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ABSTRACT

Recently, Italiano and Cummins introduced an elegant methodol-

ogy for uncovering performance bugs in compilers. Their approach

involves using a pre-trained large language model (LLM) to gener-

ate a seed program, followed by successive mutations designed to

provoke unexpected behavior, even in mainstream compilers. This

methodology uncovered previously unknown (zero-day) perfor-

mance bugs in widely used compilers such as Clang, ICC, and GCC.

In an effort to reproduce the results reported by Italiano and Cum-

mins, we confirm that their technique outperforms general-purpose

LLMs, such as open-source versions of LlaMA and DeepSeek, in

identifying compiler performance bugs. However, we also observe

that while the LLM-based approach is commendable, it lags behind

tools like CSmith in terms of throughput (the number of bugs found

over time) and latency (the time to discover the first bug). LLMs also

require significantly greater computational resources. Although

this outcome may seem discouraging, it is important to note that we

are comparing novel LLMs with a mature language-specific fuzzer.

Nevertheless, as technology evolves, we expect the performance of

LLM-based fuzzing to improve, potentially surpassing traditional

methods in the future.
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1 Introduction

In February 2025, Italiano and Cummins [8] introduced a new

methodology for finding bugs in compilers. Their technique

combines large language models (LLMs) with differential

testing. Italiano and Cummins use LLMs not only to gen-

erate base test programs but also to produce mutations of

those programs. The goal is to detect situations where com-

pilers fail to optimize code as expected. Their approach is

lightweight, adaptable to multiple languages (such as C/C++,

Rust, and Swift), and has already uncovered confirmed bugs

in production compilers, including clang, gcc, and icc.
The work of Italiano and Cummins has sparked consider-

able discussion. Unlike other techniques that apply LLMs to

assist compiler development, their approach does not depend

on the LLM producing fully correct or meaningful programs.

Instead, as explained in Section 2, the LLM is used to uncover

∗
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code-size regressions. It only needs to generate code that

(i) compiles, passing syntactic and semantic checks, and (ii)

causes a compilation mode (for example, clang -O0) to pro-

duce a binary larger than that produced by a size-optimized

mode (for example, clang -Oz).

Carbon Questions. We hypothesize that some of these re-

sults could be achievedwith fewer resources using traditional

compiler fuzzers. This paper investigates that hypothesis by

addressing two practical questions:

Q1: Can we find more code-size regressions using a tra-

ditional compiler fuzzer, such as CSmith [19] or Yarp-

Gen [10], instead of relying on a large language model

to generate test cases?

Q2: Is the gradual mutation strategy proposed by Italiano

and Cummins more effective than a simpler single-

shot approach, where test cases are generated inde-

pendently, without reusing or evolving previous ones?

These questions aim to assess the practicality of Italiano and

Cummins’s methodology. Using LLMs to generate programs

that expose compiler regressions is an elegant and promising

idea, but it raises the question of whether similar outcomes

could be achieved more efficiently using traditional tech-

niques. Specifically, we ask whether comparable results can

be obtained with lower consumption of human effort, com-

putational time, and energy. This evaluation is particularly

relevant because running large language models often incurs

substantial computational costs, which may not always be

justified if simpler alternatives provide similar effectiveness.

Summary of Findings: Using the setup described in Sec-

tion 3, we reproduced the research environment of Italiano

and Cummins and were able to replicate several of their re-

sults, including multiple code-size regressions, one of which

is detailed in Section 2. However, we also observed that

traditional compiler fuzzers can be more effective than the

LLM-based approach. Our main observations, described in

Section 4, are:

(1) A version of CSmith running on a commodity CPU

produces nearly two orders of magnitude more test

programs than local instances of state-of-the-art LLMs,
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even when those models are served on an A100 GPU

(see Fig. 2).

(2) Not every program generated by an LLM is syntac-

tically or semantically valid; some fail to compile. In

contrast, every program generated by CSmith com-

piles successfully. Interestingly, models such as CodeL-

laMa and DeepSeek produce a higher percentage of

compilable programs than the fuzzer YarpGen, which

occasionally generates invalid code due to its less re-

strictive design (see Fig. 3).

