problems. Part of the computa-
tion is typically executed on a classical CPU, often single-
threaded, while a quantum computer handles specific sub-
tasks. Although QC is regarded as an extension of the
frontier of HPC, few application examples in the literature
take advantage of such a hybrid system. Building upon the
works of Scotti et al. [20] and Li et al. [19], we propose
a new hybrid HPC-QC application, and we later use it to
evaluate our proposed resource management strategies. This
algorithm performs clustering aggregation to determine the
optimal number of clusters based on the output of multi-
ple clustering methods. The application exhibits several key
features that make it an attractive candidate for investigating
dynamic quantum-HPC resource management: 1) the classical
part is highly parallelizable and could effectively capitalize on
parallel execution; 2) the application scales with a variable
number of classical resources; and 3) it requires quantum
resources only for a limited time. Thus, in this work, we adapt
the clustering aggregation algorithm proposed in [20] to the
HPC context. This adapted application serves as a use case to
investigate the potential of a malleability-based approach and
a workflow-oriented strategy for efficient resource allocation
in hybrid classical-quantum environments.

Given a dataset, our C++ application, whose source code
is publicly available at [22], begins by executing three widely
used clustering algorithms: k-means [23], DBSCAN [24], and
hierarchical clustering [25] (see Figure 1). Each algorithm
instance is assigned to a separate HPC node using MPI,
which enables parallel execution and results in significant
performance improvements over the serial baseline, assuming
multiple compute nodes are available. The outputs of the
three clustering algorithms are then combined to construct an
undirected graph, with the constraint that a valid clustering
must consist of non-overlapping clusters, as described in [20].
In this formulation, each valid clustering corresponds to an
independent set in the graph, and identifying a maximum
independent set yields a unique and robust consensus cluster-
ing that mitigates the individual limitations of the underlying
algorithms, as shown in [19]. Consequently, the clustering ag-
gregation task reduces to solving a Maximum Independent Set
(MIS) problem, which can be formulated as the minimization
of the following function:

fMIS(x) = −
∑
i∈V

wixi + λ
∑

(i,j)∈E

xixj . (1)

where λ is the penalty factor, namely a corrective factor to
dissuade the algorithm from choosing overlapping clusters,
wi are weights assigned to each cluster, and xi ∈ {0, 1}∀i.
Notably, Equation (1) represents a QUBO problem.

In practice, the QUBO problem is formulated as a weighted
adjacency matrix. The diagonal elements of this matrix contain
weights wi proportional to the dimension of the corresponding
cluster, so that the final solution remains balanced in terms of
cluster sizes, discouraging both massive and tiny clusters. The
off-diagonal entries are non-zero only for pairs of clusters that
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Fig. 1. Data and processes of the target application. Yellow shapes are data
between processes, green boxes are classical processes, and purple boxes are
processes suitable to be performed by quantum resources. The application
loops until the Silhouette score of a certain clustering reaches a user-defined
threshold or until the maximum number of loop iterations is reached.

share common data points (i.e., overlapping clusters), and are
assigned a value equal to the number of distinct clusters λ.

The weighted adjacency matrix is the input to the quantum
portion of our application (i.e., the quantum phase). A QUBO
problem can be solved using various quantum computing
architectures, including analogic quantum computers (e.g.
Neutral Atoms, Quantum Annealers), and gate-based quantum
computers, with the latter utilizing the Quantum Approximate
Optimization Algorithm (QAOA). In this work, we solve it via
Simulated Annealing (SA) [26]. After finding a solution to the
QUBO problem, MPI rank 0 computes the silhouette score to
assess the quality of the result. The silhouette value yields
between −1 and 1 and stands as a metric for determining
the similarity of an object to its assigned cluster (cohesion)
versus other clusters (separation). A high silhouette value
indicates that the object is well-suited to its cluster and distinct
from neighboring clusters. By evaluating the silhouette score,
we choose whether to repeat the algorithms with different
configurations to aim for better quality or to stop the execution.
In particular, we terminate the loop when we achieve a
silhouette score greater than 0.8. To prevent an infinite loop
and excessive quantum resource usage, we also set an upper
bound of 10 loop iterations, after which the best result obtained
up to that point is chosen.

