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LLM-based mutation testing is a promising testing technology, but existing approaches typically rely on

a fixed set of mutants as few-shot examples or none at all. This can result in generic low-quality mutants,

missed context-specific mutation patterns, substantial numbers of redundant and non-compilable mutants,

and limited semantic similarity to real bugs. To overcome these limitations, we introduce SMART (Semantic
Mutation with Adaptive Retrieval and Tuning). SMART integrates retrieval-augmented generation (RAG) on

a vectorized dataset of real-world bugs, focused code chunking, and supervised fine-tuning using mutants

coupled with real-world bugs. We conducted an extensive empirical study of SMART using 1,991 real-world

Java bugs from the Defects4J and ConDefects datasets, comparing SMART to the state-of-the-art LLM-based

approaches, LLMut and LLMorpheus.

The results reveal that SMART substantially improves mutation validity, effectiveness, and efficiency (even

enabling 7B-scale models to match or even surpass large models like GPT-4o). We also demonstrate that SMART

significantly improves downstream software engineering applications, including test case prioritization and

fault localization. More specifically, SMART improves validity (weighted average generation rate) from 42.89%

to 65.6%. It raises the non-duplicate rate from 87.38% to 95.62%, and the compilable rate from 88.85% to 90.21%.

In terms of effectiveness, it achieves a real bug detection rate of 92.61% (vs. 57.86% for LLMut) and improves

the average Ochiai coefficient from 25.61% to 38.44%. For fault localization, SMART ranks 64 more bugs as

Top-1 under MUSE and 57 more under Metallaxis.
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1 Introduction
Mutation testing [13, 19] is widely regarded as one of the most fundamental dynamic techniques

in software testing and program analysis. By systematically introducing artificial faults, known

as mutants, into the program under test, mutation testing enables researchers and practitioners

to assess the adequacy of test suites [25], prioritize effective test suites [6, 16, 33, 44], or localize

buggy statements/methods [35, 39, 53]. In recent years, mutation testing has gained widespread

adoption in the industry. Google and Meta have reported their successful experience in deploying

mutation testing [3, 21, 40]. The effectiveness of mutation testing, however, fundamentally depends

on the quality of the generated mutants. Generating effective and diverse mutants is thus critical

not only for evaluating test suites, but also for supporting downstream applications such as test

case prioritization and fault localization.

Recently, rapid advances in Large Language Models (LLMs) have created new opportunities for

mutation testing [7, 57]. Due to their strong code understanding and generation capabilities, LLMs

have been explored to automatically generate more realistic and semantically meaningful mutants.

Both academic research [12, 23, 48, 50, 56] and industrial practice [21] have begun to investigate

LLM-based mutation generation as a promising alternative to traditional approaches. Despite

encouraging progress, existing LLM-based approaches still suffer from several major limitations.

First, they rely on either a fixed set of few-shot examples as in-context examples or no examples at

all, making it difficult for models to adapt to diverse program contexts. For example, BugFarm [23]

and LLMorpheus [48] rely solely on prompts, whereas LLMut [50] incorporates a fixed set of real-

world bugs as few-shot examples to instruct LLMs. Second, they typically restrict the code context

to the surrounding focal method, which blinds the model to crucial program-wide dependencies.

All existing LLM-based mutation generation approaches directly adopt the whole focal method as

context. Due to these limitations, the generated mutants still contain a substantial proportion of

redundant and non-compilable cases, with limited semantic similarity to real bugs [50, 55].

To address these limitations, we present SMART (Semantic Mutation with Adaptive Retrieval
and Tuning), a novel LLM-based mutation generation approach that integrates retrieval-augmented

generation (RAG) [32], code chunking, and fine-tuning [5]. Our approach is designed to enhance

both the relevance and effectiveness of generated mutants. First, to select context-aware few-shot

examples, we build a vectorized dataset of real-world bugs and employ RAG to retrieve the most

relevant “bug–fix” pairs for the target method. We collect 130,000 real-world single-hunk bugs with

corresponding patches, and embed the patched versions as the keys for retrieval. This ensures that

the LLM benefits from in-context examples that are semantically aligned with the mutation task

at hand. Second, rather than mutating the entire method in a monolithic way, we partition the

focal method into function-coherent code chunks and generate mutants at the chunk level, which

improves focus and diversity. Finally, to better adapt LLMs to the task of producing semantically

effective mutants, we apply supervised fine-tuning (SFT) using effective mutants coupled with

real-world bugs. The training set comprises 13,760 mutants that are coupled with real bugs from

the prior study [50]. To prevent data leakage, all training mutants are drawn from projects outside

the evaluation set. By combining retrieval, structural code decomposition, and model adaptation,

SMART aims to advance the state of LLM-based mutation generation significantly.

To assess the quality of SMART-generated mutants, we conducted an extensive empirical study

on 1,991 real-world Java bugs, including 701 fromDefects4J [27] and 1,290 from ConDefects [62]. We
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evaluated SMART using five open-source LLMs (DeepSeek-Coder-6.7B, Llama-3.1-8B, Qwen-2.5-7B,

Qwen-2.5-14B, and Qwen-2.5-32B), and additionally tested GPT-4o with RAG and code chunking

enabled. For comparison, we included two state-of-the-art LLM-based mutation generation ap-

proaches: LLMorpheus [48] and LLMut [50]. Our evaluation covers a wide range of dimensions. We

first examine the effectiveness of generated mutants, i.e., how closely they couple with real-world

bugs. We then assess their validity, since LLMs inevitably produce redundant or non-compilable

mutants. Finally, we evaluate their impact on downstream applications, including mutation-based

test case prioritization and fault localization.

The results show that SMART substantially improves both the validity and effectiveness of
LLM-generated mutants. For validity, SMART raises the weighted average generation rate from

42.89% (LLMut) to 65.6% (↑ 52.95%; +22.71 percentage points (PPs)), increases the non-duplicate
rate from 87.38% (LLMut) and 85.87% (LLMorpheus) to 95.62% (↑ 9.42%–11.36%), and improves the

compilable rate from 88.85% (LLMut) and 78.43% (LLMorpheus) to 90.21% (↑ 1.53%–15.0%). For
effectiveness, SMART achieves a weighted average real bug detection rate of 92.61%, compared to

57.86% for LLMut and 31.99% for LLMorpheus, and raises the average Ochiai coefficient to 38.44%

(↑ 50.1% and 277.6% over baselines). On downstream applications, SMART enhances mutation-based

fault localization by ranking more bugs in Top-𝑘 and reducing MAR/MFR (e.g., 143 Top-1 bugs by

MUSE vs. 106 for LLMut and 11 for LLMorpheus). Notably, our approach enables 7B-scale models

to achieve performance competitive with GPT-4o, making it suitable for scenarios with limited

computational resources.

In the discussion section, we further analyze the computational cost and robustness of SMART.

Specifically, we report token consumption during mutation generation, as well as the overhead

introduced by RAG and fine-tuning. Building the RAG index requires approximately 10 minutes as

a one-time offline cost, while retrieval incurs an average overhead of 6.5 seconds per bug when

chunking is enabled. We also examine the impact of different similarity metrics used in RAG and

compare cosine similarity, dot-product similarity, and Euclidean distance. Our results show that

Euclidean distance consistently achieves the best performance on semantic-related metrics and

downstream tasks. These analyses provide a more comprehensive understanding of its practical

cost and sensitivity to configuration choices.

In summary, our paper makes the following contributions:

• We propose a novel LLM-based mutation generation approach, SMART, which incorporates

retrieval-augmented generation (RAG), code chunking, and fine-tuning.

