
Decomposing LLM-Based Testing with Agent Skills: A Case Study
on Numerical Inconsistencies

Yutong Wang
University of California, Davis

Davis, USA
ytwwang@ucdavis.edu

Cindy Rubio-González
University of California, Davis

Davis, USA
crubio@ucdavis.edu

Abstract
LLM-based testing can expose subtle reliability issues in numerical
software, but monolithic prompts make it hard to inspect which
guidance drives effectiveness. We study whether Agent Skills can
make such workflows more explainable by factoring procedural
knowledge into composable testing components. Using numerical
inconsistency detection as a case study, we decompose an LLM-
based differential-testing pipeline into Skills for program generation
and feedback-guided mutation, then evaluate four Skill configura-
tions. Our results show that the feedback-guided mutation Skill
setting yields the largest improvement on inconsistency rate (+12
percentage points), while enriching Skills with additional proce-
dural knowledge slightly decreases performance (−3 percentage
points). An exploratory evaluation with agent-native execution
reveals scalability challenges for high-iteration Skill workflows.

CCS Concepts
• Software and its engineering → Software testing and de-
bugging; Compilers; • Computing methodologies→ Artificial
intelligence.
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1 Introduction
Reliable numerical software depends on detecting subtle compiler-
and optimization-induced inconsistencies. In this domain, the same
floating-point program may produce different results when com-
piled with different compilers or optimization levels [2, 3, 5, 10].
These inconsistencies are difficult to expose because the candidate
space is large, the triggering patterns are subtle, and failures typi-
cally appear as output differences rather than crashes. LLM-based
program generation is promising for this problem, but it raises an
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explainability question: which parts of a testing workflow make
the generated programs effective?

Recent work has advanced this task through program generation
and differential testing. Varity [3] uses grammar-guided random
generation to synthesize floating-point programs. LLM4FP [12]
instead leverages the numerical patterns LLMs have learned from
real-world code to generate richer programs, detecting nearly 2.5×
more numerical compiler inconsistencies than Varity. However,
LLM4FP packages task specification, structural guidance, and mu-
tation strategies into a monolithic prompt, making the LLM-driven
testing process hard to inspect and ablate.

Agent Skills [1] provide a natural way to factor workflows into
reusable units of procedural knowledge. A Skill is a self-contained
folder consisting of task-specific instructions, optional scripts, and
supporting resources. Skills can be composed into multi-step work-
flows and support progressive disclosure, where agents load detailed
content on demand. SkillsBench [4] shows that curated Skills im-
prove task pass rates on self-contained tasks, but how Skills behave
in iterative generation settings, where feedback loops and strategy
selection play a central role, remains less understood.

In this paper, we use numerical inconsistency detection as a case
study to study Skill design for explainable LLM-based testing. We
decompose LLM4FP into two composable Skills, one for generation
and one for mutation, and vary their composition to isolate the
effects of structure, feedback, and added procedural knowledge. We
evaluate four configurations and report their inconsistency rates:
no Skill (14.23%), one Skill (generation only, 16.47%), two Skills
with feedback (28.48%), and two enriched Skills with additional
procedural knowledge (25.09%). We also include an exploratory
agent-native execution study via Codex CLI [8].

Our case study yields three takeaways for designing explainable
LLM-based testing workflows with Agent Skills:

• The feedback-guided mutation Skill setting has the
largest effect. Generation alone yields a modest gain (+2
percentage points), while composing it with mutation yields
the largest improvement (+12 percentage points).

• Richer Skill content is not necessarily helpful. Enrich-
ing both Skills with floating-point procedural knowledge
slightly decreases performance (−3 percentage points), sug-
gesting detail alone does not automatically help.

• Agent-native execution is feasible but alters costs. A
Codex CLI run generated 50 programs from a cold start with
a 24.78% inconsistency rate, suggesting small-scale feasibility
with shifted runtime costs.

The remainder of this paper presents our Skill design, experi-
mental evaluation, discussion, and related work.
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.c file

YAML Frontmatter
Name: Floating-Point Test Program 
Generation
Description: Generate valid C programs 
with floating-point operations designed 
to trigger compiler inconsistencies 
across optimization levels.

Markdown
## Objective ...
## Program Structure ...
## Grammar Specification 
See `./references/grammar.ebnf` for the 
full formal grammar.
## Guidelines ...
## Output Format ...

Generation/SKILL.md

Generation/references/grammar.ebnf

<fp-type> supports { double }

<assignment-op> supports 

{=, +=, -=, *=, /=}

<op> supports {+, -, *, /}

<bool-op> supports {<, >, 

==, !=, >=, <=}

...

YAML Frontmatter
Name: Floating-Point Test Program 
Mutation
Description: Mutate existing floating-
point C programs to create behaviorally 
distinct variants more likely to trigger 
compiler inconsistencies.