III. TOOLS FOR HYBRID RESOURCE ALLOCATION

The structure of the application flow defines two segments
that must run on different hardware. From an HPC center
perspective, providing access to multiple applications with
this pattern is non-trivial, as quantum resources are currently
scarce. The difficulty behind resource allocation comes from
the imbalance between the requests for quantum resources and
their availability, which inevitably introduces a bottleneck in
the system. To ease the bottleneck, we must ensure that the
users access scarce resources properly to avoid reserving them
when unneeded, thus blocking the execution for all the others.
In general, requesting both classical and quantum resources in

a SLURM-based fashion at the beginning of the execution and
for its entire duration is inefficient, as the application uses only
one type of resource at any time. On the other hand, reserving
only classical resources and relying on a Representational
State Transfer (REST) Application Programming Interface
(API) to access the quantum node, as is commonly done in
today’s cloud-based quantum systems, is not efficient: while
we wait to schedule the quantum offloaded portion, we are
holding classical resources without using them.

The difficulty in maintaining efficiency comes from the
discrepancy between the changing resource requirements of
hybrid applications and the staticity of resource allocation.
This problem is not new and already features some theo-
rized solutions [3]–[5], [13]–[15]. Out of all the proposed
approaches, we think that a workflow implementation of the
execution flow and enabling dynamicity through malleability
can yield significant benefits regarding efficient resource allo-
cations. In the following subsections, we describe these two
approaches, presenting some tools we leverage to implement
those functionalities.

A. Workflow

A workflow approach divides an application into tasks
and executes them according to the dependencies between
them [27]. Describing complex, large-scale applications as
workflows dramatically simplifies their transition from clas-
sical execution to hybrid HPC-QC settings. Various workflow
engines have been developed to orchestrate the execution
of applications across heterogeneous computing environments
(e.g., Nextflow [28], PyCOMPSs [29], and Rigoletto [17]).

The StreamFlow WMS [18] has been explicitly designed
with hybrid workflows in mind. A hybrid workflow can be
expressed as (W,L,M), where W=(S,P,D) is a directed
bipartite graph representing a standard workflow (with steps
S, ports P , and dependency links D), L is the set of available
execution locations, and M⊂(S×L) is a mapping function
[30]. This abstraction is general enough to encode workflow
models specifically targeting classical-quantum applications.
For example, in [16], workflow designers are required to
identify a set Q⊆S of quantum candidates, i.e., steps that
support a quantum implementation that is functionally equiv-
alent to the classical one [16]. At runtime, the WMS chooses
between the classical and quantum implementation, depending
on the availability of quantum resources. This technique can
be encoded as a hybrid workflow by identifying a subset of
quantum locations LQ⊆L and defining a quantum mapping
function M⊆(Q×LQ). The principal advantage of this more
general approach is that it allows a seamless transition from
specialized HPC-QC orchestrators to X-QC settings, including
cloud-QC and HPC-cloud-QC.

Implementation-wise, StreamFlow augments the Common
Workflow Language (CWL) [31] open standard with a topol-
ogy of deployment locations and a Loop extension to model
iterative workflows [32]. The orchestration plane leverages
pluggable connectors to support several execution environ-
ments, from HPC queue managers to cloud infrastructures.



Developing a new plugin to support a given quantum device
is just a matter of extending the StreamFlow Connector
base class to integrate the device’s APIs, whether web-based
REST APIs or SLURM-managed queues.

These features make StreamFlow a natural fit for im-
plementing our HPC-QC application as a hybrid workflow.
The resulting model is a three-step pipeline that computes
and combines the clusterings (step sC), aggregates them
by solving a QUBO problem (step sQ), and evaluates the
resulting silhouette score (step sS), s.t. S={sC ,sQ,sS}. Each
stage is implemented as a CWL CommandLineTool object,
and the coordination logic is encoded as an iterative CWL
workflow that repeats the whole process until the silhou-
ette score reaches a configurable threshold. The execution
environment is composed of three classical locations (HPC
nodes) and one quantum location, s.t. L={lc1,lc2,lc3,l

q
1}. The

resulting mapping function is M(sC)={lc1,lc2,lc3}, M(sQ)=lq1,
and M(sS)=l∈{lc1,lc2,lc3}. Note that this example can also be
modeled in the Cranganore et al. [16] framework by defining
Q={sQ} and LQ={lq1}.

