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Abstract. GPU-accelerated quantum software stacks combine hetero-
geneous hardware, vendor libraries, build toolchains, and framework in-
tegrations, creating failure modes that are difficult to diagnose. We ask
which bugs in such stacks could, in principle, be prevented before execu-
tion. To study this question, we analyze N=196 GPU-relevant GitHub
issues from two contrasting GPU-quantum stacks: NVIDIA CUDA-Q
(n=159) and Aer GPU (n=37). Each issue is coded along three dimen-
sions: stack layer (where the main cause occurs), bug type (the dom-
inant manifestation), and a preventability class, CTClass (A=compile-
time avoidable, B=pre-execution preventable, C=runtime-only). Over-
all, roughly one third of the issues are addressable before execution
(A+B), whereas the majority are runtime-bound (C). Preventability is
strongly layer-dependent: build-, deployment-, and environment-related
issues are often pre-execution preventable, while runtime-adjacent issues
are largely runtime-only. The two projects also show markedly different
profiles: CUDA-Q is dominated by runtime-bound issues, whereas Aer
GPU contains a substantially larger share of pre-execution-preventable
cases. These results suggest that different parts of GPU-quantum stacks
call for different prevention mechanisms, alongside continued runtime-
oriented testing and observability.

Keywords: Quantum software - GPU acceleration - Empirical study -
Bug classification - Preventability - Heterogeneous systems

1 Introduction

Modern computing systems increasingly rely on heterogeneous architectures.
While the CPU previously dominated as the primary computing platform, to-
day’s systems use a variety of accelerators, especially GPUs. The current Al
boom has made the advantages of such accelerators particularly visible and has
further accelerated the adoption of heterogeneous CPU-GPU systems. However,
this heterogeneity requires new programming paradigms, since memory manage-
ment, data movement, and execution models differ fundamentally from classical
CPU-centric approaches [22]. This means that software stacks grow in depth,
and additional error-prone layers emerge at new levels. Hardware drivers, ven-
dor libraries, build and packaging toolchains, language bindings, and framework
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integrations add further complexity to software projects [3, 2]. This becomes par-
ticularly problematic when safety and abstraction guarantees do not consistently
hold across all stack layers, allowing errors to propagate along the stack.

We observe this, for example, in systems that provide strong compile-time
safety guarantees (e.g., Rust) but undermine them at CUDA interfaces (FFI),
where unsafe code is required because CUDA and OpenCL do not provide the
same guarantees [10].

In addition to such broken guarantees, the problems are amplified by the
growing dependence on build and packaging ecosystems. Missing or incompatible
dependencies, faulty build dependencies, as well as incompletely ported features
can lead to build failures or integration problems. Particularly critical is that
such errors sometimes occur only in specific hardware/software combinations,
which complicates debugging and fixing [14].

To investigate the development described above, we focus in this paper on
GPU-quantum stacks as a concrete specialization of heterogeneous systems and
examine the following question: what proportion of relevant error classes can,
in principle, be addressed before execution? The motivation is that early error
detection becomes more important as stack depth increases, because debugging
effort across multiple layers can become exponentially higher than for CPU-only
programs [20]. Instead of reacting to errors at runtime, they should be intercepted
where they arise.

While empirical studies have already identified bugs in quantum software,
for example, Paltenghi & Pradel [15], who investigate high-level frameworks, or
El Aoun [8], who classifies configuration, data type, and program-anomaly bugs,
there has been little research on GPU-accelerated stacks and the potential for
pre-execution error prevention.

To answer this question, we analyze bug issues from two GPU-quantum
stacks: CUDA-Q and the GPU-related subset of Qiskit Aer. We describe them
along three dimensions: the stack layer in which the primary cause occurs, the
dominant bug type, and a preventability class. We distinguish three preventabil-
ity categories: (A) bugs that can be eliminated at compile time through static
analysis, (B) bugs that can be caught before execution via checks, constraints,
or contracts, and (C) bugs that can only be addressed at runtime.