Markdown
## Objective ...
## Mutation Strategies ...
## Successful Example
See `./references/example.c` for the
original C program that has triggered
numerical inconsistencies.
## Guidelines ...
## Output Format ...

Mutation/SKILL.md

Mutation/references/example.c

void compute (int n, double 
a, double b) {
  double alpha = 1.5;
  double beta = -2.7;
  double comp = 0.0;
  for (int i = 0; i < n; ++i) 
  ...
}

int main () 
{...}

Strategy 
Selection

LLM

Code Tools

C to CUDA Conversion

Compile & Run

Differential Testing

Inconsistency 
Found?

No

Successful 
Set

Yes

Feedback Loop
Discard

Figure 1: Overview of the Skill-based pipeline for numerical inconsistency detection.

2 Technical Approach
We study Agent Skill design in an iterative program-generation
workflow for numerical inconsistency detection. Our goal is not
to introduce a new differential-testing backend, but to isolate how
different Skill configurations affect the quality of generated test
programs. LLM4FP [12] already combines initial generation and
feedback-based mutation in one workflow; we factor these tasks
into separate Skills. Figure 1 shows the overall pipeline.

The pipeline operates in a loop. At each iteration, the orches-
trator selects one of two strategies: generate a new program from
scratch using the generation Skill, or mutate a previously successful
program using the mutation Skill. The selected Skill is loaded to
construct the LLM prompt, while compilation and inconsistency
detection are handled by deterministic tools. If a numerical incon-
sistency is detected, the program is added to a successful set that
can be reused in later mutation steps. This setup lets us vary Skill
structure, feedback, and content while keeping the downstream
testing pipeline fixed.

2.1 Skill Design
We represent procedural knowledge for this workflow as modular
Skills, each with a SKILL.md file containing structured instruc-
tions, optional reference files loaded on demand, and frontmatter
metadata for agent discovery. Skills can be viewed as structured
prompt modules; their value here is making workflow components
inspectable, reusable, and independently ablatable. This separation
enables each component to be independently swapped, composed,
and evaluated. We design two LLM-facing Skills:

Generation Skill. The objective is to generate a random, valid
floating-point C program designed to expose numerical inconsis-
tencies across compilers and optimization levels. The Skill specifies:
(1) the required program structure, including a compute function
with scalar double/int parameters storing the result in a variable
named comp, a dump function for hex output, and a main func-
tion; (2) a grammar specification [3, 12] loaded from a reference
file, derived from real-world HPC applications, that constrains the
structure of the compute function; (3) guidelines such as using only
double precision, avoiding undefined behavior, and initializing all
variables; and (4) the output format, requiring plain source code
only with no explanation or formatting.

Mutation Skill. The objective is to mutate an existing program
that has triggered inconsistencies to create a new, behaviorally
distinct variant. The Skill specifies: (1) six alternative mutation
strategies, including expression transformation, control flow injec-
tion, constant perturbation, intermediate computation, operator
substitution, and math function injection, from which the LLM se-
lects one or combines a small subset based on the seed program and
inconsistency report; (2) a successful program and its inconsistency
report as input, encouraging the LLM to explore similar operation
patterns and trigger larger inconsistencies; (3) guidelines requiring
the mutated program to alter its logic and behavior (beyond simple
variable renaming) while retaining its original overall structure;
and (4) the output format, requiring plain source code only.

2.2 Code Tools
Compilation, execution, and inconsistency detection are handled
by deterministic Python scripts, not by the LLM. These scripts con-
vert C programs to CUDA for nvcc compilation, compile and run
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Table 1: Experimental configurations. Each row adds compo-
nents relative to the previous one.

Configuration Skills Grammar Mutation Feedback

No Skill 0 × × ×
Generation Only 1 ✓ × ×
LLM4FP (2 Skills) 2 ✓ ✓ ✓
+ Enriched 2 ✓ ✓ ✓

each program across multiple compilers and optimization levels,
and compare hex-encoded outputs via differential testing to detect
inconsistencies. In the scripted pipeline, these tools are invoked
directly by the orchestrator. In the agent-native experiment (Sec-
tion 4), they are packaged as a Skill so the agent can discover and
invoke them autonomously.

2.3 Experimental Configurations
We evaluate four configurations that progressively expose different
aspects of Skill design, summarized in Table 1:

No Skill. The LLM receives only a basic task specification to gen-
erate a floating-point C program with a compute function, omitting
any explicit Skill structure, mutation strategy, or feedback loop.

Generation Only (1 Skill). Loaded with grammar specifications
and coding guidelines, the generation Skill creates each program
independently from scratch, without mutation or feedback.

LLM4FP (2 Skills). Re-implements the LLM4FP workflow using
Skills; the original LLM4FP does not use Skills. Both the Generation
and Mutation Skills are loaded. The pipeline maintains a set of suc-
cessful programs and probabilistically chooses between generating
from scratch and mutating a randomly selected successful program.
This condition adds feedback-guided Skill composition on top of
structured generation.