(3) The most effective LLM-based fuzzer in our experi-

ments was LlaMa3.1. It achieved a higher number

binaries regressions compared to the other models in

our study (see Fig. 5). In addition, it recorded a slightly

higher regression density, meaning the number of re-

gressions divided by the total number of generated

programs, compared to CSmith (see Fig. 4).

(4) Despite this higher regression density, the absolute

number of regressions found within a fixed time bud-

get was nearly 20 times higher when using CSmith

than when using LlaMa3.1. This difference is a di-

rect consequence of the much higher throughput of

CSmith (see Fig. 5).

(5) The gradual mutation approach proposed by Italiano

and Cummins proved significantly more effective than

the single-shot approach when applied to LlaMa3.1.

However, this advantage did not generalize to other

LLMs; in those cases, gradual mutation failed to pro-

duce any regressions, whereas the single-shot approach

succeeded in finding a few, albeit at a much lower rate

compared to LlaMa3.1 (see Fig. 6).

In addition to the observations listed above, we also no-

ticed that the LLM-based fuzzers that use models specialized

for code did not demonstrate superior performance com-

pared to general-purpose models. These general-purpose

models, namely Llama3.1 andDeepSeek R1Distill Llama3.1,

successfully detected regressions, whereas the specialized

ones did not. This observation suggests that code special-

ization alone may be insufficient for effective bug-detection

tasks. In short, although our results show that a traditional

fuzzer can find more regressions than an LLM-based fuzzer

within the same time budget, this does not mean that the

LLM-based approach should be disregarded. It offers an im-

portant advantage, as Italiano and Cummins point out: the

method is easily portable across programming languages.

This portability stems from the fact that the approach re-

lies on natural language prompts to guide the LLM rather

than language-specific generators. Adapting the method to

a new language only requires changing the seed program to

match the target syntax and updating the compiler invoca-

tion. Italiano and Cummins support this claim by success-

fully applying the method to Rust and Swift, with minimal

modifications, and discovering bugs in both. This stands in

contrast to traditional fuzzers like CSmith, which demand

substantial language-specific engineering effort.

2 Code-Size Regressions

In the context of a compiler, a “Regression” refers to any

situation where a newer version of the compiler behaves

worse than a previous version—in correctness, performance,

or other quality metrics—for the same input program. The

goal of Italiano and Cummins’s work is to detect “Code-Size
Regressions”, a notion that Definition 2.1 formalizes.

Definition 2.1. A code-size regression is a situation where

a newer version of a compiler or a more optimizing con-

figuration (e.g., -Os, -Oz) generates a larger binary for a

given program than an older version or a less optimizing

configuration (e.g., -O0, -O3).

Code-size regressions often reflect a missed optimization

opportunity, or even a degradation caused by a compiler

change. Example 2.2 illustrates such a situation using an

edited version of a similar program produced using Italiano

and Cummins’s fuzzer.

Example 2.2. Figure 1 shows a code-size regression ob-

served in gcc 9.4.0. In this case, gcc -O2 produces a smaller

binary than gcc -Os. Since -Os is explicitly designed to op-

timize for binary size —potentially at the expense of runtime

performance — it is unexpected for -O2, which prioritizes

performance over size, to yield a smaller result. This suggests

that -Osmay be missing an optimization opportunity. In this

particular example, the smaller binary produced by -O2 is

due to inlining — an optimization that replaces a function

call with the body of the function itself. The decision to ap-

ply inlining is governed by a cost model, which makes it

more aggressive at -O2 than at -Os, where inlining is more

conservative to avoid code-size bloat. However, in Figure 1,

the function in question is small and invoked only once.

Inlining it avoids the overhead associated with a function

call and leads to a smaller binary [3], highlighting a missed

opportunity in the -Os pipeline.