• We conduct an extensive study to evaluate SMART, measuring its mutation validity, effective-

ness, and utility in mutation-based test case prioritization and fault localization. The results

demonstrate the superiority of SMART over the two state-of-the-art LLM-based approaches.

• Our implementation, the checkpoints of fine-tuned models, and high-quality Java mutants are

publicly available.

2 Background
In this section, we introduce the necessary concepts of mutation testing, including metrics for

evaluating the quality of mutants and their downstream applications.

2.1 Mutation Testing
Mutation testing is a fault-injection technique that assesses test quality by injecting small syntactic

changes, called mutants, into the program [13, 19, 25, 38]. A mutant is killed if test outputs differ

from the original program; otherwise it survives, exposing weaknesses in the test suite. Themutation
score, i.e., the proportion of killed mutants, is a standard measure of test effectiveness.
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Traditional mutation testing relies on rule-based operators (e.g., replacing arithmetic or relational

operators) [8, 29], which, while effective, often fail to capture the diversity of real faults. To overcome

this, learning-based approaches such as DeepMutation [49] and LEAM [45, 46] leverage deep

learning to guide mutation generation. More recently, LLMs have emerged as a new direction,

offering the potential to generate semantically richer and more realistic mutants. BugFarm [23]

leverages LLMs to synthesize hard-to-kill artificial bugs for test evaluation. LLMorpheus [48]

explores the feasibility of using LLMs for mutation generation. LLMut [50] systematically studies

the validity and effectiveness of LLM-generated mutants in Java.

2.2 Evaluating Mutations
The usefulness of mutation testing largely depends on the quality of the generated mutants. To

better characterize this quality, we first categorize the mutants generated by LLMs [50]. Let all

LLM-generated mutants be denoted as the set 𝐴, which may include invalid mutants. We denote

the subset of compilable mutants as 𝐶 . Within 𝐶 , two subsets of mutants are useless: duplicate

mutants (𝐷), which are syntactically identical to the original program or to other mutants, and

equivalent mutants (𝐸), which are syntactically different but semantically indistinguishable from

the original program. Formally, (𝐶 ⊇ 𝐷) ∧ (𝐶 ⊇ 𝐸) ∧ (𝐷 ∩ 𝐸 = 𝜙). Therefore, the ideal set of useful
mutants for mutation testing is (𝐶 − 𝐷 − 𝐸), excluding both duplicates and equivalents that do

not contribute to exposing weaknesses in the test suite. However, because determining whether

a mutant is equivalent is undecidable [4], and the proportion of equivalent mutants is typically

negligible in practice (|𝐸 | ≪ |𝐶 − 𝐷 |) [47, 48, 50], we approximate the ideal set of useful mutants

by (𝐶 − 𝐷) for downstream mutation testing applications. For instance, the mutation score𝑀𝑆 is

calculated as follows:

𝑀𝑆 =
|𝐾 |
|𝐶 − 𝐷 | ≈

|𝐾 |
|𝐶 − 𝐷 − 𝐸 | ( |𝐸 | ≪ |𝐶 − 𝐷 |), (1)

where 𝐾 is the set of killed mutants.

2.2.1 Validity. Invalid mutants (e.g., non-compilable code or duplicates of the original program)

provide little value and may bias evaluation results. Therefore, validity is commonly measured using

two indicators: (1) the compilability rate, i.e., the proportion of mutants that can be successfully

compiled (i.e., 𝐶𝑅 = |𝐶 |/|𝐴|); (2) the duplication rate, i.e., the proportion of mutants that are

syntactically identical to the original program or other existing mutants (i.e., 𝐷𝑅 = |𝐷 |/|𝐴|). An
effective approach should maximize compilability while minimizing duplication and equivalence.

2.2.2 Effectiveness. The effectiveness of mutants examines whether the introduced changes capture

characteristics commonly observed in real bugs. Evaluating effectiveness is crucial, since only

mutants that resemble real bugs can provide meaningful insights into the fault-detection capability

of a test suite and the practical value of mutation testing. Particularly, for LLM-generated mutants,

effectiveness involves examining whether the introduced changes capture fault characteristics that

are commonly observed in real defects.

Specifically, mutant effectiveness comprises three aspects. First, the real-bug detection capabil-
ity, which evaluates whether bug-triggering test cases that reveal real faults are also able to detect

the generated mutants [28]. Second, the fault coupling rate, i.e., the proportion of generated

mutants that couple with real bugs. Third, the semantic similarity between a mutant and its

corresponding real bug, which can be quantified using the Ochiai coefficient [37, 50].
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Formally, let𝑚 and 𝑏 be a mutant and its corresponding real bug, and let 𝑓 𝑇𝑚 and 𝑓 𝑇𝑏 be the sets

of failing test cases for𝑚 and 𝑏, respectively. The Ochiai coefficient between𝑚 and 𝑏 is defined as:

𝑂𝑐ℎ𝑖𝑎𝑖 (𝑚,𝑏) = |𝑓 𝑇𝑚 ∩ 𝑓 𝑇𝑏 |√︁
|𝑓 𝑇𝑚 | × |𝑓 𝑇𝑏 |

. (2)

A coefficient closer to 1 indicates that the mutant is more semantically similar to the real bug. For

a real bug 𝑏, its Ochiai coefficient is calculated as the mean coefficient across all de-duplicated

mutants (𝐶𝑏 − 𝐷𝑏) generated for it:

𝑂𝑐ℎ𝑖𝑎𝑖𝑏 =

∑
𝑚∈ (𝐶𝑏−𝐷𝑏 ) 𝑂𝑐ℎ𝑖𝑎𝑖 (𝑚,𝑏)

|𝐶𝑏 − 𝐷𝑏 |
, (3)

where 𝐶𝑏 and 𝐷𝑏 are the corresponding sets 𝐶 and 𝐷 of the bug 𝑏, respectively. Given a mutation

generation approach and a set of bugs 𝐵, the overall effectiveness is quantified by the Average

Ochiai Coefficient (AOC):

𝐴𝑂𝐶 =

∑
𝑏∈𝐵 𝑂𝑐ℎ𝑖𝑎𝑖𝑏
|𝐵 | . (4)

2.3 Downstream Applications of Mutation Testing
In this paper, we consider the two widely studied applications of mutation testing, mutation-based
test case prioritization and mutation-based fault localization.

2.3.1 Mutation-Based Test Case Prioritization. Test case prioritization (TCP) aims to schedule

the execution order of test cases so that faults can be detected as early as possible, and has been

extensively studied in the literature [42, 66].

Mutation-based TCP [16, 33, 44], which leverages information from the kill matrix, has shown

its effectiveness compared with coverage-based methods. Recently, the TCP approaches, GRK, GRD,

and HYB-𝜔 , have been widely studied [16, 45, 46].

GRK (Greedy Kill) iteratively selects the test case that kills the maximum number of additional

mutants, aiming to separate faulty behavior from the original program as early as possible. GRD
(Greedy Distinguish) iteratively selects the test case that distinguishes the maximum number of

additional mutants, where two mutants are distinguished if their execution produces different

outputs. Thus, GRD attempts to maximize the diversity of fault-revealing behaviors. HYB-𝜔
combines both strategies by selecting, at each step, the test case that maximizes a weighted sum of

additionally killed and additionally distinguished mutants. When 𝜔 = 1, HYB-𝜔 degenerates to

GRK; when 𝜔 = 0, it degenerates to GRD.

2.3.2 Mutation-Based Fault Localization. Mutation-based fault localization (MBFL) techniques

leverage the behavior of mutants to estimate the suspiciousness of program entities, i.e., their

likelihood of being buggy [35, 39, 53, 61, 70]. The intuition is that if the execution of a mutant

impacts failing test cases more often than passing ones, the associated statement is likely to be

faulty. MUSE [35] and Metallaxis [39] are two widely studied MBFL approaches.