Enriched Skills (2 Skills + Detailed Knowledge). This configura-
tion keeps the same two-Skill composition and feedback loop, but
enriches both Skills with additional procedural knowledge about
floating-point inconsistency detection. The Generation Skill is aug-
mented with procedural knowledge about constructs that are more
likely to trigger inconsistencies, while the Mutation Skill is aug-
mented with procedural knowledge for diagnosing inconsistency
causes and selecting effective mutations.

3 Experimental Evaluation
This evaluation measures how Skill structure, feedback-guided
mutation, and added procedural knowledge affect inconsistency
detection effectiveness and runtime.

3.1 Experimental Setup
All four LLM-based methods use GPT-4.1 [7] and generate 1,000
floating-point programs in C. Each program is compiled with gcc
9.4, clang 12.0, and nvcc 12.3 at six optimization levels (O0_nofma,
O0, O1, O2, O3, O3_fastmath), producing 18 compiler-pair compar-
isons per program and 18,000 comparisons per method. We report

Table 2: Inconsistency rates, counts, and time costs across
configurations with different Skill structures and content.

Configuration Skills Incon. Rate # Incons. Time Cost

Varity — 11.93% 2,147 00:30:42
No Skill 0 14.23% 2,562 04:16:37
Generation Only 1 16.47% 2,964 05:56:13
LLM4FP (2 Skills) 2 28.48% 5,126 04:23:04
+ Enriched 2 25.09% 4,516 05:11:04

inconsistency rate, number of inconsistent comparisons, and wall-
clock time, and use the random program generator Varity [3] as
baseline. All experiments run on Ubuntu 20.04 with x86_64.

3.2 Results
Table 2 shows the results for each Skill configuration. We make
three key observations:

The Feedback-Guided Mutation Skill Setting Has the Largest Effect.
Each additional Skill improves the inconsistency rate: 14.23% (no
Skill)→ 16.47% (1 Skill)→ 28.48% (2 Skills). The largest gain comes
from composing the generation Skill with a mutation Skill that
creates a feedback loop over successful programs (+12.01 percentage
points), while adding the generation Skill alone provides a more
modest improvement (+2.24 percentage points).

Richer Skill Content Does Not Improve Performance in This Set-
ting. Holding the two-Skill composition and feedback loop fixed,
enriching both Skills with additional procedural knowledge reduces
the inconsistency rate from 28.48% to 25.09%. This suggests that
increasing Skill content does not necessarily improve an iterative
generation workflow, even when the added content is task-relevant
procedural knowledge. One possible explanation is that the added
knowledge narrows the model’s exploration, causing it to overuse
a smaller set of familiar constructs rather than explore a broader
program space. Another possibility is that the specific knowledge
we added was not well-calibrated enough for this task. The enriched
configuration also takes longer (5:11:04 vs. 4:23:04) and yields fewer
inconsistencies overall (4,516 vs. 5,126).

LLM-Based Generation Trades Runtime for Richer Exploration.
Randomprogram generation (Varity) remains an efficient and strong
baseline, reaching an 11.93% inconsistency rate in about 30 min-
utes. The LLM-based configurations explore richer numerical code
patterns and improve inconsistency rates, but require 4–6 hours,
so the benefit comes with a higher runtime cost.

Agent-Native Execution. We conducted an isolated Codex CLI [8]
experiment to examine whether an agent can execute the Skill-
based workflow from a cold start. The run used GPT-5.5 [9] with
medium reasoning effort. The agent was given only the Skill in-
structions and deterministic testing tools, with no access to prior
generated programs, cached results, or successful examples. It gen-
erated 50 C floating-point programs and tested themwith gcc, clang,
and nvcc across six optimization levels. All 50 programs compiled
successfully. Using the same pairwise-comparison definition as the
main evaluation, the run produced 223 inconsistent comparisons
out of 900 total comparisons, yielding a 24.78% inconsistency rate.
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This result suggests that agent-native execution is a viable way
to instantiate Skill workflows at small scale. In this setting, the
agent produced high-quality test programs from a cold start, with
an inconsistency rate close to the scripted enriched-Skill config-
uration. The run took about 19 minutes for 50 programs, which
extrapolates to roughly 6.4 hours for 1,000 programs before account-
ing for additional long-run overhead. This is just over two hours
slower than the scripted Skill-composition run, which completed
1,000 programs in 4:23:04, suggesting that agent-native execution
trades off automation flexibility against higher per-program orches-
tration cost. Because this runtime includes model choice, planning,
tool invocation, and orchestration overhead, it should be read as
exploratory rather than as a controlled cost comparison.