B. Malleability

Malleability refers to the ability of a parallel application
to dynamically adjust its [33] resource allocation, such as
the number of computing nodes or processes, during runtime.
This flexibility enables jobs to grow or shrink in response
to changing system conditions, improving overall resource
utilization and reducing wait times [34]. Malleability is an
active area of research in traditional HPC. Among the several
tools available to aid the implementation of malleability [35],
the DMR framework [21] provides a high-level API designed
to incorporate malleability into HPC applications seamlessly.
DMR is a well-known tool in the community [36], has been
thoroughly evaluated across a variety of use cases [37]–[39],
and has also been extended with novel functionalities to
support broader capabilities [40], [41]. DMR establishes com-
munication between the Parallel Distributed Runtime (PDR),
the Resource Management System (RMS), and the Parallel
Performance Monitor (PPeM) to enable transparent process
and resource management.

At its core, DMR enables passive dynamic resource man-
agement through the following process:

• During execution, DMR periodically checks when jobs
are ready for reconfiguration at predefined synchroniza-
tion points within the application.

• DMR determines whether a reconfiguration is necessary,
considering available resources and performance metrics
in collaboration with the RMS and the PPeM.

• DMR orchestrates the updates in resource allocations
(interacting with the RMS) and the number of processes
(through the PDR).

• Finally, the execution resumes seamlessly from the re-
configuration point with the new job shape.

Listing 1 shows the structure of the implemented HPC-QC
malleable code described in Section II. First, the DMR en-
vironment is initiated and provided with the program-specific

1 void main ( ) {
2 MPI_Init ( ) ;
3 DMR_INIT (restart (it0 , quantum ) ) ;
4 f o r (auto it = it0 ; it < ITERS ; it++) {
5 i f ( !quantum ) {
6 w h i l e ( !resources && !timeout )
7 DMR_EXPAND (checkpoint (it , quantum ) ) ;
8 / / Execu te C l a s s i c a l Computa t ion
9 quantum = true ;

10 DMR_MINIMIZE (checkpoint (it , quantum ) ) ;
11 }
12 i f (rank_id == 0)
13 / / O f f l o a d Quantum Computa t ion
14 quantum = false
15 }
16 MPI_Finalize ( ) ;
17 }

Listing 1. Scheme of how malleability is adopted in the user code.

restart function, used by new processes after reconfigurations
(line 3). The main loop (line 4) has two stages: classical and
quantum. At the beginning of each iteration, if the execution
has to run the classical stage, a reconfiguration can be sched-
uled (line 7). After this stage, only the root MPI process will
be kept active, relinquishing the remaining resources (line 10).
The reconfiguration requires an application-specific checkpoint
function to save the current state, which comprises the current
loop iteration number and a flag that specifies whether we can
proceed to the quantum stage. This state is then restored by
the restart function. Eventually, the execution continues in the
quantum stage (line 13) without wasting classical resources.

IV. EXPERIMENTAL CAMPAIGN

We conducted a series of experiments by executing our
hybrid clustering application under different configurations to
evaluate the impact of the solutions described in Section III. In
the following paragraphs, we present the experimental setup
and overview of the campaign, analyzing its results.
Experimental setup. We set up a dedicated cluster to test
our approaches, using SLURM version 23.02.7. The cluster
represents a plausible HPC-QC integration scenario at scale,
comprising two partitions: a log-in and a master node. The
first partition, named compute, consists of three CPU-only
nodes. Each compute node contains two AMD EPYC 7543
CPUs and 256GB of DDR4 memory. The second partition,
named quantum, acts as a quantum emulator. This node
contains two AMD EPYC 7282 CPUs, 512GB of DDR4
memory. However, due to the memory requirements of the
clustering algorithms, we launch our application requesting
one or more classical nodes and one task per node. The log-
in node and the master node are virtualized x86 64 machines
with 8GB of memory each. Every machine in the described
cluster runs on Red Hat Enterprise Linux 9.4, using kernel
version 5.14. The application source code is compiled with
GNU Compiler Collection version 11.4.1. The distribution of
classical workloads across the compute partition is achieved
with OpenMPI version 5.0.6. Submitting quantum jobs is
carried out with HyperQueue [42] version 0.21.1. In particular,



HyperQueue allocates a node from the SLURM quantum
partition and launches the QUBO solver on it. StreamFlow
version 0.2.0.dev12 is used to validate the workflow approach.
Towards quantum. In our pipeline, the quantum phase is
formulated as a QUBO problem. We currently solve it us-
ing Simulated Annealing on a classical node, which mimics
the behavior of a Quantum Annealing algorithm. Since the
problem core formulation remains unchanged, substituting
the classical node, initially a placeholder, with an actual
quantum device requires no modifications to the proposed
configurations or methodologies. With real quantum hardware,
such as a superconducting quantum processor, a quantum
annealer, a neutral atom device, or a photonic quantum com-
puter, the QUBO problem can be tackled using inherently
quantum approaches. It is essential to note that different quan-
tum technologies exhibit distinct characteristics and execution
times. For instance, a neutral atom device would typically
require minutes to complete a job (also considering register
preparation), whereas a superconducting device operates on a
much faster timescale, in the order of seconds. To simulate
the performance of a neutral atom device, we introduce an
artificial delay of some minutes in those runs, allowing us to
analyze and understand the potential benefits and limitations
of dynamic resource allocation in such systems. The duration
of these artificial delays is determined based on the quantum
machines of interest, considering the typical preparation and
execution times of their average quantum job.