MUSE: MUSE first assigns a suspiciousness score to each mutant𝑚 using both failing and passing

test cases, shown as follows:

𝑆 (𝑚) = 𝑓 𝑎𝑖𝑙𝑒𝑑 (𝑚) − 𝑓 2𝑝
𝑝2𝑓
· 𝑝𝑎𝑠𝑠𝑒𝑑 (𝑚), (5)

where 𝑓 𝑎𝑖𝑙𝑒𝑑 (𝑚) and 𝑝𝑎𝑠𝑠𝑒𝑑 (𝑚) denote the number of test cases that fail or pass on the original

program but yield the opposite outcome on mutant𝑚. 𝑓 2𝑝/𝑝2𝑓 represents the number of test cases

that flip from failing to passing or from passing to failing due to any mutant. The suspiciousness of

a statement 𝑠 is then calculated as the average suspiciousness of all mutants located at 𝑠 .
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Fig. 1. Overview of SMART

Fig. 2. Example Mutant Generated by SMART

Metallaxis: In contrast, Metallaxis computes suspiciousness by normalizing with respect to the

total number of failing test cases, shown as follows:

𝑆 (𝑚) = 𝑓 𝑎𝑖𝑙𝑒𝑑 (𝑚)√︁
𝑡𝑜𝑡𝑎𝑙 𝑓 𝑎𝑖𝑙𝑒𝑑 · (𝑓 𝑎𝑖𝑙𝑒𝑑 (𝑚) + 𝑝𝑎𝑠𝑠𝑒𝑑 (𝑚))

. (6)

Here, 𝑡𝑜𝑡𝑎𝑙 𝑓 𝑎𝑖𝑙𝑒𝑑 is the number of failing test cases on the original program, while 𝑓 𝑎𝑖𝑙𝑒𝑑 (𝑚) and
𝑝𝑎𝑠𝑠𝑒𝑑 (𝑚) are defined similarly as in MUSE. The suspiciousness of a statement 𝑠 is determined as

the maximum suspiciousness score among all mutants associated with 𝑠 .

3 Methodology
In this section, we present SMART, a novel LLM-based mutation generation approach with logic-

based code chunking (Section 3.2), RAG-based few-shot example retrieval (Section 3.3), task-specific

prompt engineering (Section 3.4), and supervised fine-tuning (Section 3.5).

3.1 Overview
Figure 1 illustrates the overall workflow of SMART, which integrates three key techniques (i.e.,

logic-based code chunking, retrieval-augmented generation (RAG), and supervised fine-tuning

(SFT)), into a unified pipeline.

Given a focal Java method, we first apply logic-based code chunking to partition it into seman-

tically coherent segments, reducing mutation generation complexity and enabling finer-grained

reasoning. We then use RAG over a vectorized repository of real-world bug–fix pairs to retrieve

context-aware few-shot examples, which are incorporated into the prompt to guide mutant genera-

tion. In parallel, we further adapt LLMs through supervised fine-tuning on mutants semantically

coupled with real-world bugs. Finally, the fine-tuned model generates chunk-level mutants, which

are aggregated into a candidate set for further evaluation.

Figure 2 illustrates an example of SMART. Given a code chunk from the focal method (left),

our RAG component retrieves a real bug (right) whose code is similar to the chunk: both con-

tain (1) an assignment to a local variable, and (2) an if-condition composed of chained get*()
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and equals() calls. In the retrieved bug, the fix swaps the semantic roles of COLUMN and ROW
(COLUMN_EDGE→ ROW_EDGE). We feed this instance as a few-shot example to the LLM, which then

produces a semantically analogous mutant for the target chunk, which changes int seriesCount
= dataset.getRowCount() to int seriesCount = dataset.getColumnCount(). This mutant

captures a realistic row/column semantic swap rather than a superficial token edit, exposing tests

that implicitly assume a specific orientation (row vs. column). The example highlights SMART’s

capability to generate semantically effective mutants.

3.2 Logic-Based Code Chunking
Code chunking has proven effective in LLM-related tasks [58, 60], as it reduces input size and helps

LLMs focus more accurately on relevant code context. However, naively splitting a focal method

by a fixed chunk size may break the semantic structure of the code and lead to incoherent inputs.

To address this issue, we design a logic-based code chunking strategy that partitions methods along

their natural control-flow and declaration boundaries. The procedure is illustrated in Algorithm 1.

The algorithm takes a focal method𝑀 as input and outputs a set of chunks𝐶 . We first extract the

line numbers of all statements in𝑀 and parse the method into its abstract syntax tree (AST). Next,

we collect the target nodes that represent control-flow structures (if, for, while, do-while, and
try-catch). These nodes are sorted in descending order of their line numbers to ensure bottom-up

processing of nested statements.

For each target node 𝑡 , we identify the corresponding code lines 𝑙𝑡 . If these lines have not yet

been collected, we create a chunk containing the code of 𝑡 and extend it with the declaration

statements that immediately precede 𝑡 to preserve semantic completeness. We then mark these

lines as processed by removing 𝑙𝑡 , and the declaration lines 𝑙𝑑 from the set L.
After handling all control-flow nodes, the remaining lines in L are grouped into consecutive

segments. Each segment forms a separate chunk, ensuring that every line of the focal method is

included in exactly one chunk. Finally, the algorithm returns the set of all chunks𝐶 , preserving the

logical structure of the original method while reducing the complexity of mutation generation.

3.3 Context-Aware Few-Shot Examples Retrieval via RAG
To provide the LLM with relevant guidance when generating mutants, we design a RAG component

that retrieves context-aware few-shot examples from a repository of real-world bugs.

We collect 130,000 single-hunk Java bugs from open-source repositories. Each bug is represented

as a pair of pre-fix and post-fix code, i.e., the buggy code before the patch and the corresponding

fixed code after the patch. These bug–fix code pairs serve as the source of potential few-shot

examples. To enable efficient semantic retrieval, we embed each buggy method using the encoder

of CodeT5 [59], a pre-trained model specialized for code representation learning. The embeddings

are stored in a vectorized dataset, enabling scalable similarity search.

Given a code snippet (e.g., an entire method or a code chunk) to be mutated, we compute its

embedding using the same encoder. We then perform a similarity search against the repository

using Euclidean Distance to measure the closeness between embeddings. The Top-𝑁 most similar

bug–fix pairs are selected as context-aware few-shot examples, where 𝑁 is a hyperparameter.

3.4 Prompt Design
To guide LLMs in generating high-quality mutants, we design a structured prompt template, as

illustrated in Figure 3. The prompt consists of four main components: Instruction, Focal Method,
Code Chunk, and Few-Shot Examples, together with explicit Output Instructions.

