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Abstract
High-performance computing (HPC) relies on hardware-specific
libraries like BLAS and FFTW, whose correctness is often validated
via differential testing. However, manual test cases limit coverage,
and automated techniques such as symbolic execution and fuzzing
struggle with HPC libraries due to implicit parameter constraints
and the difficulty of generating valid, large-scale inputs, leading to
inefficiency and poor automation.

This paper presents an LLM-powered approach to test driver
generation that overcomes these challenges. By classifying interface
parameters and modeling their semantic constraints, our method
automatically generates executable, structurally valid drivers tai-
lored to HPC libraries. This enables scalable input generation for
comprehensive testing of complex APIs. We evaluate our approach
on OpenBLAS and FFTW using symbolic execution and fuzzing,
showing significant improvements in test automation and coverage
compared to manual and baseline automated efforts.

CCS Concepts
• Software and its engineering→ Software testing and debug-
ging.
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1 Introduction
The growing computational power and complexity of modern ap-
plications have made high-performance computing (HPC) indis-
pensable in scientific computing [21], engineering simulation [22],
artificial intelligence [4], and big data analytics [23]. To harness
modern hardware, developers rely on highly optimized computing
libraries—such as BLAS [12], FFTW [8], and Intel MKL [5], that
are tightly coupled with specific processor architectures. These
mathematical libraries underpin critical software stacks, making
their correctness and stability essential to system-wide reliability.

Testing these libraries is particularly challenging as they incor-
porate complex hardware-specific optimizations and large-scale
floating-point computations [1, 6, 11, 20, 24]. Comprehensive testing
requires generating vast, diverse inputs to cover various compu-
tational optimization paths and validating numerical precision, a
task infeasible manually. Consequently, automated test generation
using techniques like symbolic execution [2, 19] and fuzzing [3, 7]
has become essential.

However, both approaches face significant obstacles in HPC
libraries. Symbolic execution struggles with large data inputs and
complex parameter dependencies, leading to state explosion and
poor path coverage. Fuzzing, meanwhile, treats all inputs uniformly,
resulting in inefficient exploration due to a vast, sparsely valid input
space. In both cases, domain knowledge is needed to guide analysis,
specifically to identify critical parameters and encode valid input
constraints.

While prior work addresses API usage in general software [3,
9, 10, 14], these methods are ill-suited for HPC libraries, where
semantic constraints are deeply tied to data shapes and mathemat-
ical semantics. To overcome these limitations, test drivers must
be carefully designed to reflect library-specific usage patterns and
parameter relationships—an effort that currently requires deep ex-
pertise and manual labor. Meanwhile, existing fuzzing test driver
generation tools [15, 26] leverage LLMs to learn and generate legit-
imate drivers, yet their primary application focuses on API control
logic and fails to address the critical parameter relationships re-
quired in HPC contexts.

To address this challenge, we propose an LLM-powered approach
for generating test drivers for HPC libraries. Our method leverages
the domain knowledge embedded in large language models [18]
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1 void cblas_sgemm(
2 const enum CBLAS_ORDER Order , // Memory layout
3 const enum CBLAS_TRANSPOSE TransA , // transpose A
4 const enum CBLAS_TRANSPOSE TransB , // transpose B
5 const int M, //row of op(A) and C
6 const int N, // column of op(B) and C
7 const int K, // column of op(A) and row of op(B)
8 const float alpha ,// Scalar multiplier for op(A)*op(B)
9 const float *A, // matrix A
10 const int lda , // Leading dimension of A
11 const float *B, // matrix B
12 const int ldb , // Leading dimension of B
13 const float beta , // Scalar multiplier for C
14 float *C, // matrix C
15 const int ldc); // Leading dimension of C

Figure 1: The CBLAS_SGEMM function in BLAS
to extract implicit constraints from interface definitions and open-
source implementations. By classifying parameters and encoding
semantic relationships, our technique constructs valid, efficient test
drivers that enable more effective symbolic execution and fuzzing.

The main contributions of this paper include:
• An LLM-based constraint extraction method that identifies pa-
rameter relationships in HPC library interfaces, improving the
validity and reliability of generated test drivers.

