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Abstract—Hybrid quantum-high-performance computing (Q-
HPC) workflows are increasingly central to scaling quantum
applications on noisy intermediate-scale quantum (NISQ) devices.
Yet no single simulator or hardware backend performs best
across all workloads, making it difficult for users to pick the
right execution backend and for HPC schedulers to allocate
resources effectively. This paper introduces SELEQTOR, which de-
velops meta-backend-driven benchmarking, a technique that lever-
ages workload-sensitive metrics to select the best backend per
workload and provide runtime estimates for intelligent Q-HPC
resource scheduling. SELEQTOR contributes two framework-
agnostic tools. QBacMet (Quantum Backend Metrics) wraps the
transpile-execute cycle as a context manager, instrumenting six
execution-stack layers to produce 35-metric, 57-feature per-run
vectors. MQBac (Meta Quantum Backend) trains dual Random
Forest models on QBacMet data, a classifier that selects the best
backend and a regressor that predicts runtime. Experiments
across various benchmarks and backends confirm workload-
specific strengths and uncover hidden performance crossovers
opaque to traditional benchmarking. On a held-out workload
split, MQBac selects the best backend with 0.950 accuracy
(macro-F1 = 0.906), outperforming static baselines (heuristic:
0.650, always-NWQSim: 0.550), and delivers a 2.57x mean wall-
clock speedup over the always-NWQSim default. MQBac also
predicts wall-clock runtime with R? = 0.928 across more than
four orders of magnitude of execution time. To the best of our
knowledge, SELEQTOR is among the first to combine automated,
learned backend selection with runtime estimation across both
classical simulators and hardware QPUs. By automating backend
selection and runtime estimation, SELEQTOR improves resource
allocation in Q-HPC systems.

Index Terms—Hybrid quantum-classical workflows, Quantum
frameworks, Backend selection, Workload-sensitive metrics, Ma-
chine learning, Distributed architectures, Performance analysis

I. INTRODUCTION

Many scientific and engineering workloads still exhibit
exponential scaling on classical hardware, limiting practical
problem size [1]-[4]. Quantum computing offers a promising
paradigm by exploiting quantum parallelism, entanglement,
and superposition [3], [6]. Progress in quantum hardware [/1],
[7]-19] has delivered mid-scale quantum processing units
(QPUs) that can act as accelerators alongside CPUs and
GPUs in high-performance computing (HPC) environments,
but limited qubit counts, device noise, and the diversity of
backends complicate practical deployment [10]. Long-term
directions such as topological quantum computing further

highlight the breadth of hardware and architectural pathways
under active study [[11]].

Crucially, no single simulator or hardware backend provides
the best performance across all workloads [12]]. Here and
throughout, “best” denotes the backend achieving the low-
est mean wall-clock execution time for a given workload.
At the same time, HPC schedulers and resource managers
require accurate runtime predictions to allocate nodes, GPUs,
and wallclock-time to quantum jobs; without such estimates,
quantum workloads either over-provision expensive accelera-
tors or stall in queues due to insufficient reservations. Static
decision rules, such as those of Alexeev [13|], route circuits by
qubit count, depth, and Clifford content. They provide useful
teaching heuristics but cannot capture the nuanced crossovers
revealed by real execution data. Recent systems, such as Mae-
stro [[14]] and Sharma et al. [15], begin to automate selection
via circuit analysis and predictive models, yet none leverage
full-stack execution traces from HPC-scale runs. Neither do
they frame automated selection with runtime prediction to
inform resource scheduling decisions. Even simpler automatic
selection already exists within a single simulator (e.g., Qiskit
Aer’s automatic method), but it does not scale to the many,
constantly shifting factors that determine backend performance
in a Q-HPC setting, motivating SELEQTOR’s joint treatment
of benchmarking, selection, and runtime estimation as one
dependent pipeline.

The Quantum Framework (QFw) [12]], [16]]-[18] provides
a backend-agnostic orchestration layer that integrates multi-
ple local simulators (NWQ-Sim [|19]], Qiskit Aer, TN-QVM,
QTensor) and cloud/hardware backends (ion traps from IonQ
and superconducting devices from IBM-Q) under a unified
interface on HPC systems. Prior work [12] benchmarked
seven workloads across these backends at scale, confirming
workload-dependent performance but with manual selection.

This paper introduces SELEQTOR, which contributes meta-
backend-driven benchmarking, a technique that leverages
workload-sensitive metrics to automatically orchestrate exe-
cution across multiple quantum backends to provide runtime
estimates for intelligent Q-HPC resource scheduling. SELEQ-
TOR contributes two components:

1) QBacMet: a vendor-agnostic, zero-change instrumen-

tation tool that wraps the transpile—execute cycle as
a context manager, capturing 35 metrics across six
layers of the Q-HPC stack. Metrics range from Slurm



job metadata through circuit topology over transpilation
overhead to backend-specific runtime characteristics.

2) MQBac: an ML-driven backend selector trained on
QBacMet data that (a) classifies the best backend and
(b) predicts expected runtime

3) We evaluate QBacMet and MQBac at scale on Frontier
across eight benchmarks, validating selector accuracy
and uncovering hidden performance crossovers, demon-
strating meta-backend-driven benchmarking as a practi-
cal methodology for resource-aware scheduling.