TypeSec [5] and GPUVerify [4] show that pre-execution prevention of selected
bug classes is feasible in practice. The former prevents protocol errors at compile
time, while the latter statically proves the absence of data races and barrier
divergence. Based on this, we derive three research questions: (RQ1) Which bug
patterns occur on which stack layers? (RQ2) How is CTClass A/B/C distributed
overall and when comparing CUDA-Q and Aer GPU? (RQ3) What implications
follow for static or preflight mechanisms compared to runtime checks? To answer
these questions, we construct a manually coded dataset of GPU-relevant bug
reports and analyze it along three complementary dimensions; Section 3 details
the study design.
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2 Related Work

Empirical studies on quantum software bugs provide an important starting point
for this work. For instance, the previously mentioned Paltenghi & Pradel [15]
report 223 bugs in 18 quantum-computing platforms. They show that bugs are
concentrated in compilation and optimization components, but they focus on
CPU-based simulators. Nevertheless, their study provides initial insights into
bug-class distributions, albeit without a GPU context.

El Aoun et al. [8] examined 125 quantum software projects and developed
a broad bug classification. Their work provides useful background on bug cat-
egories, bug prevalence, and bug-fixing effort in quantum software. However,
we do not use that classification directly, because our study focuses on GPU-
accelerated stacks and on pre-execution preventability across stack layers.

Quetschlich and Di Matteo [18] provide an experience-based, qualitative char-
acterization of quantum bugs based on a case sample and discuss typical debug-
ging practices. Their work is useful for understanding how quantum bugs arise in
practice, especially through interactions between multiple aspects. However, we
do not adopt that characterization directly, because our study requires a coding
scheme tailored to GPU-accelerated stacks and to pre-execution preventability
across stack layers.

Tao et al. [19] present Giallar, an automated verification tool for quantum
compiler passes. While this work does not provide a bug classification for GPU-
accelerated quantum stacks, it is relevant to our study because it illustrates
that selected correctness properties in quantum software can be checked before
execution.

Also at the level of static analysis, Paltenghi & Pradel [17] present LintQ, a
framework for analyzing Qiskit programs before execution. In their evaluation
on 7568 real programs, the approach reports 91.0% precision, and 92.1% of the
problems it finds are missed by the compared prior techniques.

Wang et al. [21] demonstrate with QDiff, a differential-testing framework for
quantum software stacks (Qiskit, Cirq, PyQuil), that not all bugs can be detected
before execution. The framework generates semantically equivalent variants of
quantum programs, runs them on simulators and hardware, and compares devi-
ations in the results.

We are also aware of work by Betts et al. [4] and Mai et al. [12] demonstrating
static verification or analysis of GPU-specific bugs. While Betts et al. use a
verification tool to analyze GPU kernels, Mai et al. rely on range checks and
def-use analysis at compile time to ensure memory safety. Both works show that
GPU-specific bugs can be addressed at compile time; however, they analyze
isolated GPU kernels rather than the complex interactions across multiple stack
layers that our RQ1 investigates.

The work by Betts, Mai, and Wang shows that bug prevention can be achieved,
but always in isolated contexts (individual kernels, individual frameworks, indi-
vidual abstraction layers). What has been missing so far is a holistic perspective.
What do bug classes look like in a complete, GPU-accelerated software stack?
Which bugs can be prevented pre-execution, and which cannot? Our answer is
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not a new verification tool, but a rigorous empirical analysis. By systematically
categorizing bug issues from CUDA-Q and Aer GPU by stack layer and CTClass
(A/B/C), we provide quantitative evidence on how bug classes are distributed
across GPU-accelerated quantum stacks and which of them are addressable be-
fore execution.

3 Study Design and Methods

To answer RQ1-RQ3, we construct and manually code a dataset of GPU-relevant
bug reports from two contrasting GPU-quantum software stacks. Our study
design combines three complementary coding dimensions. StackLayer captures
where in the stack the primary cause resides, BugType captures the dominant
manifestation of the issue, and CTClass captures whether the bug is, in principle,
preventable before execution. The remainder of this section describes dataset
construction, coding rules, adjudication, and the statistical analysis.

For this work, we examine bug reports from two established GPU-quantum
software stacks. The stacks were selected as contrast cases because they differ
in architecture, integration breadth, and role within the stack, making diver-
gent bug profiles and CTClass distributions plausible. NVIDIA/cuda-quantum
(CUDA-Q)! is an integrated framework that provides multiple targets. Qiskit/
qiskit-aer (Aer GPU)? is designed as a quantum simulator that provides a
GPU backend. CUDA-Q and Aer GPU therefore differ not only in capabilities,
but especially in their position within the software stack (end-to-end framework
vs. backend component). The selection is based on their public availability on
GitHub and on the availability of enough GPU-relevant bug reports after screen-
ing for a comparative analysis.