• A parameter-aware driver generation strategy that automates
test driver construction across diverse computing libraries, en-
abling end-to-end test generation.

• An evaluation on real-world libraries (OpenBLAS, FFTW) demon-
strating the effectiveness and practicality of our approach.

2 Motivation
In the HPC libraries, traditional program analysis-based testcase

generation techniques are significantly less effective. HPC libraries
exhibit two key characteristics: (1) inputs are typically large-scale
tensors, and (2) APIs have numerous parameters that are often
interdependent. These features lead to two major challenges for
program analysis.

First, analyzing large tensor inputs drastically degrades the per-
formance of program analysis due to the sheer size and complexity
of the data. Second, there exist strict semantic constraints between
tensor structures and other API parameters, constraints that pro-
gram analysis tools, lacking domain-specific knowledge, cannot
effectively reason about. As a result, they generate many invalid or
infeasible inputs, leading to inefficient exploration and poor testing
coverage.We use the example from the BLAS library in Figure 1 to
illustrate the key characteristics of HPC libraries.

2.1 Large-scale tensor data
In high-performance computing operators, the scale of tensor data
can often be substantial. In the field of image processing, tensor data
mostly conforms to fixed standard sizes such as 4 × 4, 16 × 16, or
64 × 64 [16]. However, in domains like deep learning and scientific
computing, the number of elements within a tensor can reach tens
of thousands [17]. With such data volumes, traditional unit testing
methods require analyzing all data elements, which is undoubtedly
very resource-consuming.

Let’s take the CBLAS_SGEMM operator [13] as an example in
Figure 1. This is a general matrix multiplication operation and
performs the following calculation:

𝐶 = 𝛼 × 𝑜𝑝 (𝐴) × 𝑜𝑝 (𝐵) + 𝛽 ×𝐶 (1)

As shown in the Figure 1, the parameter list includes three ma-
trices𝐴, 𝐵, and𝐶 . The dimensions of these matrices are determined
by𝑀 , 𝑁 , and 𝐾 , and they are accessed using lda, ldb, and ldc as
their respective strides. For example, performing an operation on
a single-precision floating-point matrix of size 1024×1024 would
require 4 MB of memory space.

For symbolic execution, fully symbolizing a 1024x1024 matrix
leads to significant scalability challenges. Any write operation on
such a matrix introduces over 100,000 array theory constraints
via SMT encoding, far beyond the capacity of SMT solvers, often
resulting in timeouts or memory exhaustion. Moreover, symbolic
execution must maintain symbolic memory states in a lookup table,
where each matrix element corresponds to a symbolic expression.
With the large number of such expressions, the efficiency of query-
ing and managing the symbolic state degrades dramatically.

Fuzzing, on the other hand, relies critically on throughput: higher
throughput enables more program executions and broader explo-
ration of the input space within a given time. However, mutat-
ing large-scale matrices incurs substantial overhead during input
generation, directly reducing throughput. Additionally, increased
memory consumption per execution limits the number of parallel
fuzzing instances, further constraining scalability.

Crucially, internal data variations within tensors typically affect
only the output values and do not alter the control flow or execution
path in HPC libraries. As a result, tracking fine-grained symbolic or
concrete states inside tensors yields diminishing returns in terms
of coverage. Therefore, our key insight is that tensor-typed input
parameters should be decoupled in test driver generation, avoiding
deep program analysis while still enabling effective testing.

2.2 Parameter constraint
There exist strict constraint relationships between the tensor data
structure and other interface parameters. These parameters de-
termine how data within the tensor is read during the concrete
implementation of the interface. Failure to satisfy these constraints
may lead to crashes.