3 Methodology

The methodology proposed by Italiano and Cummins [8]

combines large language models (LLMs) with differential

testing to uncover missed code-size optimizations in com-

pilers. The key idea is to use an LLM to iteratively mutate

small seed programs, progressively increasing their com-

plexity, and then applying differential testing strategies to

detect anomalies in compiler output, specifically code-size

regressions. The approach consists of two main components:

(1) CodeMutation Using LLMs. The process starts with

a simple seed program, typically a trivial function that
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#include<stdio.h> 

int f(int a) {
  return 0;
}

void main(){
  printf("%d",f(7));
}

main:
.LFB24:
  xorl %edx, %edx
  leaq .LC0(%rip), %rsi
  movl $1, %edi
  xorl %eax, %eax
  jmp __printf_chk@PLT

main:
.LFB14:
  pushq %rax
  movl $7, %edi
  call f
  leaq .LC0(%rip), %rsi
  movl $1, %edi
  popq %rcx
  movl %eax, %edx
  xorl %eax, %eax
  jmp __printf_chk@PLT

gcc -O2

gcc -Os

Figure 1: Example of a programwhere gcc -Os produces code
that is larger than the binary produced by gcc -O2 due to

inlining.

compiles in the target language. The LLM is prompted

to mutate this code iteratively by sampling from a

predefined set of mutation instructions. These instruc-

tions include transformations such as:

• Adding control flow structures (e.g., loops, condi-

tionals).

• Modifying existing conditions to make them more

complex.

• Introducing pointers, arrays, structs, or unions.

• Injecting dead code or nested constructs.

Each mutation step produces a new version of the pro-

gram, which is then passed to the testing framework.

(2) Differential Testing for Missed Optimizations. Af-

ter each mutation, the generated code is compiled un-

der different configurations or compiler versions. The

system applies four types of differential testing strate-

gies to identify code-size regressions:

• Dead Code Differential Testing: Adds dead code and

checks whether the compiler eliminates it correctly.

• Optimization Pipeline Differential Testing: Compares

binaries generated with different optimization flags

(e.g., -Os vs. -O2).
• Single-Compiler Differential Testing: Compares bi-

naries produced by different versions of the same

compiler to detect regressions over time.

• Multi-Compiler Differential Testing:Compares output

from different compilers to identify missed optimiza-

tions in one relative to another.

The process continues iteratively until a stopping criterion

is met, such as reaching a maximum number of mutations, a

compilation failure, or the discovery of a potential regression.

When a code-size regression is detected, the framework ap-

plies heuristics to filter out false positives, including checks

for compilation success, semantic correctness, and mono-

tonic increases in program complexity.

Our Adaptations: We followed the methodology proposed

by Italiano and Cummins, implementing it according to the

description provided in the paper. In addition, we extended

their setup by incorporating three additional LLMs (as de-

scribed in Section 4) and two traditional compiler fuzzers,

CSmith and YarpGen.

4 Evaluation

This section evaluates the following research questions:

RQ1: What is the “fuzzing throughput”; that is, the num-

ber of programs that are produced by the different

fuzzers (which can be compiled or not) within a fixed

amount of time.

RQ2: What is the absolute and relative rate of “compi-

lable” programs that is produced by the LLM-based

fuzzers and the traditional fuzzers.

RQ3: What is the percentage of regressions and abso-

lute count of it that we observe on a fixed time span

considering LLM-based fuzzers and traditional fuzzers.

RQ4: Considering LLM-based fuzzers only, how does the

gradual mutation approach of Italiano and Cummins

[8] compares with single-shot testing?

Experimental Setup: The compiling experiments discussed

in this section run on an Intel Core i5 8250U 8-Core Processor

1.8 GHz, with 8 GB of RAM, running Linux Ubuntu v24.04.1.

The LLM-based code generation runs on Google Colab’s

GPU Nvidia A100. The compiler under test is gcc v14.2.0.

Italiano and Cummins’s fuzzer uses an out-of-the-shelf imple-

mentation of LlaMa3.1, we ran the LlaMa3.1 Instructed

8B version. For comparison, we include five other models,

DeepSeek R1 Distill LlaMa3.1 8B, DeepSeekCoder V2 16B,

DeepSeekCoder V1 7B, CodeLlaMa 13B and CodeLlaMa

7B. We use latest version of CSmith (v2.3.0) from June of

2017.