3.1 Dataset Construction

We draw on GitHub Issues (bug reports) as our data source and extract the rele-
vant entries. For both projects, GitHub Issues are the primary public channel for
reporting and tracking bugs. For this purpose, we rely on Python scripts that
run GitHub searches with documented search qualifiers (including is:issue,
label:bug, created:) and store the results as a dataset snapshot. For the anal-
ysis, we consider only the initial bug description, not the subsequent discussion,
in order to base the coding on the information available at reporting time and to
avoid later diagnosis or fix information influencing the labels. We then conducted
a manual screening to exclude non-bugs (e.g., feature requests) and off-topic
threads. For Qiskit Aer, we include only GPU-related issues in the final sample;
these issues are marked as GPU-relevant in the dataset, while non-GPU-related
issues are excluded during screening. We consider issues GPU-relevant if their
symptom explicitly refers to CUDA /cuStateVec/the GPU backend, missing GPU

! https://github.com/NVIDIA /cuda-quantum
2 https://github.com/Qiskit /qiskit-aer
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libraries, or GPU resource problems. The final dataset comprises N = 196 GPU-
relevant bug reports: 159 issues from NVIDIA/cuda-quantum (creation period
2023-03-20 to 2025-09-10) and 37 GPU-relevant issues from Qiskit/qiskit-aer
(2023-02-07 to 2025-10-29). We recorded open/closed status at the time of ex-
port. The resulting dataset is unbalanced (CUDA-Q: 159; Aer GPU: 37), re-
flecting repository-specific issue availability after GPU-relevance filtering; we
therefore interpret cross-project contrasts as analytical comparisons rather than
population-level estimates.

Selection Procedure. Selection consisted of (1) query definition, (2) screening,
and (3) deduplication. Additional random sampling was not necessary because
the resulting set could be covered in full.

3.2 Dimensions and Definitions

Each issue is described along three complementary dimensions, because no single
dimension is sufficient for our research questions:

1. StackLayer: the layer in which the primary root cause of the bug resides
(e. g., backend library, framework integration, high-level API/framework logic,
build/deploy /environment, runtime/framework runtime).

2. BugType: the dominant cause of the bug (e.g., API/usage/logic, back-
end/framework integration, build /install /packaging, configuration/ environ-
ment, performance/numerics).

3. CTClass?: classification of whether the bug can, in principle, be prevented
upfront:

— A (compile time): The bug can be eliminated at compile time via static
analysis or type rules.

— B (pre-execution): The bug can be caught before execution (preflight,
constraints, contracts), but is not ¢rivially captured by static analysis.

— C (runtime-only): The bug is substantially runtime- or environment-
dependent and therefore cannot be reliably prevented before execution.

For CTClass B, we additionally record a subtype B1/B2 to distinguish differ-
ent mechanisms. B1 denotes metadata- or compatibility-based checks (e. g., sup-
port matrices, version/architecture constraints), whereas B2 denotes contract-
/guard- /typestate-adjacent checks that express stronger, non-trivial precondi-
tions. We introduced this split because CTClass B proved too broad during
initial coding. We want to interpret the resulting prevention mechanisms sep-
arately. This prevents a substantial share of CTClass B cases from collapsing
into an unspecific category and yields a finer, interpretable resolution for the
analysis.

3 CTClass = Compile-Time Possibility Class
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Decision Rules for C'TClass To reduce subjectivity, we apply the following deci-
sion rules: (1) If there is a clear API/sequence violation or a deterministic viola-
tion of a consistency condition that can be checked without runtime information
— A; (2) if the bug can be detected or blocked by deterministic pre-execution
checks (e. g., dependency/configuration validation, capability checks, contracts)
— B (B1/B2); (3) if the occurrence depends substantially on runtime behav-
ior, hardware state, timing, numerical instability, or resource availability — C.
Borderline cases are documented in the full codebook, which also includes rep-
resentative examples for the coding categories; to avoid optimistic assignments,
we apply a conservative tie-break rule (C > B2 > B1). Table 1 shows exemplary
borderline cases.

3.3 Coding Process, Rationales, and Borderline Cases

In addition to the categories, we store three short textual rationales per issue to
improve label transparency: Bug reason, Stack reason and Class reason (CTClass
justification incl. B1/B2). These decisions are derived manually from the issue
description (including embedded logs/stack traces) and serve as an audit trail
for later replication and error analysis.