II. BACKGROUND

A. Quantum Framework (QFw)

QFw [12], [16]-[18]] is a scalable, backend-agnostic orches-
tration platform for hybrid quantum-—classical execution on
HPC systems. It integrates state-vector, tensor-network, multi-
method, cloud, and real-QPU backends under a unified Python
interface compatible with Qiskit [20] and PennyLane [21]; the
same application code targets any backend without modifica-
tion [12]]. The central dispatcher (Quantum Platform Manager)
is the entry point for both QBacMet metric collection and
MQBac intelligent selection introduced in this work.

B. Workloads

SELEQTOR targets both non-variational and variational
workloads. Non-variational circuits, such as Greenberger-
Horne-Zeilinger (GHZ) [22], Hamiltonian simulation
(HAM) [23]], Mermin-Bell, Bit Code [24]], the transverse-field
Ising model (TFIM) [25], [26]], and Harrow-Hassidim-
Lloyd (HHL) [27], execute fixed circuits without a
classical parameter-update loop, exposing raw execution
and communication characteristics. Phase-estimation-style
kernels and implementations, e.g., LuGo, further expand this
non-variational class [28|]. Variational workloads, such as
QAOA [29], and DQAOA [30]], [31], couple parameterized
ansatze with classical optimizers and amplify orchestration
demands through iterative circuit evaluation. Together, these
eight benchmarks span a wide range of circuit depth, qubit
count, entanglement structure, and backend sensitivity,
making them suitable for training ML models.

C. The Backend Selection Challenge

Simulators and QPUs differ fundamentally in architecture,
gate support, parallelization strategy, and tolerance of circuit
depth, such that choosing the most suitable for a given
workload is non-trivial. Alexeev [13|] proposed a rule-based
decision tree (reproduced in Fig. [T) that routes circuits based
on qubit count, depth, and Clifford content through state-
vector, tensor-network, and Clifford simulators. While useful
as a teaching heuristic, this static tree does not account for
hardware resources, compilation overhead, or backend-specific
optimizations. Practical experience [12] shows that the best
backend can change at specific qubit or depth thresholds
motivating SELEQTOR’s data-driven approach.
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Fig. 1: Simulator selection heuristic [13].

III. RELATED WORK

a) HPC—quantum Integration: Integrating quantum ac-
celerators into classical HPC workflows is an active research
area. Esposito and Haus [32] use Slurm heterogeneous jobs
and MPI to co-schedule hybrid workloads. SCIM MILQ [33]]
adds circuit-cutting-aware scheduling to minimize makespan.
XACC [34] provides a service-oriented framework for hetero-
geneous backends. MQSS [35] offers a full-stack platform at
LRZ with dynamic compilation. Cloud aggregators (Amazon
Braket [36], Azure Quantum [37]], qBraid [38]], Conqure [39])
demonstrate backend flexibility in remote settings. QFw [|12]]
targets tightly coupled HPC—quantum execution with multi-
backend support. Recent software-tool overviews and national-
scale ecosystem efforts also emphasize backend interoper-
ability and design automation, e.g., MQT [40], Q-Exa [41],
and domain-specific toolchains such as D-Wave Ocean [42].
SELEQTOR adds automated metric collection and learned
backend selection to this landscape.

b) Backend Selection and Intelligent Routing: Recent
work studies how to automatically match circuits to the most
suitable backend. Alexeev [[13] sketches a manual decision
tree based on qubit count, depth, and Clifford content, while
subsequent surveys [43[], [44] advocate ML-driven simula-
tor selection. Maestro [14] proposes a predictive runtime
model that routes circuits across state-vector, matrix prod-
uct states (MPS), tensor-network, and stabilizer simulators,
demonstrating gains in HPC batched workloads. Sharma et
al. [15] introduce a three-module architecture (circuit analy-
sis, capability mapping, multi-criteria ranking) for hardware-
agnostic backend adaptation. EQC [45] partitions variational
workloads across devices to mitigate noise. Qoncord [46]
extends multi-device scheduling to variational algorithms.



QOS [47] and Qonductor [48] add cloud orchestration primi-
tives. Nguyen [49] demonstrates reinforcement-learning-based
selection in a serverless context. Ma and Li [50] instead predict
a circuit’s execution time on a single backend via a graph-
transformer model trained on static circuit structure.

Automatic method selection also exists within a single
simulator: Qiskit Aer’s automat ic mode picks among state-
vector, MPS, and tensor-network methods from static circuit
properties. This form of automation is narrower than the
backend orchestration problem addressed here in two ways:
It never considers hardware QPUs, and it is blind to the
Slurm placement, calibration drift, and queuing effects that
only appear once a job leaves a single process.