Code-Size Regressions: In this section, we constrain Def-

inition 2.1 as follows: we consider a code-size regression a

program that causes gcc v14.2.0 to produce a larger program
at the -O0 optimization level when compared to the -Os level.
As we further explain in Section 6, a code-size regression is

not necessarily an optimization bug, although it is a strong

indication of it.
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4.1 RQ1: Throughput

This section evaluates the difference between traditional

fuzzing and LLM-based fuzzing by comparing the through-

put of these methods. We define throughput as the number

of programs that are both generated and compiled within a

fixed amount of time. This measurement includes compi-

lation time, since compiling the generated programs is an

essential step for detecting code-size regressions. However,

it is important to note that this section does not measure

the number of code-size regressions themselves; that analy-

sis is presented in Section 4.3. The goal here is to quantify

throughput as a proxy for energy consumption, with car-

bon footprint considerations in mind, and to compare the

efficiency of LLM-based fuzzers to traditional fuzzers.

Figure 2: Number of programs generated within 3 hours

using iterative mutation only. We use the following ac-

cronyms in this figure, and in every other figure in this sec-

tion: LL3.1 = LlaMa3.1 8B Instructed; CL7 = CodeLlaMa

7B Instructed; CL13 = CodeLlaMa 13B Instructed; DSR1
= DeepSeek R1 Distill LlaMa3.1 8B; DSC2 = DeepSeek-

Coder V2 16B Instructed;DSC1 = DeepSeekCoder V1 7B

Instructed; CS = CSmith; YG = YarpGen;

Discussion: Figure 2 shows the results of this experiment.

This figure, like the others that follow, includes three types

of fuzzers: traditional fuzzers (CSmith and YarpGen), single-

shot LLM-based fuzzers, and iterative LLM-based fuzzers,

the latter being the approach proposed by Italiano and Cum-

mins. The results in Figure 2 show that traditional fuzzers

are able to generate substantially more programs than LLM-

based fuzzers. Given a time budget of three hours, CSmith

produced 2063 programs, while YarpGen generated 2222 pro-

grams. These numbers are significantly higher than those

achieved by the LLM-based fuzzers. The best-performing

LLM-based fuzzer was LlaMa3.1 in iterative mode, which

produced 186 programs within three hours. When running

in single-shot mode, its output dropped to 89 programs. The

worst performance was observed with CodeLlaMa7, which

generated only 20 programs within the same time frame.

Interestingly, the only LLM-based fuzzer that produced more

programs in iterative mode than in single-shot mode was

LlaMa3.1. For all other LLMs, the single-shot mode yielded

a higher number of programs. This difference was partic-

ularly noticeable with CodeLlaMa13, which generated 81

programs in single-shot mode compared to only 11 in iter-

ative mode. In our repetitions of the experiment, we were

unable to observe a definitive explanation for this behavior,

but it is worth noting that LlaMa3.1 is the same model used

in Italiano and Cummins’s original study.

4.2 RQ2: Percentage of Successful Compilation

We define the Compilation Rate of a model as the number

of programs that could be successfully compiled using gcc
v14.2.0 divided by the total number of programs produced by

that model. The methodology reuses the experimental setup

from Section 4.1: for each approach, we generate as many

programs as possible within a fixed time budget of three

hours, and check, for each program, if it compiles or not. The

time to compile the programs is taken into consideration

in this experiment, e.g., programs are compiled within the

same budget of three hours.

Discussion: Figure 3 demonstrates that LLM-based fuzzers

exhibit lower compilation rates under both code generation

strategies compared to CSmith (which achieves a 100% com-

pilation rate, as expected for a traditional fuzzer). However,

they outperform Yarpgen in some cases, with compilation

rates approximating 78.49%. This result highlights the poten-

tial of LLM-based fuzzers, indicating their ability to generate

syntactically valid code that passes compilation tests. It also

makes it clear that traditional fuzzers are not guaranteed

to generate always valid programs. As an example, Chi-

Gen [16], a Verilog fuzzer, produces about 60% of compilable

code — an even lower rate than YarpGen.