Example (Issue) Alt. Why borderline / final rule
CUDA-Q #920: MPI not included B1+C  API appears to be available, but the
in Python wheels implementation is missing from the

artifact; conservatively treated as an
artifact /runtime issue = C.

CUDA-Q #2628: cudaErrorlllegal- B2+C  Guards are conceivable, but illegal-

Address address errors are often timing-
/context-dependent in asynchronous
multi-GPU settings = C.

CUDA-Q #1464: CNOT degrada- B&~C Pre-execution  prevention  would

tion in lowering require a  semantic  compiler-
equivalence check; conservatively
= C.

CUDA-Q #2279: mid-circuit mea- A+C Syntactically — valid, but back-

surement semantics end/semantic wrong results; conser-

vatively = C.

CUDA-Q #875: ASTBridge spec B2+<+C  User is spec-compliant, but the in-
adherence ternal bridge/translation violates the
spec; conservatively = C.

Table 1. Exemplary borderline cases and the conservative adjudication rule (C > B2
> BI1)
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3.4 Inter-Coder Agreement and Adjudication

CTClass labels were assigned independently by the author and a second coder
independent of the author, and then finalized by consensus. We report an ob-
served agreement of P, = 84.6% and Cohen’s x = 0.70 [13, 7]. The final data set
therefore contains consensus labels for CTClass.

3.5 Analysis Plan and Statistics

To answer the research questions, we construct contingency tables for project
and CTClass, StackLayer and CTClass, and BugType and CTClass. As an effect
size for associations in contingency tables, we use Cramér’s V' (range [0, 1]) [1].
Because expected cell counts are small in several contingency tables and the
asymptotic x? approximation can then be unreliable [6], we additionally assess
significance via a permutation test (5000 permutations, fixed seed) by randomly
permuting CTClass labels under the null hypothesis and comparing the resulting
X2 statistic to the observed value [9]. We summarize effect sizes and permutation-
test p-values in Table 2.

3.6 Reproducibility and Artifacts

We document the GitHub queries, the codebook (including decision rules), the

labeled data set (issue URLs/IDs + categories + rationales), and the analysis

scripts used to generate contingency tables, effect sizes, and permutation tests.
All artifacts are publicly available under the Apache License 2.0 at:

— Repository: https://github.com/TheBuccaneer/gpu-quantum-bug-study
— Persistent archive (DOI): https://doi.org/10.5281 /zenodo.18326741

Cross-tabulation X2 df Pperm 1% min. expected
Project x CTClass 43.21 2 0.0002 0.4695 2.27
StackLayer x CTClass 77.01 8 0.0002 0.4432 1.10
BugType x CTClass 60.41 8 0.0002 0.3926 0.61

Table 2. Effect sizes and permutation tests (5000 permutations) for the main cross-
tabulations

4 Results

In this section, we report the central findings of our analysis of N = 196 GPU-
relevant bug reports (CUDA-Q: n = 159, Aer GPU: n = 37). We structure the
results along the research questions: (RQ1) their patterns across StackLayer and
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BugType, (RQ2) the distribution of classes (CTClass) overall and by project,
and (RQ3) the breakdown of CTClass B into B1/B2. This highlights which parts
of GPU-quantum stacks contain bugs that can, in principle, be detected before
execution and where bugs predominantly arise only at runtime.

4.1 RQ1: CTClass Across Stack Layers

Figure 1 breaks down CTClass by StackLayer. The distribution varies substan-
tially across layers and shows that pre-execution preventability is not evenly dis-
tributed throughout the stack. CTClass B is particularly pronounced in Build/
Deploy/Environment (N = 33): CTClass B (78.8%, 26/33), CTClass C (18.2%,
6/33), and CTClass A (3%, 1/33). These findings support the intuition that bugs
related to installation, deployment, dependencies, and hardware/software setup
can often be caught by deterministic checks (e.g., version/API compatibility,
capability checks, dependency constraints).