These closest prior works [14], [15], [49] share the mo-
tivation for ML-driven selection but differ from SELEQTOR
in three critical ways: (1) fraining data: real HPC execution
traces spanning MPI ranks, GPU placements, and cloud QPU
queue delays on Frontier [S1] are collected here, rather than
synthetic benchmarks or limited local runs; (2) scope: the full
HPC-—cloud spectrum is covered here, trained jointly on local
simulators and remote QPU services (IonQ, IBM), whereas
[14] targets simulators only and [[15] relies on circuit analysis
alone; and (3) dual objective: runtime is predicted alongside
backend choice, enabling HPC schedulers to right-size Slurm
allocations before submission.

c) Middleware and Benchmarking: Pilot-Quantum [52]],
[53] provides resource and task management bridging HPC
and quantum systems. Rallis er al. [54] survey the HPC-
quantum interface design space. Murillo er al. [55] identify
backend selection as a key open challenge. Li et al. [56]
contribute QASMBench for NISQ evaluation. Chundury et
al. [12] provide initial QFw benchmarks. SELEQTOR adds
workload-sensitive metric collection and a learned selector on
top of this middleware layer.

d) ML for Quantum Computing: Machine learning has
been applied extensively to quantum computing tasks: varia-
tional algorithm optimization [57], [58], noise characterization
and mitigation [59], [[60]], gate synthesis and compilation.
However, these applications focus on circuit optimization,
i.e., tuning parameters, decomposing gates, or characterizing
errors, rather than the backend orchestration problem ad-
dressed here: Given a workload and a pool of heterogeneous
backends (local simulators, cloud QPUs, GPUs), automatically
predict which backend(s) will execute fastest and estimate
the quantum kernel’s runtime for resource scheduling when
embedded in an HPC job. SELEQTOR targets exactly this
backend-orchestration gap.

IV. METHODOLOGY

This section presents SELEQTOR’s two tools: QBacMet and
MQBac. Both are standalone Python packages compatible with
any supported quantum framework backend. They are demon-
strated within QFw, whose execution model is summarized
first for context.

A. QFw Execution Model

A QFw job is submitted via Slurm with two heteroge-
neous groups: hetgroup-0 for the application and hetgroup-
1 for QFw’s Quantum Platform Manager (QPM) services and
backend workers. The QPM dispatches circuit batches to local
MPI workers or cloud REST endpoints and streams results
back asynchronously. Backends and sub-backends are selected
at runtime via a lightweight property dictionary, enabling zero-
code-change substitution. Fig. 2]shows the framework-agnostic
meta-backend pipeline that is the focus of this paper.

B. QBacMet: Workload-Sensitive Metric Collection

QBacMet (Quantum Backend Metrics) is a vendor-agnostic
Python tool that attaches to any quantum job (both simula-
tor and hardware device) without rewriting experiments. It
distinguishes features, e.g., configurable/descriptive properties
of a run, from metrics, i.e., quantitative values produced by
execution.

TABLE I: QBacMet’s six-layer metric hierarchy.

Layer Name
0  Slurm/HPC

Key items

job ID, partition, nodelist, CPUs-on-
node, scheduling policy, cluster name
width, depth, 2-qubit gates,
Clifford/non-Clifford counts, critical-
path length, connected components,
variational parameters

optimization level, basis gates, routing

1 Algorithm

2 Transpilation

method; post-transpile:  hw_depth,
hw_width, connectivity degree,
SWAP count, 2-qubit gates

3 Backend simulator  flag, Aer  method
(SV/MPS/TN), bond dimension,
device (CPU/GPU), precision;
hardware: CLOPS (Circuit
Layer Operations Per Second),
QV  (Quantum Volume), T31/13,

gate/readout errors, calibration age
queue-time, execution-time, MPI
rank, OpenMP threads, HPC job ID
mitigation overhead, quantum error
correction (QEC) syndrome time, re-
sult marshaling time

4 Execution

5  Post-process

a) Six-layer hierarchy: QBacMet organizes metric col-
lection into six layers that mirror the Q-HPC execution stack
(Tab.[I): Layer O (Slurm orchestration) determines node affinity
and MPI rank assignment, which drive communication pat-
terns invisible to circuit-only analysis. Layer 1 (algorithmic
circuit structure) defines entanglement and gate topology.
Layer 2 (transpilation) introduces hardware-specific compi-
lation overhead that can exceed algorithmic depth by 5x.
Layer 3 (backend characteristics) encodes simulator method
(MPS vs. tensor-network contractibility) or QPU error rates.
Layer 4 (runtime execution) captures wall-clock time and
queuing dynamics. Layer 5 (post-processing) adds error-
mitigation and marshaling latency. This vertical decomposition
enables MQBac to identify which layer’s features dominate
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Fig. 2: Meta-backend-driven benchmarking pipeline: QBacMet collects full-stack metrics and MQBac selects the best backend
and estimates runtime, enabling cross-platform quantum resource scheduling with no changes to user code.

the selection decision (features from Layers 2 and 3 rank
highest, see Sec. [VI-B), and future extensions can selectively
re-collect only modified layers when infrastructure changes.
These six layers and their 35 metrics were chosen manually,
by mapping the Q-HPC execution stack layer by layer, since
no existing full-stack taxonomy was available to adapt (hence
making our approach more novel). Their predictive value was
then confirmed empirically via feature importance.

b) Zero-change instrumentation: Many profiling tools
require users to wrap executions or add import-time hooks.
QBacMet instead exposes a Python context manager that
intercepts standard transpile and execution entry points of
Qiskit and PennyLane at the library level, eliminating the
need for user code changes. This design choice reflects two
practical considerations: (i) adoption, where users can add
a single with collector.collect (): block around
existing code and reap benefits without refactoring applica-
tions; and (ii) correctness, where the context-manager pattern
ensures the collection lifecycle (setup, activate, execute user
code, collect, deactivate, flush) is well-defined and exception-
safe (metrics are collected even if the circuit execution throws
an error). On exit, it collects all six layers and restores the
original call paths, leaving user circuits and orchestration
scripts unchanged. The typical usage pattern is given in Fig.[3]