4 Discussion
Skill Composition vs. Content. Our results suggest that how Skills

are connected can matter as much as their content. The muta-
tion Skill improves performance by reusing programs that already
exposed inconsistencies and asking the model to create variants,
giving the workflow a simple feedback loop. By contrast, adding
more floating-point knowledge did not improve performance in our
experiments. Whether this is because the specific knowledge we
added was not well-suited for this task remains an open question.
SkillsBench [4] finds that curated Skills improve performance on
self-contained tasks; our setting suggests that future work should
study what types of Skill knowledge are most effective for iterative
generation workflows, and how Skills interact over time.

Explainability ThroughWorkflow Decomposition. In this work, ex-
plainability does not mean explaining individual LLM token choices.
Instead, we treat explainability as the ability to inspect, separate,
and evaluate the procedural components of an LLM-based testing
workflow. The Skill decomposition exposes which guidance is used
for initial generation, which guidance is used for mutation, where
feedback enters the loop, and which parts are handled by determin-
istic testing tools rather than the LLM. This structure makes the
workflow easier to audit than a monolithic prompt and enables the
ablation in Table 2: we can attribute the largest improvement to
feedback-guided mutation rather than to added prompt detail alone.
This workflow-level view is especially useful for reliable software
testing, where effectiveness, cost, and reproducibility all matter.

Threats to Validity. Our main evaluation uses one LLM (GPT-4.1)
and one 1,000-program run per method, so results may vary across
models, prompts, and repeated runs. Small gaps such asVarity vs.No
Skill vs. Generation Only should therefore be interpreted cautiously;
the main qualitative observation is the larger jump from feedback-
guided mutation. The enriched knowledge was manually curated
and may not be the best procedural knowledge for this task. The
agent-native experiment uses Codex CLI with GPT-5.5 and medium
reasoning effort, so it is exploratory and not directly comparable to
the scripted GPT-4.1 runs. Our findings may generalize mainly to
iterative workflows with reusable successful artifacts and feedback,
not necessarily all LLM-based testing tasks.

Future Directions. Future work should study how to calibrate
procedural knowledge inside Skills: what knowledge should be
included, how specific it should be, and when added detail narrows

exploration instead of improving results. Another direction is to
decompose the workflow into finer-grained Skills, such as strategy
selection, inconsistency diagnosis, mutation planning, and result
summarization, and then study how these Skills interact. Such
designs could make explainability a first-class evaluation target:
beyond measuring inconsistency rates, systems could expose traces
showing which Skill was selected, which prior failures informed
mutation, and which deterministic checks accepted or rejected
each program. Future evaluations should also repeat configurations
across models and random seeds while reporting token cost, wall-
clock time, compilation failures, and orchestration overhead.

5 Related Work
Numerical Inconsistency Detection. Varity [3] uses random gen-

eration to synthesize floating-point programs for differential test-
ing. LLM4FP [12] extends this with LLM-based generation and
feedback-based mutation. FPDiff [11] and FLiT [10] perform differ-
ential testing on numerical libraries and across platforms, respec-
tively. pLiner [2] and Ciel [5] localize inconsistencies at the line and
expression level. Miao et al. [6] generate input ranges that expose
compiler-induced numerical inconsistencies. Our work is comple-
mentary: we study how to package and compose LLM guidance for
iterative program generation.

LLM-Based Program Generation for Testing. Recent work has
applied LLMs to compiler testing more broadly. WhiteFox [15] uses
LLMs for white-box compiler fuzzing by generating programs that
target specific optimization passes. Fuzz4ALL [13] applies LLMs
to universal fuzzing across multiple language frontends. These
systems use LLMs to generate tests directly; our work studies how
to factor generation strategies into reusable Skills.

Agent Skills. Agent Skills [1] are structured packages of proce-
dural knowledge for LLM agents. SkillsBench [4] provides the first
systematic evaluation of Skills across diverse tasks, showing that cu-
rated Skills substantially improve performance while self-generated
Skills show minimal benefit. Xu and Yan [14] survey the landscape
of Agent Skills, covering architectural foundations, Skill acquisition,
deployment, and security. Our work extends this line to iterative
generation workflows, where composed Skills and feedback can
shape later generation steps.

6 Conclusion
We studied Agent Skill design for explainable LLM-based testing
using numerical inconsistency detection as a case study. Our re-
sults show that the feedback-guided mutation Skill setting yields
the largest improvement: adding a mutation Skill creates a feed-
back loop that builds upon successful programs, while adding more
procedural knowledge to Skills does not automatically help. An ex-
ploratory Codex CLI experiment further suggests that agent-native
Skill workflows can produce useful programs from a cold start, but
their runtime and orchestration costs should be reported alongside
effectiveness. Overall, these findings show that high-iteration agent
workflows for reliable software testing require evaluating both how
Skills are composed and whether their content is calibrated to the
iterative task.
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