A. Experimental Results

We execute a set of comparative experiments to evaluate the
behavior of a system running hybrid HPC-QC workloads. We
begin by analyzing a configuration that adopts a traditional
resource management strategy, allocating classical resources
for the entire duration of the hybrid job and offloading the
quantum subroutine to the emulated QPU using HyperQueue.
This configuration is referred to as the baseline throughout
the rest of the paper, as it resembles the current offloading
scheme diffused with cloud-based quantum machines. We then
compare the baseline results with those of the two alternative
approaches for hybrid resource management discussed in
Section III: workflow and malleability. As for the baseline,
the malleability offloads the quantum task via HyperQueue,
whereas the workflow approach independently allocates a
node from the quantum partition only when required. For all
three configurations, we evaluate and compare the following
metrics:

• Wall time: the time employed to execute the whole
simulation, considering also the time spent by SLURM
to initialize and finalize the job(s);

• Classical resource usage in terms of node-seconds: the
sum of the product between the number of classical
nodes used in an interval and the length (in seconds)
of the interval (we disregard here the quantum resources
because their usage is constant across the three scenarios);

The dataset used in the clustering application consists of
80,000 2D points generated via make_blobs from scikit-

learn1. The application code is written to permit reproducible
results. In particular, given the described dataset, each work-
load run ends after the fourth loop iteration, as the combined
clusterings achieve a silhouette score over 0.8. We profile
two versions of the application to better understand how
different quantum technologies might suit specific scheduling
approaches. A first version executes quantum jobs in a fraction
of a second, thus akin to superconducting QPUs. A second
version adds an artificial delay of two minutes during the
quantum job, trying to mimic a generic neutral atom QPU.

We start from the executions with no resource contention,
i.e. with no other jobs in the cluster queue, and with the two-
minute-long quantum jobs, i.e. reproducing the behavior of
a neutral atoms machine. We average the metrics from five
runs for each strategy. Table I shows the result of the first
experiment. The baseline approach is the fastest one, but it is
less efficient regarding resource usage. The workflow approach
performs poorly in terms of wall time since it asks SLURM for
resources at every step, and the overhead of the WMS slows it
down. Conversely, it is the best regarding resource usage with
minimal node-second consumption. The malleability approach
acts as a compromise between the other two. In the absence
of resource contention, both malleability and workflow ap-
proaches primarily conserve valuable computational resources
with a negligible impact on time-to-solution.

For our second experiment, we run two concurrent work-
loads using all the approaches, again under a queue empty
from other submissions and by emulating two-minutes-long
quantum jobs. Table I contains the results of this second
experiment, averaged over five runs each. Note that the wall
time here refers to the elapsed time between the beginning
of the first starting workload and the completion of the latest
ending workload, thus considering two complete end-to-end
simulations. The baseline approach is, in this case, the worst-
performing one. The other approaches can interleave their
execution, finishing earlier and using fewer resources, as
shown in Figure 2. The difference between malleability and
workflow results resides in the need for the former to have at
least one MPI process to remain active at all times, even during
the quantum phase when computations are offloaded to the
QPU. While this may seem like an overhead, it offers a clear
advantage: when the code returns from the quantum phase,
execution can resume immediately, allowing the simulation
to proceed even if not all originally requested resources are
available.

We then execute the experiments above without artificial
delays in the quantum phase. The results of these new exper-
iments can be seen in Table II. For baseline and workflow,
the wall time and resource usage of the dual concurrent
execution are almost double the values from the single execu-
tion. This means the classical resources are highly contested,
with little space to optimize scheduling. The malleability
solution, on the other hand, completes both simulations in a

1https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make
blobs.html

https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
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Fig. 2. Timeline of cumulative usage of classical nodes on our SLURM
compute partition when launching two concurrent workloads (in blue and
orange, respectively) with two minutes long quantum jobs. Each subplot refers
to a different scheduling approach, i.e. baseline, workflow, and malleability.