We first define the task by natural language instruction. To provide the global context, we include

the entire focal method. This ensures that the LLM can understand the broader semantics of the
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Algorithm 1: The Chunking Algorithm of SMART

Input: The focal method:𝑀

Output: The set of code chunks: 𝐶
1 𝐶 ← 𝜙

2 L ← get_line_num_set(𝑀)
3 A ← parse_ast(𝑀)
4 T ← get_target_nodes(A, {“IfStmt", “ForStmt", “WhileStmt", “DoWhileStmt", “TryStmt"})
5 T ← sort_by_line_descending(T )
6 for 𝑡 ∈ T do
7 𝑙𝑡 ← get_line_num_set(𝑡)
8 if L ∩ 𝑙𝑡 ≠ 𝜙 then
9 𝑐 ← get_code_by_lines(L ∩ 𝑙𝑡 )

10 𝑑 ← get_preceding_decl_stmts(𝑡)
11 𝑙𝑑 ← get_line_num_set(𝑑)
12 𝑐 ← 𝑐 ∪ get_code_by_lines(L ∩ 𝑙𝑑 )
13 𝐶 ← 𝐶 ∪ {𝑐}
14 L ← (L − 𝑙𝑡 − 𝑙𝑑 )

15 for 𝑠𝑒𝑔 ∈ split_into_consecutive_segments(L) do
16 𝑐 ← get_code_by_lines(𝑠𝑒𝑔)
17 𝐶 ← 𝐶 ∪ {𝑐}
18 return 𝐶

[Instruction]: Below is the original Java method, followed by a specific code chunk extracted from it. Your task is

to generate {N} mutant versions by applying single-line mutations only within the code chunk. Note: In software

engineering, a mutant refers to a variant of the original program created by introducing small syntactic changes, which

are typically used for mutation testing.

[Entire Focal Method]: {JAVA METHOD}
[The Current Chunk]: Only mutate these lines: {Code Chunk}
[Few-Shot Examples]: <json> {Examples} </json>
[Output Instructions]:
1. A mutant can only occur on one line.

2. Your output must be like: <json> [ { “precode": “", “aftercode": “" } ] </json>. The "precode" represents the line of code

before mutation, and it can’t be empty, "aftercode" represents the line of code after mutation. Note that you may need

to generate multiple pairs of "precode" and "aftercode".

3. Prohibit generating mutants that are identical to the original code (precode) or duplicate any previously generated

mutants.

4. Output all mutants in JSON format, ensuring they are wrapped in <json></json> tags.

Fig. 3. The Prompt Template of SMART for Mutation Generation

code and avoid generating inconsistent or irrelevant changes. Then, we highlight the specific

code chunk to be mutated. By restricting modifications to this chunk, we reduce ambiguity in

the mutation task and force the LLM to focus on a semantically coherent portion of the method.

To further enhance context-awareness, we integrate bug–fix pairs retrieved by RAG as few-shot

examples. These examples are serialized in JSON format to maintain consistency and to make it

easier for the LLM to learn the structure of valid input–output mappings. Finally, we explicitly

constrain the output format. The LLM must generate mutants such that each mutation changes
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only one line, and the output must follow a JSON-based structure containing the precode and

aftercode fields. This design facilitates automatic parsing and integration of generated mutants

into downstream mutation-testing pipelines.

3.5 Fine-Tuning
In addition to the RAG component, which provides relevant, context-aware examples at inference

time, we employ supervised fine-tuning (SFT) to specialize the model parameters for mutation

generation. The primary goal of SFT in SMART is to align the model more closely with producing

semantically effective mutations by training it on mutations that have been empirically validated

to couple with real-world bugs.

Each mutation pair, consisting of the original code (“precode”) and the corresponding mutated

code (“aftercode”), serves as a golden example of a meaningful semantic change (details of the

training data are presented in Section 4.3). We format these pairs into high-quality training instances

that follow the same structure as our final prompt design (see Section 3.4).

For the SFT process, SMART uses a standard causal language modeling objective, which is

mathematically formulated as minimizing the cross-entropy loss. The goal is to adjust the model’s

parameters, denoted by 𝜃 , to maximize the conditional probability of generating a target sequence

𝑌 (the ground-truth mutant) given an input prompt 𝑋 . For a single training instance (𝑋,𝑌 ), the
loss function L(𝜃 ) is defined as:

L(𝜃 ) = −
𝑛∑︁
𝑡=1

log 𝑃 (𝑦𝑡 |𝑋,𝑦1:𝑡−1;𝜃 ), (7)

where 𝑋 is the input prompt, which includes the instruction, the entire focal method, and the

specific code chunk to mutate; 𝑌 = (𝑦1, 𝑦2, . . . , 𝑦𝑛) is the target output sequence, which is the

ground-truth JSON string specifying the mutation (e.g., {"precode": "...", "aftercode":
"..."}); 𝑦𝑡 denotes the 𝑡-th token in the target sequence 𝑌 ; and 𝑃 (𝑦𝑡 |𝑋,𝑦1:𝑡−1;𝜃 ) is the probability
assigned by the model with parameters 𝜃 to the correct token 𝑦𝑡 at position 𝑡 , given the input

prompt 𝑋 and all preceding ground-truth tokens 𝑦1:𝑡−1. By minimizing this loss over the entire

training dataset, the model parameters 𝜃 are updated via backpropagation to make the ground-truth

outputs more probable, thereby aligning the model with the task of generating realistic mutants.

4 Evaluation Design
In this section, we elaborate on the details of our evaluation design.

4.1 ResearchQuestions
We aim to evaluate SMART by answering the following research questions.

• RQ1 (Validity): Does SMART generate more valid mutants than existing approaches?
• RQ2 (Effectiveness): How well do SMART-generated mutants resemble real bugs com-
pared with those generated by existing approaches?
• RQ3 (Mutation-Based Test Case Prioritization): How effective is SMART for mutation-
based test case prioritization compared with existing approaches?
• RQ4 (Mutation-Based Fault Localization): How effective is SMART for mutation-based
fault localization compared with existing approaches?
• RQ5 (Ablation Study on Components): How useful is each component for generating
effective mutants?
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Table 1. The Statistics of the Used Datasets

Name Bug # Avg. Test # Avg. Buggy Mtd. # Avg. Mtd. LOC

Defects4J 701 250.5 2.02 34.15

ConDefects 1290 26.1 1 26.82

4.2 Studied Mutation Generation Approaches
In this study, we compare SMART with two representative state-of-the-art LLM-based mutation

generation approaches: LLMorpheus [48] and LLMut [50]. LLMorpheus represents one of the most

recent frameworks for leveraging LLMs in mutation testing, while LLMut conducts a systematic

study of mutation effectiveness and validity. Together, these two approaches serve as strong

baselines for evaluating the performance of SMART.

Beyond these baselines, we further conduct an ablation study to isolate the contributions of

individual components in our design. Specifically, we explore the following variants:

• SMART𝑅 , which augments the vanilla LLM with RAG to retrieve in-context few-shot examples;

• SMART𝐶 , which applies logic-based code chunking without retrieval or fine-tuning;

• SMART𝑅𝐶 , which combines retrieval with chunk-level mutation generation;

• SMART𝐶𝐹 , which applies supervised fine-tuning while using chunking; and

• SMART, our complete approach that integrates RAG, chunking, and fine-tuning.

For mutation generation, we evaluate a diverse set of LLMs. Specifically, we employ five open-

source models: DeepSeek-Coder-6.7B [69], Llama-3.1-8B [18], Qwen-2.5-7B, Qwen-2.5-14B,
and Qwen-2.5-32B [65]. The three Qwen-2.5 variants share the same architecture but differ in

parameter scales, which allows us to study the effect of model size under a controlled setting. Addi-

tionally, for experiments that do not involve fine-tuning, we also include GPT-4o [1] (i.e.,SMART𝑅 ,

SMART𝐶 , SMART𝑅𝐶 , LLMut, and LLMorpheus). Note that for fairness and consistency, we adopt

GPT-4o as the backend model for LLMorpheus [48] and LLMut [50], since GPT-4o is the most

widely studied model in existing LLM-based mutation testing research [48, 50].

Through these comparisons, we aim to examine not only whether SMART outperforms existing

methods, but also how each of its components contributes to improving the quality of generated

mutants and their downstream utility in mutation testing.