As hypothesized, iterative mutation yields lower compi-

lation rates (56% for LlaMa3.1) than single-shot generation

(87.64%). This trend is visible in the other models in fig-

ure 3 as well. This discrepancy arises from the inherent chal-

lenge of applying sequential mutations 𝑛-times while main-

taining syntactic correctness, a limitation less prevalent in

single-shot generation. Notably, compilation rates alone do

not determine regression detection efficacy. As an example,

LlaMa3.1’s iterative mutation achieved superior regression

rate despite its moderate compilation rate, a phenomenon we

analyze in Section 4.4. In addition, models like CodeLlaMa

7B (100% compilation rate) and CodeLlaMa 13B (63.63%

iterative, 86.42% single-shot) generated few programs (12

and 20 for iterative/single-shot respectively in 7B; 11 and
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Figure 3: Percentual of compilable programs.

81 in 13B) and demonstrated poor performance in other

metrics. Finally, we highlight the performance of DeepSeek-

Coder V2, which achieved notably high compilation rates

among LLM-based fuzzers. The model generated 157 pro-

grams in single-shot mode (compilation rate: 95.54%) and 126

in iterative mutation (compilation rate: 80.95%), demonstrat-

ing robust performance across both strategies. These results

position DeepSeekCoder V2 as one of the most effective

LLM-based approaches in our evaluation.

4.3 RQ3: Regressions

This section compares the regression rate of LLM-based and

traditional fuzzers. The rate is calculated based on the num-

ber of compiled programs, relative to the total number of

programs generated over a 3-hour period of extensive gen-

eration. It should be noted that not all models found regres-

sions in GCC 14.3.0 within the 3-hour window. However,

this does not necessarily imply that they are incapable of

doing so. LLM-based models were not specifically trained

for regression-triggering code generation. Therefore, the re-

sults reflect the raw capabilities of the models, which could

potentially be improved with task-specific fine-tuning.

Discussion: Figure 4 presents the fraction of compiled pro-

grams that led to regressions. LlaMa3.1 in iterative mutation

mode demonstrates the best performance, surpassing other

LLM-based models and competing with traditional fuzzers.

This model yielded a regression rate of 4.854%; hence, produc-

ing a regression once for each twenty compiled programs. All

evaluated LLM-based fuzzers exceed Yarpgen regression rate

of 0.0573% (which produced only one regression). This ad-

vantage, however, must be contextualized: CSmith achieved

a regression rate of 4.65%. Although similar to LlaMa3.1’s

regression rate, in absolute terms, CSmith does much bet-

ter, producing 96 total regressions in a three-hour fuzzing

Figure 4: Proportion of regressions among compiled pro-

grams.

campaign. The underperformance of Yarpgen relative to

CSmith (Figure 5) indicates variability among traditional

fuzzers, with some being outperformed by current LLM ap-

proaches.

Figure 5: Model total regression comparison.

However, since the total number of programs generated by

LLMs is significantly smaller than that of traditional fuzzers,

it is important to also consider the proportion of compiled

programs when interpreting these results, which suggest a

better perspective for LLM-based fuzzers. Considering regres-

sion rate and absolute number of regressions is important,

because LLMs currently demand considerable computational

resources and energy to generate programs. Nevertheless,

the trend points toward reduced costs over time, which may

eventually allow the generation of large numbers of pro-

grams with much lower resource requirements. Analyzing

results from a proportional standpoint thus offers valuable
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Figure 6: Number of regression observed via LLM fuzzing.

insight into the future potential and scalability of LLM-based

fuzzing. That said, in the current landscape, state-of-the-art

traditional fuzzers remain a more cost-effective and efficient

solution for uncovering code-size bugs.

4.4 RQ4: Iterative Mutation vs One-shot Fuzzing

This section compares the iterative mutation approach with

a non-iterative test generation methodology, which we call

the “Single-Shot” approach. In the single-shot setting, the

model is queried once per test case, with each test generated

independently of any previous ones. This experiment allows

us to assess whether Italiano and Cummins’s gradual con-

struction of test cases is more effective than simply using

the LLM as a memory-less fuzzer.

Discussions: Figure 6 compares the two methodology for

each large language model evaluated in our study. Our analy-

sis reveals that LlaMa3.1 8B using iterativemutation achieved

superior performance in detecting binary regressions, identi-

fying 5 distinct regression cases. This approach, implement-

ing the methodology from Italiano and Cummins, produces

regression rates higher than nearly all other LLMs seen in

figure 4, establishing its value for AI-assisted code genera-

tion. While figure 4 shows this method still trails traditional

fuzzers in overall regression rates, its performance suggests

potential for future development.