In contrast, Runtime/Framework-Runtime (N = 18) is entirely CTClass C
(100%, 18/18). Bugs in this layer arise only during execution and cannot be re-
liably ruled out upfront. Framework-Integration (N = 61) is also strongly domi-
nated by CTClass C (85.2%, 52/61), with CTClass B (13.1%, 8/61) and CTClass
A (1.6%, 1/61). In Backend-Library (N = 34), CTClass B is higher (29.4%,
10/34), but still below CTClass C (67.6%, 23/34). High-Level-API/Framework-
Logic (N = 50) is more heterogeneous by comparison: CTClass A (18%, 9/50),
CTClass B (18%, 9/50), and CTClass C (64%, 32/50). Overall, the layer results
show that bugs detectable upfront are especially prevalent in build-adjacent ar-
eas, whereas runtime-adjacent layers almost exclusively contain CTClass C.

Runtime-/Framework-Runtime (N=18) 100.0%

Framework-Integration (N=61) 4 85.2%

Backend-Library (N=34) | 29.4% 67.6%

High-Level-API / Framework-Logic (N=50) 4 18.0% | 18.0% 64.0%

Build/Deploy/Environment (N=33) | 78.8% 18.2%

= I
o

T T T T
0 20 40 60 80
Percentage (%)

0

||:| A - Compile-Time Avoidable [ B - Potentially CT HEE C - Runtime-Only

Fig. 1. Overall CTClass distribution by Stack Layer

4.2 RQ1: CTClass Across Bug Types

Figure 2 breaks down CTClass by BugType and shows a similar picture. Some
bug types are detectable upfront, whereas others are almost exclusively runtime-
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only. Config/Environment bugs (N = 10) are clearly dominated by CTClass B
(80%, 8/10), while CTClass C accounts for only 20% (2/10).

Build/Install /Packaging bugs (N = 24) are also predominantly CTClass B
(70.8%, 17/24) and 25% CTClass C (6/24). Together, these two categories form
a group of bug types that can be reduced particularly well via preflight and
constraint mechanisms. On the other hand, some bug types are almost entirely
assigned to CTClass C. Performance/Numerics bugs (N = 34) fall into CT-
Class C in 91.2% of cases (31/34), reflecting the strong runtime dependence
of such problems (e.g., hardware/toolchain-dependent numerical instabilities,
performance issues). Backend/Framework integration bugs (N = 53) are like-
wise strongly C-dominated (83%, 44/53), while only 15.1% fall into CTClass B
(8/53). The largest category, API/Usage/Logic bugs (high-level) (N = 75), is
less clear-cut: CTClass C constitutes the majority (64%, 48/75), but 22.7% fall
into B (17/75) and 13.3% into A (10/75). This category, in particular, shows
that even in GPU-quantum stacks, a share of bugs could be addressed via static
rules or pre-execution checks.

Performance-/Numerics-Bug (N=34) 91.2%

Backend-/Framework-Integrations-Bug (N=53) 15.1% 83.0%

API-/Usage-/Logic-Bug (High-Level) (N=75) = 13.3% 22.7% 64.0%

Build-/Install-/Packaging-Bug (N=24) 70.8% 25.0%

Config-/Environment-Bug (N=10) 80.0% 20.0%

r y T T
0 20 40 60 80 1
Percentage (%)

o

0

=3 A - Compile-Time Avoidable [ B - Potentially CT I C - Runtime-Only

Fig. 2. Overall CTClass distribution by Bug Type

4.3 RQ2: Distribution of Preventability Classes

Figure 3 shows the distribution of CTClass overall (A) and split by project
(B). Across all issues, CTClass C dominates with 131/196 (66.8%). CTClass B
comprises 53/196 (27%), while CTClass A is rare with 12/196 (6.1%). Thus,
in our data set, roughly one third of cases (A+B) are, in principle, preventable
or detectable before execution. The majority, however, concerns bugs that are
runtime-dependent.

The projects exhibit markedly different profiles (Fig. 3B). In CUDA-Q, most
issues fall into CTClass C (121/159, 76.1%), while CTClass B accounts for
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Fig. 3. CTClass distribution overall (a) and by project (b)

27/159 (17%) (CTClass A: 11/159, 6.9%). In Aer GPU CTClass B is domi-
nant: 26/37 (70.3%) fall into B, whereas CTClass C accounts for only 10/37
(27%) (CTClass A: 1/37, 2.7%). This shift is consistent with the contrast be-
tween the two systems as an end-to-end framework (CUDA-Q) versus a backend
component/adapter (Aer GPU): while CUDA-Q includes many runtime-adjacent
integration and execution bugs, Aer GPU issues are more concentrated in con-
figuration and compatibility aspects that can be checked upfront.