¢) Rich feature extraction: Beyond the six-layer runtime
metrics, QBacMet extracts 40+ static circuit features from any

from gbacmet import collector

with collector.collect () :
gc = QuantumCircuit (n)
# ... build circuit
tgc = transpile(qgc,
opt_level=1)
result = backend.run (tqgc,
shots=1024) .result ()

backend,

metrics = collector.metrics

Fig. 3: QBacMet context-manager usage: collect () installs
hooks around the transpile—execute cycle and records timing
and circuit metrics as user code runs inside the block; on
exit, it finalizes all six layers into collector.metrics.
No change to the user’s quantum code is required.

compiled circuit: gate-arity counts (1Q—4Q), directed acyclic
graph (DAG) statistics (edge count, longest path, serial layers),
topology metrics (connected components, tensor factors, dis-
tinct 2Q pairs), per-qubit touch counts, Clifford/non-Clifford
classification, parameterization statistics, and per-gate-type
counts. Feature extraction proceeds in two phases. First, static
circuit analysis on the compiled DAG yields gate counts
(1-4 qubits) and DAG graph metrics (edge count, longest



path, number of serial layers for parallelization potential).
Second, Clifford-content classification leverages Qiskit’s Clif-
fordSpan decomposition to partition the circuit into Clifford-
native subsets (executable on stabilizer simulators via tableau
algorithms in O(n?) time) versus non-Clifford parts (requiring
exponential simulation). Per-qubit touch counts (how many
gates operate on each qubit) correlate with routing overhead, as
frequently-accessed qubits may require more SWAP insertions
on constrained topologies. These features are extracted post-
transpile, after basis-gate substitution and routing, i.e., they
capture the actual execution complexity facing the backend
rather than the idealized algorithmic circuit. These features
form the input to MQBac.

d) Persistent metric store: Each collection block writes
a single JSON snapshot keyed by the tuple (benchmark, size,
backend, sub-backend, device, run mode, nodes, processes,
timestamp) into a shared store. Snapshots are append-only and
schema-tolerant: Layers that do not apply to a given backend
(e.g., hardware error rates on a simulator) are recorded as
null rather than rejected, and new layer-keys added by new
backends do not invalidate old snapshots. This hierarchical
schema design enables two critical capabilities: (i) schema
evolution, which ensures new keys are added when a new
backend introduces additional Layer-3 metrics (e.g., a QPU
with exotic calibration parameters), while missing keys are
gracefully skipped; and (ii) incremental collection with a
persistent store that is append-only, i.e., each new job run
appends one snapshot without requiring schema migration
or re-processing of prior runs. This design is critical for a
tool running continuously on a supercomputer for months,
where new hardware or backend versions arrive during non-
stop operation. A separate flattening step joins the snapshots
with the static circuit-feature table and emits two compact
tables, one per workload tuple for classification and another
per execution for regression. These tables are the direct inputs
to MQBac. The decoupling in separate tables lets QBacMet
collection and MQBac training proceed independently on
different cadences and on different machines.

C. MQBac: Intelligent Backend Selector

MQBac (Meta Quantum Backend) is a standalone ML-
based backend selector. Given a set of QBacMet features for
an incoming circuit batch, MQBac predicts the best-suited
backend and an expected runtime. In the QFw deployment
evaluated here, MQBac replaces the manual backend property
(Fig. [2) so that the same artifact can be loaded into any other
Python orchestration layer unchanged. MQBac addresses two
complementary prediction tasks.

a) Need for historical data: MQBac is deliberately
trained on the accumulated QBacMet snapshot store rather
than on freshly generated benchmarks for each prediction.
On-demand benchmarking is impractical at Q-HPC scheduler
scale: QPU runs are queue-bound, QPU access is metered, and
calibration drift changes absolute runtimes between windows.
The relative ordering of backends is more stable than absolute
runtimes, so a model trained on the historical sweep captures

this ordering and only requires periodic top-up snapshots to
track drift. The persistent store described above is therefore
the natural training substrate: Each new job that runs through
QFw appends one snapshot, and MQBac is retrained off-line
against the growing corpus.

b) Task 1: Backend selection (classification): For each
workload tuple (benchmark, qubit count, node count, process
count), the backend with the lowest mean wallclock time
is labeled as the target class. A random-forest classifier is
trained on the QBacMet feature vectors under a stratified
train/validation/test split. Label-leaking columns (the oracle
runtime and the winning sub-backend identifier) and columns
collinear with retained features (e.g., qubit count vs. size)
are dropped before fitting. Cross-validation groups are formed
from workload identifiers to reduce near-duplicate leakage.
Random Forests were chosen over alternatives (Support Vector
Machines (SVM), gradient-boosted trees, neural networks)
based on: (i) its natural handling of mixed categorical (backend
identifiers) and numeric features without explicit encoding;
(i1) its robustness to feature scaling differences (e.g., Slurm
node counts in the range of 1-32 vs. circuit depths in the range
of 1-1000) and to collinear features common in circuit de-
scriptors; (iii) interpretable impurity-based feature importance
(Sec.[VI-B), validating that the model learns sensible heuristics
rather than spurious correlations; and (iv) rapid training (sec-
onds on a single core), enabling frequent retraining without
disrupting the scheduler. Initial XGBoost experiments showed
marginal gains (< 2% accuracy) at substantially higher cost.