We observe large variation in effectiveness across mod-

els. Whereas LlaMa3.1 demonstrates strong performance

only on iterative mutation, both DeepSeekCoder V2 and

DeepSeek R1 Distill LlaMa3.1 each detected only a single

regression in the single-shot experiment. These results in-

dicate model-dependent performance that may evolve with

architectural improvements and specialized training.

Specialized vs Non-Specialized Models: Among the four

code-specialized models evaluated, only DeepSeekCoder V2

detected a regression. In contrast, the general-purpose mod-

els LlaMa3.1 and DeepSeek R1 Distill LlaMa3.1 achieved

higher regression rates in figure 4, when compare the other

LLM-based fuzzers. This suggests that code-specific training

does not necessarily enhance regression detection capabil-

ity, challenging conventional assumptions about model code

specialization for fuzzing tasks.

None of the evaluated LLMs received specific training for

regression detection. We hypothesize that fine-tuning could

significantly enhance both iterative mutation and single-shot

approaches, particularly benefiting the more complex itera-

tive method. LLMs specifically trained for regression-aware

code completion could potentially achieve substantially bet-

ter results. However, current limitations in code databases for

binary regression induction present challenges, given that

this kind of performance bug is not explored in the program-

ming language community. This fact that we could observe

encouraging results with untrained models leads us to specu-

late that the development of specialized datasets containing

known regression-inducing code patterns could dramatically

improve the performance of models in this application of

detecting code-size regressions.

5 Related Work

The present paper reevaluates Italiano and Cummins’s work,

in terms of throughput, latency and practicality. That work

differs from prior fuzzing techniques by systematically com-

bining LLM-driven code generation with differential test-

ing to detect code-size regressions in compilers. Unlike ear-

lier studies, which focus on semantic or correctness bugs,

their methodology targets missed optimizations in terms

of code size. They also emphasize the adaptability of their

approach across multiple programming languages. Never-

theless, fuzzing has a long history within the programming

language community, a history that we now revisit.

Compiler Fuzzing. Compilers have been tested using ran-

domized methods for more than 60 years, as surveyed by

Chen et al. [2]. One of the earliest examples of fuzzing in

this domain dates back to 1962, when Sauder [14] proposed

a general test data generator for COBOL compilers. In 1970,

Hanford [7] introduced a program generator driven by a

PL/1 grammar, which included semantic checks to ensure

that variables were declared before use. Shortly after, Purdom

[13] presented a syntax-directed method for generating test

sentences to verify parsers. Decades later, in 1996, Burgess

and Saidi [1] developed an automatic generator of test cases

for FORTRAN compilers. This was followed by McKeeman

[11], who introduced a family of program generators for the

C language that conformed to various levels of the standard.
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McKeeman’s work also coined the term differential testing,
which has since become a widely used testing technique.

In the 2000s, random program generation became more

prominent for testing C compilers. Lindig [9] applied ran-

domized testing to verify C calling conventions. Sheridan

[15] developed a generator that systematically applied oper-

ators to constants of different arithmetic types to uncover

bugs in C compilers. Zhao et al. [20] created an automated

generator specifically for testing an embedded C++ compiler.

A major milestone was the release of CSmith by Yang et al.

[19] in 2011, which remains one of the most effective and

widely used C compiler fuzzers to date. YarpGen [10], one

of the fuzzers used in this study, is a direct descendant of

CSmith, developed by the same research group.

LLM-Based Fuzzing. Recently, LLM-based compiler fuzzing

has emerged as a new line of research. Gu [6], Gao et al.

[5], and Ou et al. [12] independently explored the use of

large language models for testing compilers and language-

processing systems. Yang et al. [18] applied LLMs to trigger

bugs in compiler optimizations within the PyTorch frame-

work. The portability advantage of LLM-based fuzzing has

also been demonstrated. For example, Xia et al. [17] intro-

duced Fuzz4All, a language-agnostic fuzzer powered by

LLMs, which successfully found bugs in tools like gcc, clang,
Z3, Cvc5, and OpenJDK. Additionally, Ou et al. [12] showed

that LLM-based mutations of randomly generated programs

can reveal bugs in both gcc and clang.