Taking the CBLAS_SGEMM operator as an example, by review-
ing the relevant documentation, we can identify the following con-
straint relationships among its parameters 𝑂𝑟𝑑𝑒𝑟 , 𝐴, 𝑀 , 𝑁 , and
lda:{
𝐴.𝑠𝑖𝑧𝑒 () = 𝑙𝑑𝑎 ×𝑀 ; 𝑙𝑑𝑎 ≥ 𝑁 ; 𝑖 𝑓 𝑂𝑟𝑑𝑒𝑟 = 𝐶𝑏𝑙𝑎𝑠𝑅𝑜𝑤𝑀𝑎𝑗𝑜𝑟
𝐴.𝑠𝑖𝑧𝑒 () = 𝑙𝑑𝑎 × 𝑁 ; 𝑙𝑑𝑎 ≥ 𝑀 ; 𝑖 𝑓 𝑂𝑟𝑑𝑒𝑟 = 𝐶𝑏𝑙𝑎𝑠𝐶𝑜𝑙𝑀𝑎𝑗𝑜𝑟

(2)
As we can see from the above constraints, the size of Matrix A is

jointly determined by four parameters, and there are additional con-
straints among these parameters, which undoubtedly complicate
our analysis process.

In the absence of prior knowledge, applying symbolic execu-
tion to explore the path space of the CBLAS_SGEMM operator
faces a fundamental challenge: the inability to recover array sizes
𝐴.𝑠𝑖𝑧𝑒 (). Existing symbolic execution engines support symbolic
values within memory regions (e.g., array elements) but do not sym-
bolize the metadata of pointer objects themselves, such as allocated
size. As a result, 𝐴.𝑠𝑖𝑧𝑒 () is typically treated as a constant rather
than a symbolic value, preventing the solver from accurately in-
ferring tensor dimensions. Moreover, constructing inter-parameter
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Figure 2: The workflow of our approach
constraints (e.g., between 𝑀 , 𝑁 , and 𝐾) requires prolonged anal-
ysis before any valid input is produced, leading to poor analysis
efficiency and long initialization phases.

Similarly, fuzzing must generate matrices of appropriate sizes
based on𝑀 , 𝑁 , and 𝐾 . While prior work uses DSL-based input gen-
erators or custom mutators, these require manually crafted drivers
and domain-specific logic. Without access to such domain knowl-
edge, purely random mutation has an extremely low probability of
generating valid inputs, especially for operators involving multiple
interdependent matrices. Standard fuzzers lack awareness of the se-
mantic relationships between parameters and their corresponding
tensors, making it difficult to maintain structural validity during
mutation and severely limiting their effectiveness.

Without providing program analysis techniques with domain-
specific knowledge of HPC libraries, significant effort is wasted
in attempting to infer implicit parameter constraints from code.
Therefore, our key insight is that these constraints should be explic-
itly encoded in the test driver a priori, enabling early and effective
pruning of infeasible regions in the input space.
3 Approach
To address the challenges in generating effective test drivers for
HPC libraries, we propose a LLM-powered framework that lever-
ages the LLM’s understanding of open-source computing libraries
and its code generation capabilities. To mitigate the instability of
LLMs in complex, multi-step synthesis tasks, we decompose driver
generation into two sequential phases: (1) parameter classification,
and (2) constraint-aware driver generation.

As illustrated in Figure 2, the workflow begins by extracting the
target API’s interface information, including the library name, func-
tion signature, and parameter list, from the HPC library under test.
This information is used to construct the first prompt, 𝑃𝑟𝑜𝑚𝑝𝑡𝑝 ,
which guides the LLM to classify each interface parameter into
one of several semantic categories. Based on the classification re-
sults, along with interface metadata and driver specifications, we
then construct a second prompt, 𝑃𝑟𝑜𝑚𝑝𝑡𝑑 , to guide the LLM in
generating an executable test driver.

The generated driver undergoes a compilation check. If com-
pilation fails, the system iteratively refines the prompt (e.g., by
including error feedback) and regenerates the driver, up to a pre-
defined retry threshold. Once a compilable driver is produced, it
is integrated into symbolic execution or fuzzing frameworks to
generate test inputs and explore program behavior.
3.1 Parameter classification
In HPC libraries, interface parameters are typically symbolized (in
symbolic execution) or mutated (in fuzzing) to generate diverse
inputs. However, we observe that (1) parameters exhibit distinct
semantic types, and (2) strong constraints exist between them. Ig-
noring these distinctions leads to invalid inputs and poor testing

1 fftw_plan fftw_plan_dft(
2 int rank ,
3 const int *n,
4 fftw_complex *in,
5 fftw_complex *out ,
6 int sign ,
7 unsigned flags);