c) Task 2: Runtime estimation (regression): A random-
forest regressor predicts mean wall-clock time given the same
feature set augmented with the backend identifier. To avoid
double-counting repeated executions of the same workload,
rows are grouped by the workload tuple introduced above and
the target is taken as the per-group mean wall-clock time,
with numeric features collapsed by group mean. This makes
the held-out R? comparable across benchmarks with differ-
ent numbers of repeats, using a random train/validation/test
split with grouped cross-validation. The regression target is
transformed as log(1 + mean_ms), and we report the Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE)
on the back-transformed millisecond scale while reporting R
on log-scale.

d) Shared pipeline and feature engineering: Both models
share a single preprocessing pipeline: Categorical columns
are one-hot encoded with unknown-category tolerance, nu-
meric columns are median-imputed, and the resulting vector
is passed to the random-forest estimator. Starting from the
processed circuit and system feature set used by MQBac,
highly correlated pairs (Pearson r > 0.95) are greedily pruned
separately for each model. Feature importance is assessed
via impurity-based importance. Principal Component Analysis
(PCA) is used as a diagnostic visualization after redundancy
pruning rather than as a training-stage dimensionality reduc-
tion step. In the current regression table, Pearson pruning at
r > 0.95 reduces the PCA input from 104 numeric features
to 44, and the first two components explain 32.1% of the re-



maining variance, confirming that redundancy is concentrated
in a few large feature clusters rather than uniformly across all
descriptors. Here, the counts refer to different stages: QBacMet
logs 35 metrics, MQBac trains on a curated 57-feature model-
ing view, and the correlation/PCA diagnostic operates on the
104 numeric columns present after preprocessing.

e) Hyperparameter selection and reproducibility: The
classifier uses 300 estimators with max-depth 16 and minimum
leaf size 2, and the regressor uses 500 estimators; feature
importance is computed via Gini impurity. Categorical features
are one-hot encoded with unknown-category tolerance, where
unseen categories are handled by filling a zero vector. Numeric
features are imputed with column-wise median, robust to
outliers (e.g., a single QPU run queued for hours does not
skew the distribution). The random seed is fixed at 42 for all
sklearn operations to ensure deterministic, easily reproducible
results.

f) Deployment: MQBac exposes a single predict en-
try point that returns the recommended backend label and an
estimated runtime. As a standalone library it can be invoked
from any Python application before circuit submission, and
within QFw the trained artifact is loaded into QPM at startup
and consulted by the dispatcher in place of the manual backend
property (Fig. 2). User override and confidence-based fallback
are retained in both modes. Inference is negligible, seen by
a single forest evaluation requiring sub-millisecond time on a
dispatcher CPU, which is well below the per-job Slurm-launch
overhead. Retraining both forests on the full corpus completes
in seconds on a single login-node core, allowing the artifact to
be regenerated periodically as the snapshot store grows without
disrupting the running scheduler.

Five simulator backends are integrated: NWQ-Sim (state-
vector, MPI-distributed), TN-QVM [61] and QTensor [62]
(tensor-network), Qiskit Aer (multi-method with state-vector,
MPS, and automatic modes), and IonQ (cloud REST simu-
lator). QPU backends include IonQ Aria (trapped-ion), IBM
Torino, and IBM Miami (superconducting). Each backend
implements a standardized API. Backends are selected at
runtime via a lightweight property dictionary, enabling zero-
code-change substitution [[12]. Applications interact with
the framework through a lightweight backend client. Non-
variational workloads are batched across available cores,
whereas variational workloads issue asynchronous calls per
optimizer iteration. DQAOA decomposes a large Quadratic
Unconstrained Binary Optimization (QUBO) problem into
sub-QUBOs that are solved concurrently via threaded RPC
calls [[12]]. This modular model enables QBacMet and MQBac
to attach transparently without modifying application logic.

V. EXPERIMENTAL SETUP

a) Compute Platform: Experiments for SELEQTOR were
conducted on a 32-node Frontier test cluster at the Oak
Ridge Leadership Computing Facility (OLCF) [51]]. Each node
has a 64-core AMD EPYC CPU (512 GiB DDR4) and four
AMD MI250X GPUs (8 Graphics Compute Dies (GCDs),
64 GiB HBM?2e each), connected via HPE Slingshot 200. With

one core per Last-Level Cache (LLC) reserved for system
processes, 56 application cores per node are available.

b) Job Orchestration: QPM spawns eight worker threads
and dispatches tasks round-robin via the PMIx Reference
RunTime Environment (PRTE) for local jobs or REST for
TonQ cloud jobs [63]]; QBacMet and MQBac attach to this
pipeline (Sec. without depending on it. Each experiment
is repeated three times, mean and standard deviation are
reported.

c) Backends and Benchmarks: Experiments span the
five simulator and three QPU backends integrated into QFw
(Sec. IV-C); IonQ Aria is transpile-only here, used for
backend-characterization features rather than execution run-
time, and IBM Torino has 133 qubits. Eight benchmarks span
non-variational kernels (SupermarQ GHZ, SupermarQ HAM,
SupermarQ Mermin-Bell, SupermarQ Bit Code, TFIM, and
HHL) and variational workloads (QAOA of QUBO sizes 4—
30 and DQAOA of QUBO size 30 and 40 with varying sub-
problem splits).