4.3 Training Data and Subjects Under Test
We conduct our study on two widely used benchmarks of real-world Java bugs: Defects4J 2.0 [27]

and ConDefects [62]. Defects4J 2.0 is a widely used benchmark in mutation testing research [6,

12, 28, 30, 31, 37, 46, 50, 68]. It provides a collection of historical bugs from open-source projects

across diverse domains, offering a broad and representative set of real-world software faults. In

contrast, ConDefects is constructed from tasks in the AtCoder programming contest
1
, and thus

complements Defects4J with competitive programming–style defects. Both datasets contain real

faults together with developer-written bug-revealing test cases, which provide a reliable basis

for evaluating mutation-based techniques. Table 1 presents the statistics of the two datasets. We

observe that bugs from Defects4J exhibit greater complexity compared to those in ConDefects.

Specifically, they are subjected to far more developer-written tests (250.5 on average vs. 26.1 in

ConDefects) and are located in methods with longer code bodies (34.15 LOC vs. 26.82 LOC), making

them more challenging for mutation generation and analysis.

1
https://atcoder.jp
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For the experiments on mutation effectiveness, mutation validity, and mutation-based TCP, we
generate mutants from the fixed versions of each bug. This allows us to measure (1) the similarity

between generated mutants and their corresponding real faults, (2) the validity of the generated

mutants, and (3) whether bug-revealing test cases are prioritized earlier by mutation-based TCP

techniques. For the experiments on MBFL, we instead generate mutants from the buggy versions of

the programs. This setting enables us to evaluate the impact of mutants on MBFL techniques such

as MUSE [35] and Metallaxis [39].

To avoid potential data leakage, we randomly select two projects from Defects4J 2.0, namely

Lang and Cli, and exclude them from our evaluation. For training, we adopt the mutant dataset

constructed by LLMut [50]. In particular, to adapt LLMs toward generating semantically meaningful

mutants, we use mutants that are coupled with real-world bugs, i.e., mutants that can be killed by at

least one bug-revealing test. Our training set consists of 13,760 such coupled mutants, which are

collected from diverse sources, including LLMs (e.g., DeepSeek[69], GPT-4o [1], and CodeLlama [43])

and mutation testing tools (e.g., LEAM [46], Major [29], and 𝜇BERT [12]).

4.4 Mutation Generation Setups
For each real bug in the studied datasets, we generate mutants from the corresponding methods.

For RQ1–RQ3, we use fixed versions, while for RQ4, we use buggy versions. If a bug spans multiple

methods, we invoke the generation procedure independently for each method. Given a focal method

(or its logic-based chunks, in the case of SMART), we configure the LLM to generate 𝑁 mutants,

where 𝑁 equals the number of lines of code in the input, following common practice [50]. Following

the practice of [14, 50], we use the Top-6 few-shot examples. During mutation generation, all LLMs

are run with their default temperature and token limitations.

4.5 Fine-tuning Settings
We implement SMART using Hugging Face Transformers

2
and perform SFT with full-parameter

updates for all LLMs. The loss is computed only on the model outputs. To avoid out-of-memory

errors, we truncate input sequences to a maximum length of 4096 tokens. This cutoff balances

context retention and computational efficiency, while covering all training instances. Following

standard practice, we fine-tune each selected LLM for 3 epochs with cosine learning rate decay and

a 10% warmup ratio. The base learning rate is set to 3.0 × 10−5. The per-device batch size is 4, with

gradient accumulation steps set to 4.

5 Results and Analysis
In this section, we present the experimental results and answer the research questions.

5.1 RQ1: Comparison of Mutant Validity
5.1.1 Metrics. As introduced in Section 2.2, mutant validity reflects whether the generated mutants

are well-formed and practically usable. We evaluate the validity of mutants generated by different

LLM-based mutation approaches from three complementary perspectives:

• Generation Rate (Ge. R.). In both SMART and LLMut, the number of requested mutants is

explicitly specified in the prompt (denoted as Exp.). We measure the proportion of successfully

parsed mutants (denoted as Gen.) relative to the expected number, i.e., Gen./Exp.. A higher

generation rate indicates that the model follows the generation instructions more reliably.

• Non-duplicate Rate (ND. R.).We compute the proportion of generated mutants that are non-

redundant, i.e., not identical to the original program or to other generated mutants, given by

2
https://huggingface.co/docs/transformers/en/index
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Table 2. The Validity Comparison

Approaches Defects4J (701 Bugs) ConDefects (1290 Bugs)
Exp. Gen. Ge. R. ND. R. Com. R. Exp. Ge. Ge. R. ND. R. Com. R.

LLMorpheus (GPT-4o) - 4092 - 88.25% 58.71% - 3861 - 83.35% 99.32%

LLMut (GPT-4o) 46873 6519 13.91% 95.77% 83.05% 33238 1900 5.72% 97.84% 99.95%

LLMut (DS-6.7B) 46873 3142 6.70% 55.25% 68.26% 33306 4661 13.99% 72.19% 99.58%

LLMut (LM3.1-8B) 46873 3507 7.48% 67.49% 66.50% 33306 5530 16.60% 84.25% 99.25%

LLMut (QW2.5-7B) 46873 7623 16.26% 83.13% 70.79% 33306 7413 22.26% 88.20% 99.51%

LLMut (QW2.5-14B) 46873 10501 22.40% 86.93% 75.82% 33306 19877 59.68% 89.69% 99.73%

LLMut (QW2.5-32B) 46873 23708 50.58% 84.96% 78.63% 33306 25265 75.86% 96.37% 99.70%

SMART𝑅𝐶 (GPT-4o) 35979 17579 48.86% 97.98% 85.65% 26980 11680 43.29% 99.32% 99.65%

SMART (DS-6.7B) 35979 22012 61.18% 92.44% 82.84% 26980 21841 80.95% 97.81% 99.78%

SMART (LM3.1-8B) 35979 20030 55.67% 91.04% 76.09% 26980 18686 69.26% 97.03% 99.74%

SMART (QW2.5-7B) 35979 19971 55.51% 92.22% 79.43% 26980 20375 75.52% 97.49% 99.76%

SMART (QW2.5-14B) 35979 22574 62.74% 93.71% 81.51% 26980 21492 79.66% 98.37% 99.79%

SMART (QW2.5-32B) 35979 23083 64.16% 93.80% 83.32% 26980 20828 77.20% 98.41% 99.72%

Note: The mutation generation approach achieving the best performance in terms of a metric is highlighted in a grey background color.

|𝐴−𝐷 |/|𝐴|. This metric evaluates whether the model produces diverse outputs rather than trivial

or repeated ones.

• Compilable Rate (Com. R.).We calculate the proportion of generated mutants that compile

successfully, i.e., |𝐶 |/|𝐴|. This metric reflects the syntactic correctness of the generated code and

its practical utility in downstream mutation testing tasks.

5.1.2 Results. Table 2 summarizes the validity results of different approaches. For each dataset, we

report the expected number of mutants (Exp.), the number of successfully parsed mutants (Gen.),
and three validity metrics: generation rate (Ge. Rate), non-duplicate rate (ND. Rate), and compilable

rate (Com. Rate). Since GPT-4o is a proprietary model and does not support SFT, we report only the

results of SMART𝑅𝐶 for GPT-4o, which incorporates RAG and code chunking without fine-tuning.

Across both datasets, SMART consistently delivers higher validity than LLMut across all five

open-source LLMs. On Defects4J, for example, SMART improves LLMut’s generation rate by

more than 40 PPs on Qwen-2.5-14B (62.74% vs. 22.40%), while also achieving higher non-duplicate

and compilable rates. Even in the restricted GPT-4o setting, SMART𝑅𝐶 substantially outperforms

LLMut and LLMorpheus on Defects4J, attaining the highest non-duplicate and compilable rates. On

ConDefects, SMART achieves generation rates above 60% across all open-source models, whereas

LLMut remains below 30%, and it also achieves non-duplicate and compilable rates comparable to

those of LLMut (GPT-4o) while outperforming LLMorpheus (GPT-4o).