Figure 3: The fftw_plan_dft function in FFTW
effectiveness. To address this, we attempted various classification
methods, such as by parameter type and by function. However,
these approaches could not adequately handle complex-valued op-
erations and variable dimensions. To improve generalizability, we
classify HPC API parameters into four categories based on their
computational roles:
• Computational dimension parameters: indicate the dimen-
sionality of the current computation such—parameters may not
always be present;

• Control and coefficient parameters: primarily include stor-
age format, data size, coefficients, and similar values;

• Dimension-dependent control and coefficient parameters:
pertain to data sizes, coefficients, etc., that are controlled by di-
mensionality and are often formatted as variable-length arrays;

• Data parameters: correspond to the tensor data itself.
Notably, the size of data parameters is typically determined by con-
trol and coefficient parameters, forming a hierarchical dependency.
Taking the CBLAS_SGEMM function in Figure 1 as an example, ma-
trices𝐴, 𝐵, and𝐶 are extracted and treated as data parameters. And
the𝑀 , 𝑁 ,𝐾 are control and coefficient parameters. As shown in Fig-
ure 3, there is an additional constraint layer for the fftw_plan_dft
interface in FFTW: the size of 𝑛 is determined by the value of
𝑟𝑎𝑛𝑘 . Due to this constraint, 𝑛 belongs to the dimension-dependent
control and coefficient parameters, while 𝑟𝑎𝑛𝑘 is classified as a
computational dimension parameter.

These semantic categories enable us to guide the LLM in inferring
and encoding meaningful constraints during driver generation. For
instance: (1) Computational dimension parameters determine the
size of dimension-dependent control parameters, requiring size-
aware symbolic modeling in symbolic execution; (2) Control and
coefficient parameters govern the layout and size of data parameters,
which must be respected during fuzzing to prioritize mutation on
semantically influential inputs.

By incorporating this structured parameter taxonomy and its
associated constraints, our framework guides the LLM to generate
syntactically valid, semantically meaningful, and testing-effective
drivers—significantly improving the quality and efficiency of auto-
mated test generation for HPC libraries.

3.2 Driver generation
Based on the parameter classification results, we combine the pa-
rameter categories, library name, interface name, and a driver pro-
gram template into a new prompt to guide the LLM in generating
candidate driver programs.

We have observed that in HPC libraries, the data parameters
of an interface typically do not influence the program’s branch
conditions—these values participate in computation but not in
control-flow decisions. This observation is derived by tracking
and analyzing actual implementations in real computing libraries.
Parameter constraints are modeled as two types: (1) constraints
between control parameters and dimensions, and (2) constraints
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Table 1: Coverage comparison conducted in the open-source
libraries OpenBLAS and FFTW

Library UT SE SE-LLM Fuzz Fuzz-LLM

OpenBLAS/level3 45.2% 52.7% 74.3% 69.6% 75.1%
OpenBLAS/generic 68.8% 71.3% 77.0% 73.4% 77.1%

FFTW/dft 65.7% 66.4% 71.6% 67.4% 71.9%
FFTW/kernel 59.7% 60.3% 62.7% 61.9% 63.4%

between control and data parameters. Therefore, we have designed
two main parts for driver generation.

We first guide the LLM to represent the aforementioned dimension-
dependent control and coefficient parameters. The array sizes of
these parameters are determined by the computational dimensions
and whether the operation involves complex numbers. We provide
the LLM with either a symbolic execution interface or a fuzz testing
data reading interface to determine the data to be analyzed and
generate the corresponding call format. For example, for the code
in Figure 3, we would symbolize the 𝑟𝑎𝑛𝑘 parameter, generate an
array 𝑛 whose size is determined by the value of 𝑟𝑎𝑛𝑘 , and then
symbolize the internal data of 𝑛.

Since data parameters do not affect subsequent branch con-
ditions, they can be processed independently: generated rapidly
through random or fuzzing methods, then initialized directly ac-
cording to their size. The LLM can assist in determining this scale,
which typically relates to dimensions and control parameters.

For example, in the case of Figure 1, we initialize an array 𝐴
filled with zeros based on the values of 𝑂𝑟𝑑𝑒𝑟 ,𝑀 , 𝑁 , and 𝑙𝑑𝑎.