d) QBacMet Data Collection: QBacMet (Sec. col-
lected a benchmark corpus across benchmark xbackend x size
configurations, including real-QPU runs on IBM Torino and
IBM Miami. The resulting flattened feature tables serve as the
training set for MQBac.

e) MQBac Training and Evaluation: The two MQBac
models, namely the backend-selection classifier and the run-
time regressor, are trained and evaluated on stratified/ran-
dom 8:1:1 train/validation/test splits described in Sec.
We report classification accuracy, macro-F1, per-class preci-
sion/recall, and the confusion matrix. We also report MAE,
RMSE, and R? for regression. For robustness, classification
additionally uses GroupKFold (k = 3) cross-validation on
the training partition and regression uses KFold (K = 3)
cross-validation. Backend-selection performance is contrasted
against the static heuristic of Fig. [T] and the always-NWQSim
default.

f) Baselines and speedup computation: The static
baseline reproduces the simulator-selection flowchart of
Fig. [ [13]: Small-width circuits are routed to the state-
vector family, low-depth circuits to the tensor-network family,
near-Clifford circuits to the stabilizer path, and the residual
“quantum-advantage” branch is treated as an abstention. The
heuristic is scored family-correct: A prediction counts if the
true winning backend belongs to the predicted family. Ac-
curacy is reported both on the simulator-only subset (where
the heuristic has applicable rules) and on the full test split
(treating abstentions as incorrect, so that the number is directly
comparable to MQBac). The wall-clock speedup of MQBac
over the always-NWQSim default is computed by looking up
per-tuple mean runtime in the regression table for both the
predicted and the default backends on every test row and
taking the mean of the per-row ratios.



VI. RESULTS AND DISCUSSION

A. QBacMet Analysis

a) Depth inflation: Fig. plots the ratio of post-
transpilation hardware depth to pre-transpilation algorithmic
depth for each benchmarkxbackend combination. The me-
dian inflation is 2.9x, with observed maxima above 30x on
challenging mappings. This metric distinguishes backends that
preserve shallow circuits from those that incur large routing
overhead, and enters MQBac’s top-ranked features for both
backend selection and runtime prediction (Fig. [6).
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Fig. 4: Mean depth inflation (HW depth / algorithmic depth)
per benchmark x backend. Depth can inflate by up to
30x, revealing that compilation overhead, invisible to pre-
transpilation heuristics, is a primary driver of backend per-
formance differences.

b) QBacMet exposes hidden complexity: Depth inflation
ratios reveal that backend sensitivity is not solely a function
of algorithmic circuit structure; compilation routing, basis-
gate decomposition, and device topology can inflate depth
by up to 30x. Framework choice further complicates this
landscape: Qiskit’s transpile () applies iterative optimiza-
tion (levels 0-3) with Sabre or Stochastic routing, while
PennyLane delegates compilation to underlying device APIs
with less control. Different frameworks may produce post-
transpile depths differing by 20-30% for the same circuit and
backend, yet SELEQTOR’s post-transpile metrics capture these
framework artifacts and integrate them into a single decision
model. Features invisible to pre-transpilation analysis, such as
SWAP insertion count and post-transpile connectivity degree,
carry significant predictive weight, validating the multi-layer
design of QBacMet.

¢) Hidden performance crossovers: Fig. [5] plots mean
wall-clock runtime vs. qubit count with separate curves per
backend for the two benchmark families (GHZ and TFIM)
supported by multi-backend coverage across a sufficient qubit-
size range. For both GHZ (Fig. [5a) and TFIM (Fig. [5b),
backend-curve intersections and rank-order changes with qubit
growth confirm the crossover behavior that motivates au-
tomated selection, which cannot be captured by a single
static heuristic. These intersections also show the hardware—
simulator crossover: Hardware curves are comparatively flatter
with qubit growth, while state-vector simulator cost rises
rapidly, making static backend choices unreliable. Before the

crossover, i.e., at smaller qubit counts, simulators are clearly
faster: NWQ-Sim leads on both GHZ and TFIM in this region.
The crossover to hardware occurs (barring MPS) around
25 qubits for GHZ and around 28 qubits for TFIM, with
IonQ/IBM rank-order reversals visible where both hardware
curves are present. Missing points in these crossover plots
are not measurement omissions; they correspond to runs that
exceeded user Slurm wall-time limits and were terminated
before completion.

B. SELEQTOR Selector Accuracy

a) Backend selection (classification): SELEQTOR’S
MQBac achieves 0.950 accuracy (macro-F1 = 0.906) on
the held-out workload split, outperforming static baselines
(heuristic: 0.650, always-NWQSim: 0.550; Fig. [7). Translated
into runtime, SELEQTOR-recommended backends are on
average 2.57x faster than the always-NWQSim default.

TABLE II: Regression performance.