We also observe systematic differences between the two datasets. ConDefects generally yields

much higher generation and compilable rates than Defects4J, largely because it consists of algorith-

mic tasks implemented as small single-file programs, which are structurally simpler and easier for

LLMs to mutate correctly.

Answer to RQ1: SMART substantially improves mutant validity. It raises the weighted-average

generation rate from 42.89% (LLMut) to 65.6% (+22.71 PPs; ↑ 52.95%). The non-duplicate rate
reaches 95.62% (+8.24–9.75 PPs over the baselines), and the compilable rate reaches 90.21% (up

to +11.78 PPs). Moreover, after applying SMART, all open-source LLMs achieve performance

competitive with GPT-4o.

5.2 RQ2: Comparison of Mutant Effectiveness
5.2.1 Metrics. To evaluate the effectiveness of LLM-generated mutants, we adopt several comple-

mentary metrics to assess how closely the generated mutants resemble real bugs. Following the

definitions in Section 2, these metrics capture detectability, coupling, and semantic similarity:
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Table 3. The Effectiveness Comparison

Approaches Defects4J (701 Bugs) ConDefects (1290 Bugs)
MS R. B. D. Coup. Avg. O. O.≥ 0.8 MS R. B. D. Coup. Avg. O. O.≥ 0.8

LLMorpheus (GPT-4o) 74.20% 51.36% 48.61% 16.14% 90 63.47% 11.47% 56.09% 3.87% 36

LLMut (GPT-4o) 67.78% 29.91% 37.89% 10.37% 90 79.71% 7.36% 63.29% 3.79% 66

LLMut (DS-6.7B) 70.71% 25.25% 45.82% 8.55% 60 79.34% 30.00% 65.07% 15.67% 203

LLMut (LM3.1-8B) 58.23% 22.54% 32.09% 5.53% 33 79.86% 19.15% 66.85% 9.51% 123

LLMut (QW2.5-7B) 59.95% 44.51% 36.53% 14.58% 103 81.80% 22.64% 66.32% 11.24% 188

LLMut (QW2.5-14B) 65.15% 58.92% 39.78% 22.69% 205 80.67% 65.58% 66.31% 35.15% 576

LLMut (QW2.5-32B) 66.51% 77.75% 37.32% 25.26% 278 81.24% 80.62% 66.04% 43.01% 730

SMART𝑅𝐶 (GPT-4o) 69.41% 89.44% 37.24% 27.61% 288 76.93% 78.76% 62.94% 41.18% 530

SMART (DS-6.7B) 74.72% 92.72% 40.21% 28.70% 298 84.42% 95.74% 69.51% 51.05% 739

SMART (LM3.1-8B) 65.46% 91.16% 37.54% 27.15% 250 84.62% 93.41% 70.66% 49.41% 657

SMART (QW2.5-7B) 76.12% 93.58% 43.04% 29.30% 275 85.56% 94.19% 72.16% 50.12% 697

SMART (QW2.5-14B) 75.76% 93.87% 42.14% 29.23% 289 87.32% 94.26% 72.23% 50.22% 709

SMART (QW2.5-32B) 75.99% 92.87% 42.77% 29.16% 300 87.44% 94.50% 72.37% 49.63% 712

Note: The mutation generation approach achieving the best performance in terms of a metric is highlighted in a grey background color.

• Real-Bug Detection (R.B.D.). The percentage of bug-revealing tests, i.e., tests that fail on the

buggy version, that also kill at least one generated mutant. This metric measures whether the

generated mutants can be detected by the same tests that expose real bugs.

• Coupling Rate (Coup.). The proportion of generated mutants that are coupled with real bugs,

i.e., mutants that can be killed by at least one bug-revealing test. This metric quantifies how

closely the generated mutants align with real bugs.

• Average Ochiai Coefficient (Avg. O.). To further assess semantic similarity, we compute the

Ochiai coefficient between each mutant and its corresponding real bug based on their sets of

failing test cases. The calculation of Avg. O. is given in Formula 4. A higher score indicates

stronger semantic similarity between generated mutants and real bugs.

• High-Similarity mutants (O. ≥ 0.8). Following Ojdanic et al. [37], we also report the number

of real bugs whose average Ochiai coefficient with the generated mutants is at least 0.8. This

stricter metric highlights how many real bugs are closely approximated by generated mutants.

We also report the Mutation Score (MS) for completeness, but note that it is insufficient for

assessing mutation generation effectiveness, as a high score may simply indicate easy-to-kill

mutants rather than realistic ones. The closeness metric measures the semantic distance between

a generated mutant and its corresponding historical real bug; thus, all baselines use the same

ground-truth bug as the reference.

5.2.2 Results. Table 3 presents the results of the effectiveness evaluation on both Defects4J and

ConDefects. We can make the following key observations.

First, SMART consistently outperforms the baselines on nearly all metrics. On Defects4J, SMART

(Qwen-2.5-7B) achieves the highest real-bug detection rate (93.58%), surpassing the strongest LLMut

variant by more than 15 PPs. Similarly, SMART (Qwen-2.5-32B) yields the largest number of high-

Ochiai bugs (300), indicating a stronger ability to generate mutants closely coupled with real bugs.

In terms of semantic similarity, SMART across different models achieves higher average Ochiai

coefficients (around 27–29%) than LLMut (mostly below 23%).

Second, SMART shows an even larger advantage on ConDefects. For example, SMART (DS-

6.7B) achieves an average Ochiai coefficient of 51.05%, compared with only 15.67% for LLMut

(DS-6.7B). Similarly, SMART with Qwen-2.5-14B and Qwen-2.5-32B achieves the highest real-bug

detection rates (over 94%) and coupling rates (over 72%), along with more than 700 high-Ochiai

bugs, substantially outperforming all baselines.

Third, while LLMorpheus (GPT-4o) shows relatively high mutation scores (74.20% on Defects4J),

it performs poorly in semantic similarity (16.14% Avg. O.) and high-Ochiai bug count (90). In
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contrast, SMART𝑅𝐶 (GPT-4o), even without fine-tuning, improves the average Ochiai to 27.61%

and detects 288 high-Ochiai bugs.

Finally, by comparing SMART𝑅𝐶 (GPT-4o) with the full SMART using open-source LLMs, we

find that fine-tuning enables 7B-scale models to achieve performance comparable to, and
sometimes even better than, GPT-4o. This result highlights the practical value of our approach
by showing that strong effectiveness can be achieved even with relatively small open-source models.

Overall, these results show that SMART consistently generates more effective mutants than both

LLMut and LLMorpheus. By improving real-bug detection, fault coupling, and semantic similarity,

SMART provides a stronger basis for mutation-based testing applications.

Answer to RQ2: SMART consistently improves the effectiveness of LLM-generated mutants

over LLMut and LLMorpheus. For real bug detection, SMART achieves a weighted average

of 92.61%, compared with 57.86% for LLMut (↑ 60.1%; +34.75 PPs) and 31.99% for LLMorpheus

(↑ 189.5%; +60.62 PPs). For the coupling rate, SMART reaches 54.94%, slightly above LLMut

(53.12%) and LLMorpheus (52.23%). For the average Ochiai coefficient, SMART achieves 38.44%,

versus 25.61% for LLMut (↑ 50.1%; +12.83 PPs) and 10.18% for LLMorpheus (↑ 277.6%; +28.26
PPs). These results show that SMART generates mutants more closely aligned with real-world

faults, while enabling fine-tuned 7B models to achieve GPT-4o-level performance.