TABLE I
EXECUTIONS WITH 2 MINUTES LONG QUANTUM JOBS.

Execution Type Mode Wall time
[seconds]

Resource usage
[node-seconds]

Baseline Single 1019.58 ± 0.85 3058.74 ± 2.56
Workflow Single 1057.80 ± 6.02 1161.20 ± 6.94
Malleability Single 1029.06 ± 1.54 1647.75 ± 1.54
Baseline Double 2038.43 ± 0.96 6115.30 ± 2.89
Workflow Double 1226.00 ± 1.58 2324.00 ± 3.39
Malleability Double 1127.65 ± 1.18 2817.73 ± 1.27

time comparable to that of a single execution (648.61 s vs
549.60 s), demonstrating its ability to manage and adapt to
varying resource demands dynamically. However, this result
comes from the intrinsic properties of the algorithms executed
during the classical phase (with k-means taking significantly
less time than the other two), so they do not represent a
trend. In general, scenarios involving short quantum jobs and
no resource contention should show limited resource savings
when using either workflow or malleability approaches.

B. Discussion

Experimental data suggests that malleability and workflow
are well-suited for hybrid classical-quantum workloads with
long-running quantum phases. The specific choice between
a workflow or a malleability approach depends on what a
user values the most: if resource usage is crucial, workflows

TABLE II
EXECUTIONS WITH SHORT (< 1 SECOND) QUANTUM JOBS.

Execution Type Mode Wall time
[seconds]

Resource usage
[node-seconds]

Baseline Single 539.44 ± 0.53 1618.33 ± 1.60
Workflow Single 569.00 ± 3.94 1148.00 ± 1.87
Malleability Single 549.60 ± 1.86 1168.29 ± 1.81
Baseline Double 1076.98 ± 1.79 3230.95 ± 5.37
Workflow Double 1089.00 ± 1.00 2324.00 ± 4.24
Malleability Double 648.61 ± 2.08 1622.63 ± 1.05

allow for using resources very efficiently; when time to
solution is more critical, a malleability approach could be more
appropriate, especially in HPC clusters with long queue times.
Thus, even if somewhat anticipated, these results highlight the
relevance of this work as part of a still limited but growing
set of practical efforts addressing hybrid HPC-QC scheduling
(e.g., [43]–[45]). Furthermore, while our current metrics do
not account for queue times, incorporating this factor would
further highlight the advantage of malleable jobs in reducing
queuing delays, enabling users to obtain results more quickly.

We note that neither of the proposed approaches is a
drop-in replacement inside an application with fully static
resource allocation. Workflows require the programmer to
create modular applications instead of monolithic ones. This
would likely improve the quality of the code, but the user
would need to understand a dedicated workflow language
to glue the application parts together. Conversely, we argue
that malleability approaches have low entry barriers since
the offered interface is user-friendly for programmers, but
they have to manage a code base with more complex state
management and execution with variable resources.

V. CONCLUSION

In this work, we analyze the resource allocation challenges
in the emerging HPC-QC landscape and propose a novel
solution based on malleability alongside a workflow-based
approach. To our knowledge, malleability has not previously
been explored in the context of HPC-QC, yet it holds sig-
nificant potential for improving efficiency. We demonstrate
the benefits of malleability and workflow strategies through
a representative HPC-QC application, showing clear advan-
tages over a traditional, statically allocated baseline. Our
experiments show that, under resource contention, malleabil-
ity reduces execution time by approximately ≈ 44% com-
pared to the baseline and by ≈ 8% compared to the work-
flow approach. Regarding resource consumption, malleability
achieves a ≈ 54% reduction in node-seconds compared to the
baseline while incurring a ≈ 17.5% overhead compared to the
workflow approach.

Managing a current HPC-QC cluster is not trivial, as the
classical and quantum partition differences go beyond the
simple programming model. As the maturity of the quantum
software stack grows, the scientific community is also consid-
ering the issues coming from resource allocation. The present
work contributes to this effort by leveraging the current state of
the art in supercomputing systems to bridge the gap until more
advanced, integrated frameworks become available. While we
do not claim to offer a one-size-fits-all solution, we propose
dynamic resource allocation strategies, both demonstrating
performance improvements over the baseline.

Future work in this area includes extending this work
by considering a larger-scale execution environment with a
complex resource contention scenario, possibly addressing an
actual quantum machine.
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