Through these two steps, we obtain an executable driver that
fully considers the categories of control and data parameters, as
well as the implicit constraints between parameters.
4 Evaluation
To automatically generate test cases for different computing li-
braries in high-performance computing scenarios, we designed an
LLM-assisted test driver generation strategy. To evaluate the ef-
fectiveness of our method, we conducted assessments on selected
interfaces of OpenBLAS and FFTW. However, due to the difficulty in
accurately determining invocation relationships between interfaces
and pinpointing the impact scope of tested interfaces, we compared
our results with all unit tests [25] available in the open-source li-
braries. In essence, our experimental data consists of the coverage
from both unit tests and our method.

Our experiments utilized the ChatGPT-4 model to test a subset
of interfaces in OpenBLAS and FFTW. The experimental results are
presented in Table 1. The symbolic execution tool employed in this
paper is FDSE [27], while the fuzzing tool utilized is AFL++ [7]. We
conducted experiments on both symbolic execution and fuzz testing
with and without our method. Among these, the approach which
does not employ our method uses manually generating test drivers
to analyze all parameters without imposing additional constraints.
The time budget for each driver generation is limited to one minute.
Meanwhile, the time limit for analyzing a single API using both
symbolic execution and fuzz testing is set to one hour.

We measured the time required to construct valid test drivers.
Our approach successfully generated 155 and 155 valid test drivers
for symbolic execution and fuzzing, respectively, within 53 and
57 minutes. For comparison, we manually implemented an equiv-
alent number of test drivers (without encoding inter-parameter

constraints), which took 183 and 237 minutes, respectively. The
significant reduction in effort demonstrates the efficiency and prac-
tical potential of leveraging large language models for automated
test driver generation for HPC libraries.

As shown in Table 1, the test drivers generated by our approach
successfully execute under both symbolic execution and fuzzing
frameworks, achieving significantly higher code coverage than both
the original unit tests and the baseline drivers. In OpenBLAS, our
method improved coverage by 29.1%/8.2% and 29.9%/3.7% across
two major source directories, respectively. In FFTW, we observed
coverage gains of 5.9%/3.0% and 6.2%/3.7%, respectively.

Compared to the manually generated baseline, our approach
achieves average coverage improvements of 8.65% under symbolic
execution and 3.8% under fuzzing. These results demonstrate that
incorporating semantic parameter classification and constraintmod-
eling significantly enhances test quality.

Notably, the improvement is more pronounced in symbolic ex-
ecution. This is expected: symbolic execution is highly sensitive
to input constraints, and invalid or unconstrained inputs lead to
path explosion or early termination. By guiding the LLM to model
inter-parameter dependencies (e.g., array sizes derived from dimen-
sion parameters), our method produces drivers that respect these
constraints, enabling deeper exploration of feasible execution paths.

We have analyzed limitations in the current approach. In HPC
libraries, hardware-dependent compilation flags can modify macros
at compile time, causing certain code branches to remain unexe-
cuted and reducing test coverage. Additionally, LLM exhibit hal-
lucination during parameter classification, such as misclassifying
complex-valued parameters as dimension-dependent. In cases of
hallucination, the relevant outputs are regenerated.

5 Conclusion
This paper presents an LLM-powered test driver generation strat-
egy for HPC libraries, capable of automatically generating drivers
for both symbolic execution and fuzz testing tailored to different
computing libraries. Through our approach, we leverage the do-
main knowledge of LLM to effectively conduct selective testing
based on constraint relationships between parameters. This avoids
the generation of large-scale data while ensuring the validity of
the test programs. Simultaneously, it enhances the quality of the
generated test cases, enabling coverage of more code branches.

6 Future Plans
To advance this work, we plan to evaluate more libraries beyond
OpenBLAS and FFTW to assess generalizability. Currently focused
on generating matrix dimensions, we will also generate complex
matrix data for differential testing to uncover real faults. A key
challenge is that compile-time macros control certain code paths,
necessitating systematic variation of compilation flags and tighter
integration of build configuration with test generation. Further-
more, our LLM-based framework requires refinement, especially in
automatically verifying the correctness and effectiveness of gener-
ated test drivers.
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