5.3 RQ3: Comparison of Mutation-Based Test Case Prioritization
5.3.1 Metrics. Inmutation-based test case prioritization (TCP), mutant quality is indirectly reflected

by the resulting prioritization effectiveness. Following prior work [6, 16, 45, 46], we adopt three

widely studied mutation-based TCP techniques, GRK (Greedy Kill), GRD (Greedy Distinguish),

and HYB-𝜔 , which have been introduced in Section 2.3.1. For each TCP technique, we measure

effectiveness using the Average Percentage of Faults Detected (APFD) [41], a standard metric

in TCP research, computed as follows:

𝐴𝑃𝐹𝐷 = 1 − 𝑇𝐹1 +𝑇𝐹2 + · · · +𝑇𝐹𝑛
𝑛𝑟

+ 1

2𝑛
, (8)

where 𝑟 denotes the number of bugs, 𝑛 denotes the number of test cases to be prioritized, and 𝑇𝐹𝑖
denotes the ranking of the first test case prioritized by a TCP approach that detects the 𝑖𝑡ℎ bug. A

higher APFD indicates earlier bug detection.

5.3.2 Results. Table 4 reports the APFD results of three mutation-based TCP techniques (GRK,

GRD, HYB-𝜔) using mutants generated by different approaches.

On Defects4J, SMART consistently outperforms LLMut and LLMorpheus across all three tech-

niques. For example, with Qwen-2.5-32B, SMART achieves the highest APFDs: 0.867 (GRK), 0.8805

(GRD), and 0.8805 (HYB-𝜔), exceeding the corresponding LLMut scores (0.8181/0.8312/0.8312).

Compared with LLMut under the same model, SMART consistently outperforms on all metrics,

showing the benefit of chunking, RAG, and fine-tuning. On ConDefects, SMART remains com-

petitive but does not surpass the best LLMut variants. The highest scores are achieved by LLMut

(Qwen-2.5-32B) for GRK (0.8823) and by LLMut (Qwen-2.5-14B) for GRD/HYB-𝜔 (0.8684). SMART

reaches 0.869 on GRK and 0.865 on GRD/HYB-𝜔 with DeepSeek-6.7B, within 1.33 PPs of the best

LLMut results, while still outperforming LLMorpheus and LLMut with GPT-4o.
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Table 4. Mutation-Based Test Case Prioritization

Approaches Defects4J (701 Bugs) ConDefects (1290 Bugs)
GRK GRD HYB-𝜔 GRK GRD HYB-𝜔

LLMorpheus (GPT-4o) 0.6707 0.6746 0.6746 0.8445 0.844 0.844

LLMut (GPT-4o) 0.6246 0.6295 0.6295 0.8521 0.8649 0.8649

LLMut (DS-6.7B) 0.6 0.5995 0.5995 0.8509 0.8523 0.8523

LLMut (LM3.1-8B) 0.565 0.5657 0.5657 0.8471 0.8398 0.8398

LLMut (QW2.5-7B) 0.6736 0.677 0.677 0.8551 0.8637 0.8637

LLMut (QW2.5-14B) 0.7436 0.7493 0.7493 0.8768 0.8684 0.8684

LLMut (QW2.5-32B) 0.8181 0.8312 0.8312 0.8823 0.876 0.876

SMART𝑅𝐶 (GPT-4o) 0.8399 0.8552 0.8552 0.8675 0.8623 0.8623

SMART (DS-6.7B) 0.8522 0.8793 0.8793 0.869 0.865 0.865

SMART (LM3.1-8B) 0.8285 0.849 0.849 0.8585 0.8523 0.8523

SMART (QW2.5-7B) 0.8442 0.8635 0.8635 0.8658 0.8636 0.8636

SMART (QW2.5-14B) 0.8563 0.8735 0.8735 0.8595 0.8577 0.8577

SMART (QW2.5-32B) 0.867 0.8805 0.8805 0.8658 0.8609 0.8609

Answer to RQ3: On Defects4J, SMART achieves the best APFD across GRK/GRD/HYB-𝜔 ,

clearly outperforming LLMut and LLMorpheus; on ConDefects, it remains highly competitive

(within 0.3–1.3 PPs of the best LLMut variants) while SMART𝑅𝐶 (GPT-4o) also surpasses prior

GPT-4o baselines.

5.4 RQ4: Comparison of Mutation-Based Fault Localization
5.4.1 Metrics. In mutation-based fault localization (MBFL), we evaluate the quality of generated

mutants by examining their impact on bug localization accuracy. Given a buggy method, each

statement is ranked by its suspiciousness score computed from mutation analysis (Section 2.3.2).

We then assess fault localization effectiveness using the following standard metrics:

• Top-𝑘 . The proportion of bugs for which at least one buggy statement is ranked within the top

𝑘 positions. Higher Top-𝑘 values indicate that buggy statements are placed earlier, reducing

debugging effort. In our study, we report Top-1, Top-3, and Top-5, following common practice in

MBFL research [46].

• MeanAverage Rank (MAR). For each bug, we compute the average rank of all buggy statements

and then average this value over all bugs. A lower MAR indicates that buggy statements tend to

appear closer to the top of the ranking overall.

• Mean First Rank (MFR). For each bug, we record the rank of the first buggy statement and

then average this value over all bugs. A lower MFR indicates less effort is needed to inspect the

ranked list before reaching a buggy statement.

If multiple statements share the same suspiciousness score, we follow prior work [46, 70] and use

𝐸𝑖𝑛𝑠𝑝𝑒𝑐𝑡 to compute their expected rank. In MBFL, when the mutants produced by one approach

lead to larger Top-𝑘 scores and smaller MFR or MAR values compared to another, the former is

regarded as achieving better fault localization performance.

5.4.2 Results. As shown in Table 5 and Table 6, SMART consistently improves the utility of

generated mutants for MBFL for both MUSE and Metallaxis. First, SMART achieves higher Top-𝑘

results than LLMut and LLMorpheus on both datasets. For instance, in terms of Top-1, SMART

(Qwen-2.5-7B) localizes 134 bugs with MUSE and 119 bugs with Metallaxis on Defects4J, and 132

with MUSE and 115 with Metallaxis on ConDefects, outperforming LLMut and LLMorpheus. Second,

SMART also reduces localization effort: on both datasets, SMART (DS-6.7B) achieves the lowest

MAR and MFR values. These results suggest that SMART-generated mutants not only rank buggy

statements higher, but also improve overall localization effectiveness across datasets.
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Table 5. Statement-Level Mutation-Based Fault Localization on Defects4J (701 Bugs)

Approaches MUSE Metallaxis
Top-1 Top-3 Top-5 MAR MFR Top-1 Top-3 Top-5 MAR MFR

LLMorpheus (GPT-4o) 100 143 148 157.61 157.52 93 144 148 157.58 157.52

LLMut (GPT-4o) 56 119 149 143.73 143.11 49 126 150 143.88 143.16

LLMut (DS-6.7B) 57 118 151 151.56 151.30 55 118 148 151.60 151.33

LLMut (LM3.1-8B) 69 111 127 162.25 162.16 68 111 127 162.21 162.15

LLMut (QW2.5-7B) 85 198 247 119.88 119.32 78 201 240 119.96 119.34

LLMut (QW2.5-14B) 104 252 308 94.56 93.62 97 259 309 94.58 93.59

LLMut (QW2.5-32B) 107 280 365 59.55 57.36 93 292 376 57.12 55.10

SMART𝑅𝐶 (GPT-4o) 105 293 360 59.72 57.39 92 299 374 60.13 57.34

SMART (DS-6.7B) 116 306 397 52.64 50.91 97 316 399 52.93 50.94

SMART (LM3.1-8B) 78 251 327 76.40 75.29 76 260 332 76.51 75.16

SMART (QW2.5-7B) 134 314 392 59.68 58.27 119 314 390 59.87 58.27

SMART (QW2.5-14B) 130 303 378 56.79 55.09 111 310 383 57.12 55.10

SMART (QW2.5-32B) 129 309 377 56.52 54.78 116 305 386 56.77 54.77

Table 6. Statement-Level Mutation-Based Fault Localization on ConDefects (1290 Bugs)