6 Final Remarks

This paper revisited the methodology introduced by Italiano

and Cummins [8] for uncovering code-size regressions in

compilers using large language models (LLMs). While their

approach offers an elegant and language-agnostic framework

for compiler fuzzing, our evaluation shows that, in practice,

traditional compiler fuzzers like CSmith [19] remain sub-

stantially more effective under the constraints of throughput

and computational efficiency.

KeyObservations. Our experiments demonstrate that CSmith,

running on a commodity CPU, produces nearly two orders

of magnitude more compilable test programs than state-of-

the-art LLMs running on an A100 GPU on the cloud. This

higher throughput directly translates to a greater number of

code-size regressions identified within a fixed time budget.

Although LlaMa3.1 in iterative mutation mode achieved

a slightly higher regression density than CSmith, it still

lagged behind in absolute counts due to significantly lower

generation speed. Our findings also confirm that the grad-

ual mutation strategy proposed by Italiano and Cummins

provides meaningful gains over single-shot generation for

certain models, particularly for LlaMa3.1. However, this

advantage does not consistently generalize to other LLMs.

Threat to Validity: Regressions vs. Bugs. In this work, we

measured the ability of fuzzers to detect code-size regressions
— that is, cases where a compiler, when optimizing for code

size, produces a larger binary than when optimizing for per-

formance or applying no optimizations at all. It is important

to note that code-size regressions are not necessarily code-
size bugs. We did not investigate whether these regressions

result from poor compiler tuning or design trade-offs, nor

did we submit our findings as bug reports to the maintain-

ers of gcc, the compiler tested in this study. Consequently,

although our results show that traditional fuzzers detect

significantly more code-size regressions than LLM-based

fuzzers, it remains possible that many of these regressions

stem from a single underlying performance bug. It is also
possible that some regressions are not bugs at all but rather

intentional design decisions made by compiler developers;

for example, prioritizing runtime performance over binary

size, even in optimization modes intended to reduce code

size. Therefore, while our findings demonstrate that tradi-

tional fuzzers are more effective than LLM-based fuzzers at

uncovering code-size regressions, we cannot conclude that

this advantage directly translates to higher effectiveness in

finding confirmed bugs.

Future Work. This work opens two promising directions

for future research. First, following the discussion in the

previous section, it would be valuable to investigate which

of the identified code-size regressions correspond to genuine

performance bugs. Reporting such bugs would contribute to

the gcc community and help improve compiler quality.

Second, we have not compared LLM-based and traditional

fuzzers in terms of code diversity. Code diversity could be

assessed behaviorally — for example, through differences in

test coverage when evaluating compilers — or syntactically,

by analyzing metrics such as the variety of tokens present in

each test case. It is possible that LLM-based fuzzers generate

more diverse programs than traditional fuzzers. Indeed, one

of the bugs reported by Italiano and Cummins was related to

the interaction between compiler optimizations and library

functions — a scenario that CSmith would be unable to

produce, but an LLM-based fuzzer could.

The Promise of LLM-Based Fuzzing. Despite the limitations

that we have identified in this paper, the LLM-based approach

retains a compelling advantage: its portability. Adapting the

methodology to new programming languages requires mini-

mal effort — far less than what would be needed to engineer

a new traditional fuzzer from scratch. As LLM technology

continues to evolve, improving both throughput and correct-

ness, we expect that the gap between LLM-based and tradi-

tional fuzzers will narrow. In the long term, the flexibility of

LLM-driven fuzzing could outweigh its current inefficiencies,

especially when portability or quick deployment is a priority.
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Future work may explore fine-tuning LLMs specifically

for compiler fuzzing tasks, developing specialized datasets

of regression-inducing code, and optimizing the inference

pipelines to reduce the computational footprint of LLM-

based fuzzers. Such improvements could make LLM-driven

fuzzing not only competitive but, eventually, preferable for

certain classes of compiler testing problems.
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