Metric Value
MAE (ms) 15301.86
RMSE (ms) 59094.24
R? 0.928

b) Runtime estimation (regression): The runtime regres-
sor achieves strong predictive accuracy across four orders of
magnitude in wall-clock runtime (Fig. , with detailed metrics
in Tab. [[I} The largest residuals occur on hardware backends,
where queuing variability inflates measured time beyond what
circuit-only features can predict.

c) Error analysis and failure modes: While achiev-
ing 95.0% accuracy on held-out workloads, SELEQTOR’s
MQBac chooses an inferior backend in a small fraction of
cases (~5.0%). Analysis reveals two primary failure modes:
(1) Hardware queuing variability. Wall-clock runtime can
fluctuate by 30-50% on IBM Torino and Miami depending on
queue depth at submission time, which degrades prediction
stability. (ii) Imbalanced training data in sparsely sampled
workload regimes lowers per-class precision. On the simulator-
only subset (no queue noise), MQBac maintains high accuracy,
indicating the core selection logic is sound, i.e., it is the
external variability that drives the failures, not a flawed model.

d) Generalization: To assess generalization beyond the
training distribution, we perform leave-one-backend-out eval-
uation: For each backend, its rows are removed from training
only, and the resulting classifier is re-evaluated on the original
held-out test set. The accuracy drop scales with each backend’s
share of the training data, reaching —0.50 when the majority-
class backend (NWQ-Sim) is withheld and averaging 0.18
absolute across all backends, with markedly smaller impact
for less-represented classes. This indicates that the classifier
depends on seeing sufficient examples of the dominant back-
ends rather than on backend-idiosyncratic signatures, i.e., fine-
tuning will likely be needed to transfer to new platforms or
hardware.
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Fig. 5: Mean runtime (log scale) versus qubit count per backend. Backend-curve intersections and rank-order changes across
qubit counts reveal hidden crossovers that static heuristics struggle to capture, motivating automated selection. Missing data
points indicate runs terminated after exceeding user Slurm wall-time limits.
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Fig. 6: Top-15 Gini importance features for SELEQTOR’s MQBac classifier (left) and regressor (right), visualizing the distinct
feature hierarchies. Hardware-connectivity and execution-configuration features (hw_circ_connectivity_degree_avg,
arg_device, arg_run_mode) dominate backend selection, while backend identity and circuit-scale features dominate

runtime prediction, confirming that full-stack metrics are essential for accurate cross-platform decisions.
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Fig. 7: SELEQTOR’s MQBac test accuracy vs. static base-
lines. MQBac achieves 95.0% accuracy, clearly exceeding
the heuristic baseline (65.0%) and always-NWQSim (55.0%),
showing the advantage of learned cross-platform selection.

e) Feature importance: The choice of Random Forest
over a single decision tree (cf. the Alexeev heuristic in Fig. )
is deliberate. Alexeev’s flowchart encodes one static path
through a few hand-picked thresholds, while a Random Forest
grows many trees in parallel, each sampling a random subset

True runtime (ms)

Fig. 8: Predicted vs. true wall-clock runtime per workload
tuple on the held-out test split (log—log). Strong agreement
across four orders of magnitude (R? = 0.928, log-scale)
enables HPC schedulers to right-size resource allocations.

of features. In practice, each tree tends to specialize on a
different layer of the QBacMet hierarchy, i.e., one tree may
split on qubit count (Layer 1), another on post-transpile SWAP
count (Layer 2), a third on MPI process count (Layer 4).
Additionally, the ensemble vote aggregates these layer-specific



signals into a single robust decision.

This is reflected in Fig. [6f The top classifier features
are execution-configuration signals (arg_device=CPU,
0.084; arg_run_mode=sync, 0.083), followed by
hardware-connectivity = and  compiled-depth  structure
(hw_circ_connectivity_degree_avg, 0.079;
depth_ratio, 0.073; arg_optimization_level,
0.067). System-scale parameters (n_nodes +
n_processes, =~0.109 combined) also rank, because
backends differ fundamentally in MPI scaling, e.g., NWQ-
Sim benefits from many nodes while a QPU is a single-shot
device indifferent to node count. The expected state-vector
scaling of NWQ-Sim still dominates at larger qubit sizes:
Execution time becomes increasingly expensive and then
practically infeasible beyond roughly 35 qubits in our setting.
The runtime regressor is dominated by backend identity
(sub_backend, 0.339; backend, 0.104), as each sub-
backend exposes a qualitatively different runtime profile, with
Qiskit Aer automatic mode also showing workload-dependent
behavior, aligning with tensor-network-like scaling on GHZ
but following a distinct trajectory on TFIM. It also draws
additional signal from circuit width and parallelism (width,
0.122; n_processes, 0.086), followed by size/depth
locality terms (size, 0.055; touch_min, 0.054; depth,
0.050). The regressor’s largest residuals occur on hardware
backends where queue depth (invisible to any circuit feature)
inflates measured time unpredictably. Among classical
simulators, MPS most closely tracks hardware scaling trends
in our benchmarks while remaining faster than hardware
across the tested sizes.
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Fig. 9: Pearson-correlation structure among numeric
QBacMet-derived  features. Large blocks of nearly
interchangeable descriptors reveal structural redundancy:
200 pairs perfectly correlated, 1532 satisfy |r| > 0.80.

f) Feature correlation: Fig. 0] shows two complemen-
tary views of redundancy in the training table. On the left,
the correlation matrix exposes large blocks of nearly inter-
changeable descriptors: size, width, classical-bit count, and
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Fig. 10: PCA projection of the 44 features remaining after
pruning Pearson r > 0.95 pairs. Each point is one (bench-
mark, size, backend) aggregate. Benchmark families occupy
distinct regions (PC1 = 20.9%, PC2 = 11.1% explained
variance), confirming that meaningful variation persists despite
feature redundancy.

measurement count move together because they all scale
with circuit width; several gate-family counters track the
same basis-decomposition decisions; and hardware-facing gate
counts align tightly with controlled-gate and routing-heavy
workload features. For clarity, this 104-column matrix is the
post-preprocessing numeric analysis view, distinct from the
35 raw QBacMet metrics and the 57-feature MQBac training
view. Across the 104 numeric features analyzed, 200 pairs are
perfectly correlated and 1532 pairs satisfy |r| > 0.80, so the
redundancy is structural rather than incidental.