4.4 RQ3: Breakdown into B1/B2

Figure 4 breaks down all CTClass B issues (n = 53) by B1/B2 subtypes. Over-
all, B1 (config/metadata constraints) is slightly more common at 56.6% (30/53)
than B2 (contracts/typestate) at 43.4% (23/53). However, the composition dif-
fers in projects. In CUDA-Q, 66.7% of B cases fall into B2 (18/27) and 33.3%
into B1 (9/27). In Aer GPU, the pattern is reversed: Bl strongly dominates
(80.8%, 21/26), whereas B2 accounts for only 19.2% (5/26). Thus, the stacks
differ not only in the frequency of CTClass B, but also in the nature of po-
tentially catchable bugs. Aer GPU mostly exhibits deterministic compatibil-
ity /configuration checks (B1), while CUDA-Q more often reflects preconditions
and guard-/contract-adjacent mechanisms within CTClass B (B2).

5 Discussion

Our results show that pre-execution detectability is present in GPU-quantum
stacks, but depends on the architecture, degree of integration, and the affected
stack layer. In particular, CUDA-Q and Aer GPU differ substantially in the
distribution of classes A/B/C and in the B subtypes. These differences show
that CUDA-Q and Aer GPU have developed different bug profiles. They arise
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(A) (B)

CUDA-Q (N=27)

Overall (N=53) 33.3% 66.7%
56.6% 43.4% Aer GPU (N=26)
80.8% 19.2%
0 20 40 60 80 100

0 20 40 60 80 100
Percentage (%) Percentage (%)

Il Bl - Config/Metadata Constraints B B2 - Contracts/Typestate

Fig. 4. Decomposition of CTClass B into B1 and B2 overall and by project

from their respective roles in the stack (integrated framework vs. specialized
adapter) and the typical challenges of GPU deployment.

5.1 Differences Between CUDA-Q and Aer GPU

The strong contrast between CTClass C in CUDA-Q and predominantly CT-
Class B in Aer GPU can be explained by the systems roles. Aer GPU acts as a
GPU-capable backend component within a larger ecosystem. Accordingly, GPU-
relevant issues concentrate on (deterministic) preconditions (drivers/libraries,
version and capability mismatches, build/packaging), i.e., topics that can be
summarized as pre-execution checks. This pattern is consistent with observations
in the literature on heterogeneous platforms, where deployment and integration
problems are described as recurring challenges [2,3,11]. By contrast, CUDA-Q
is an integrated framework that bundles different backends into an end-to-end
workflow. As a result, errors more frequently arise that become visible only dur-
ing execution or through the interaction of multiple components (CTClass C),
for example in framework integration, runtime, and performance/numerics.

5.2 Layer and Bug Type Patterns for Prevention

Layer analysis (Fig. 1) can be interpreted as follows. Build /Deploy /Environment
is clearly dominated by CTClass B, whereas runtime-adjacent layers contain al-
most exclusively CTClass C. This observation is also confirmed in other hetero-
geneous contexts. Zhang et al. [23] report that about 48% of failures in deep-
learning jobs due to platform interactions rather than code logic. These results
suggest that substantial prevention opportunities lie in preflight mechanisms for
installation, configuration, and capability checks (B1). At the same time, the
strong dominance of CTClass C in Framework-Integration and Runtime indi-
cates that a subset of problems must be made detectable not primarily through
additional static checks, but through robust runtime testing, monitoring, and
differential checks.
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A similar picture emerges from the bug types (Fig. 2): Build/Install and Con-
fig/Environment are predominantly CTClass B, whereas Performance/Numerics
is almost exclusively CTClass C. This separation is particularly plausible for
GPU-quantum stacks, because numerical deviations, performance problems, or
toolchain- /hardware-dependent effects only appear under real conditions. This
also confirms what Paltenghi and Pradel discuss for quantum platforms more
generally: many bugs do not manifest as crashes, but as unexpected outputs and
are therefore difficult to detect purely statically [15]. The experience-based clas-
sification by Quetschlich and Di Matteo likewise indicates that quantum bugs
often arise from complex interactions and that debugging strategies cannot be
cleanly assigned to a single bug class [18]. Our results support this perspec-
tive for GPU stacks: where CTClass C dominates, it is more effective to invest
in oracle-/differential testing and runtime diagnostics than in stricter preflight
rules.

5.3 Implications of B1/B2 Prevalence

The B1/B2 breakdown (Fig. 4) makes the difference between deterministic checks
(B1) and non-trivial protocols (B2) visible. That Aer GPU is strongly Bl-
heavy within Class B argues for measures such as explicit support matrices
(CUDA /cuStateVec versions), automatic validation of the runtime environment,
and Cl-based preflight suites that block faulty configurations before execution.
By comparison CUDA-Q shows more frequent B2 cases within CTClass B. This
suggests that in an integrated framework, not only the whether (is the envi-
ronment compatible?) but also the how (was an allowed API/resource protocol
followed?) becomes central.

There are precedents for this in adjacent areas. TypeSec demonstrates that
protocol errors in GPU APIs can be encoded via typestates, with state transi-
tions enforced at compile time [5]. GPUVerify shows that important GPU-kernel
properties, such as the absence of races and barrier divergence, can be checked
statically [4]. Honeycomb likewise demonstrates the use of static validation to
control GPU execution [12]. Our B2 cases therefore suggest that GPU-quantum
stacks may benefit from more protocol-aware APIs, such as typestate-based de-
signs, guards, or contracts, rather than focusing only on the classic configuration
layer.

5.4 CTClass C Testing and Diagnostic Strategies

The strong dominance of CTClass C in runtime-adjacent layers and in Per-
formance/Numerics motivates testing approaches that do not rely on a single
correct reference result. QDiff provides one relevant example through differen-
tial testing of quantum software stacks [21]. Differences across backends, drivers,
and compilers can lead to faulty results that standard tests do not detect. Ac-
cordingly, multi-backend comparisons, metamorphic testing [16], and regression
checks over result distributions appear particularly relevant for surfacing C-
heavy bug types.
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At the same time, Class C should not be misunderstood as unavoidable: even
if problems cannot be reliably prevented before execution, they can be debugged
much faster through better observability (logging, telemetry, deterministic repro-
duction scripts, automatic capture of environment metadata). Here, our results
connect to challenges discussed in the literature, such as interpreting proba-
bilistic outputs and the knowledge gap between quantum and classical system
stacks [8].

5.5 Threats to Validity

The dataset is unbalanced (Aer GPU n = 37 vs. CUDA-Q n = 159), and the
GPU-relevance filtering for Aer GPU may bias the observed cross-project dif-
ferences, in particular the comparatively high share of CTClass B in Aer GPU.
We therefore interpret cross-project contrasts as analytical comparisons rather
than population-level estimates. At the same time, this selection is substan-
tively justified, because Qiskit Aer, as a simulator, also contains many non-
GPU-specific issues, and comparable GPU-quantum stacks often do not provide
an open and sufficiently detailed issue history. Extending the study to additional
GPU-quantum stacks (e. g., further simulators or backends) would improve gen-
eralizability and help assess whether the observed patterns, including the layer-
to-B1 tendency, remain stable. A further limitation is that CTClass C groups
together heterogeneous runtime-dependent phenomena; a finer-grained subdi-
vision (e.g., numerical instability vs. resource- or timing-related issues) could
support more targeted testing strategies in future work.

6 Conclusion

We studied the pre-execution preventability of bugs in GPU-quantum software
stacks by analyzing 196 GPU-relevant GitHub issues from CUDA-Q (n=159)
and Aer GPU (n=37). Our classification along StackLayer, BugType, and CT-
Class shows that roughly one third of the observed issues are, in principle, ad-
dressable before execution (A+B), while runtime-dependent failures dominate
overall. Preventability is strongly layer-dependent: Build/Deploy/Environment
is largely pre-execution preventable, whereas Runtime/Framework-Runtime is
entirely runtime-bound. The two projects also exhibit sharply different profiles,
consistent with their roles as an end-to-end framework and a backend adapter. To
make CTClass B more actionable, we divide it into B1 (compatibility /metadata
preflight checks) and B2 (contract-/protocol-like guards). The resulting B1/B2
split suggests that different prevention mechanisms may be appropriate for dif-
ferent parts of the stack, while CTClass C underlines the continued importance
of runtime-oriented testing and observability. Future work includes extending
the dataset to additional GPU-quantum stacks, triangulating issue-based labels
with fixes and reproduction artifacts, and exploring automated B1/B2 checkers
to assess how much of the observed bug space can be addressed in practice.
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