Fig. [I0] asks a complementary question: After removing
features with Pearson r > 0.95, does meaningful variation
remain? The answer is yes. Pruning reduces the PCA input to
44 features, and the first two components still capture 32.1%
of the remaining variance (PC1 = 20.9%, PC2 = 11.1%). PC1
is dominated by two-qubit interaction structure and width-
related terms (algo_gate_cx, algo_num_2g_gates),
while PC2 carries parametric-gate count, register structure, and
depth effects that are not purely size-driven. Despite feature
redundancy, the Random Forest achieves 95.0% accuracy by
selecting the most informative feature per split.

g) From runtime estimation to resource scheduling:
MQBac’s regression model predicts wall-clock execution
time before a circuit batch is submitted. HPC schedulers
can use this to right-size Slurm allocations (nodes, GPUs,
and wall-time limits) before quantum jobs enter the queue.
Over-provisioning wastes scarce accelerator hours; under-
provisioning triggers job failures or re-queuing. On our held-
out split, the regressor attains R? = 0.928 (log-scale) with
MAE = 15.30s and RMSE = 59.09s across runtimes span-
ning more than four orders of magnitude, accurate enough for
Slurm wall-time requests to track actual job duration within a
small constant factor.



h) Comparison with concurrent work: Maestro [14] and
Sharma et al. [|15] remain the closest concurrent efforts. Pilot-
Quantum [52] offers complementary resource management
primitives that could be paired with SELEQTOR’s workload-
aware selection.

C. Deployment Scenarios

1) One-shot backend choice: When a workflow must pick
one backend before launch, the classifier maps the
workload descriptor directly to the fastest (or “best”)
admissible target.

2) Scheduler-facing planning: When a user or scheduler
must request wall time, node counts, or GPU resources
before submission, the regressor predicts the runtime
consequences of candidate choices.

3) Limited backend menus: When a deployment exposes
only a subset of simulators or one cloud provider,
SELEQTOR uses the classifier to narrow the admissible
set and the regressor to compare remaining options under
local resource constraints.

VII. FUTURE WORK

This work opens several directions. Robust ML: Online
learning and ensemble approaches can mitigate hardware
queuing variance and calibration drift, while active sampling
addresses under-represented workload—backend pairs. Hard-
ware expansion: transfer learning can extend coverage to
trapped-ion and photonic QPUs and additional HPC platforms
(Perlmutter, Aurora) with minimal retraining. Metric hierar-
chy: QBacMet’s schema already defines Layer 3 and 5 fields
for device error rates (T1/T2, CX infidelity) and post-execution
fidelity; populating them consistently as backend APIs stan-
dardize will further improve feature ranking. Production in-
tegration: Scheduler plugins may support efforts to right-size
wall-time and compute requests at submission, and support
online model adaptation when mid-execution metrics diverge
from predictions. Co-Scheduling: MQBac can be extended to
co-schedule sub-circuits post circuit cutting across simulator
backends and QPU devices, leveraging SELEQTOR’s runtime
estimates to choose the best partition and route sub-circuits for
the shortest makespan. Multi-criteria backend definitions: The
current notion of “best” backend is defined by mean wall-clock
time; extending MQBac’s objective to jointly weigh result
fidelity, monetary cost, and queue policy would better reflect
practical Q-HPC scheduling trade-offs. SELEQTOR’s method-
ology is agnostic to the criterion used to label the “best”
backend, so fidelity-, cost-, or queue-aware objectives can be
substituted for wall-clock time without changing QBacMet’s
metric collection or MQBac’s learning pipeline.

VIII. CONCLUSION

This paper contributed SELEQTOR, a meta-backend-driven
benchmarking approach that combines workload-aware metric
collection with learned backend selection and runtime es-
timation to support intelligent Q-HPC resource scheduling.
SELEQTOR’s two standalone tools, QBacMet and MQBac,

work with any Qiskit- or PennyLane-compatible backend and
were evaluated here within an HPC quantum framework.

Evaluations on a Frontier-collected corpus spanning eight
benchmarks expose performance crossovers hidden from tra-
ditional benchmarking. QBacMet’s depth-inflation analysis
reveals that compilation overhead alone can shift the best back-
end choice, a factor invisible to pre-transpilation heuristics.
MQBac achieves 95.0% backend-selection accuracy (macro-
F1 = 0.906), a 2.57x mean wall-clock speedup over the
always-NWQSim default, and runtime prediction with R? =
0.928 (log-scale).

To the best of our knowledge, SELEQTOR is among the
first to unify automated backend selection with data-driven
runtime estimation across classical simulators and hardware
QPUs in a single learned decision framework. By turning
backend selection and runtime estimation into an automated,
data-driven process, this work improves backend selection
for quantum kernels and helps HPC schedulers right-size job
allocations for both simulator and hardware execution.
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