Approaches MUSE Metallaxis
Top-1 Top-3 Top-5 MAR MFR Top-1 Top-3 Top-5 MAR MFR

LLMorpheus (GPT-4o) 11 16 16 197.53 197.53 12 16 16 197.53 197.53

LLMut (GPT-4o) 10 35 53 186.75 186.74 8 34 51 186.79 186.78

LLMut (DS-6.7B) 24 105 198 148.39 148.39 28 117 193 148.42 148.42

LLMut (LM3.1-8B) 14 45 72 176.29 176.28 15 47 69 176.35 176.34

LLMut (QW2.5-7B) 20 56 95 163.12 163.12 17 60 95 163.27 163.27

LLMut (QW2.5-14B) 103 263 383 88.09 88.08 79 246 373 88.41 88.39

LLMut (QW2.5-32B) 106 308 475 58.26 58.25 85 283 450 58.79 58.77

SMART𝑅𝐶 (GPT-4o) 60 225 350 114.35 114.35 61 221 335 114.55 114.54

SMART (DS-6.7B) 105 349 499 70.16 69.96 102 340 479 70.54 70.35

SMART (LM3.1-8B) 120 287 398 115.08 115.02 101 297 392 115.17 115.09

SMART (QW2.5-7B) 132 337 474 101.36 101.28 115 336 454 101.48 101.39

SMART (QW2.5-14B) 143 349 476 90.03 89.89 120 340 464 90.31 90.16

SMART (QW2.5-32B) 132 367 516 85.33 85.18 109 354 499 85.58 85.39

Answer to RQ4: SMART improves MBFL effectiveness by achieving higher Top-𝑘 results than

LLMut and LLMorpheus on both datasets, while also reducing localization effort. On Defects4J,

SMART (QW2.5-7B) ranks 134 bugs in Top-1 under MUSE, compared with 107 for LLMut and

100 for LLMorpheus. Moreover, SMART (DS-6.7B) ranks 399 bugs in Top-5 under Metallaxis,

compared with 376 for LLMut and 148 for LLMorpheus. On ConDefects, SMART remains

consistently competitive and achieves the best MAR/MFR with QW2.5-32B. Overall, these

results show that SMART-generated mutants better support fault localization by ranking buggy

statements earlier.

5.5 RQ5: Component Ablation Study
Figure 4 summarizes representative metrics from the first four RQs, covering validity, effectiveness,

MBTCP, and MBFL. We observe that enabling all three optimizations in SMART (RAG, chunking,

and fine-tuning) achieves the best overall performance across different LLMs. Among them, chunk-

ing contributes the largest gains. RAG also provides substantial improvements when used alone

(i.e., SMART𝑅 vs. LLMut), but its incremental benefit becomes smaller once chunking is enabled,

suggesting that chunking already offers strong contextual guidance. Fine-tuning further adapts

mid-scale open-source models (7B–14B) to mutation generation, enabling them to match or even

surpass GPT-4o under the full SMART configuration.
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(a) SMART (GPT-4o) (b) SMART (DS-6.7B) (c) SMART (LM3.1-8B)

(d) SMART (QW2.5-7B) (e) SMART (QW2.5-14B) (f) SMART (QW2.5-32B)

Fig. 4. Comparison among Different Variants of SMART

Table 7. Token Cost Statistics

LLMut SMART𝑅 SMART𝐶 SMART
Avg. Query Time per Mtd. 1 1 4.6 4.6

Avg Tokens per Query 716 778 950 979

Answer to RQ5: All three components of SMART contribute to improved mutant generation

and downstream effectiveness, with code chunking consistently delivering the largest gains.

6 Discussion
6.1 Token Cost Analysis for Mutation Generation
While SMART improves the quality and effectiveness of generated mutants, it also introduces

additional token and time costs due to its design choices. Both RAG and code chunking increase

prompt size compared with LLMut. RAG adds retrieved bug–fix examples into the prompt, while

chunking transforms a single query at the method level into multiple queries at the chunk level. As

a result, chunking amplifies the total token consumption and query time.

Table 7 reports the average query time and token usage per method. Compared with LLMut,

RAG alone (SMART𝑅) only increases average tokens per query from 716 to 778 due to the inclusion

of few-shot examples. By contrast, chunking (SMART𝐶 ) substantially increases the number of LLM

invocations, leading to an average of 4.6 queries per method and a token cost of 950 tokens per

query. The full SMART has the same average of queries as chunking alone, while it costs 979 tokens
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Table 8. RAG Cost in SMART

RAG Building RAG Retrieval (Mtd) Avg. Mtd RAG Retrieval (Chk) Avg. Chk
Time (s) 613 5,468 2.7 12,961 6.5

Table 9. GPU Costs of Supervised Fine-Tuning in SMART

Model Time (s) FLOPs GPU Mem.
DS-6.7B 17,552 1.78E+14 40GB

LM3.1-8B 16,267 1.48E+14 42GB

QW2.5-7B 14,066 1.89E+14 40GB

QW2.5-14B 30,025 4.76E+14 75GB

QW2.5-32B 74,493 1.05E+15 140GB

per query. In summary, SMART incurs higher token usage primarily due to chunking. Overall, the

average token cost per query increases by about 36.7% (from 716 in LLMut to 979 in SMART).

6.2 Cost Analysis of SMART
For the GPU-related steps of SMART, which dominate the overall cost, we reportwall-clock time to
capture end-to-end cost. For the SFT stage, the main hardware bottleneck of LLM-based approaches,

we further report peak GPU memory usage and floating-point operations (FLOPs). Peak
memory reflects practical hardware requirements, while FLOPs provide a hardware-independent

measure of training cost. To reduce randomness, we repeat each experiment three times and report

the average.

Table 8 reports the wall-clock time for RAG building and retrieval. RAG building takes 613

seconds, which is a one-time offline cost for constructing the embedding index. For retrieval,

method-level retrieval (i.e., Mtd, used for non-chunking prompts) takes 5,468 seconds in total,

averaging 2.7 seconds per bug. Chunk-level retrieval (i.e., Chk, used for code-chunking prompts)

requires 12,961 seconds in total, averaging 6.5 seconds per bug. The higher cost of chunk-level

retrieval is mainly due to the increased number of retrieval queries triggered by fine-grained code

chunks. Note that a bug may require multiple retrievals under chunking. Overall, the time overhead

introduced by RAG remains moderate, especially considering that retrieval is performed once per

bug and does not dominate the overall mutation generation process.

Table 9 reports the computational cost of supervised fine-tuning (SFT) for different base mod-

els. The SFT time ranges from 14,066 seconds (QW2.5-7B) to 74,493 seconds (QW2.5-32B), with

corresponding FLOPs ranging from 1.48 × 1014 to 1.05 × 1015. As expected, both wall-clock time

and FLOPs increase substantially with model size. Peak GPU memory usage varies from 40GB to

42GB for 6-8B models to 75GB for the 14B model and 140GB for the 32B model, indicating that

GPU memory becomes the primary hardware constraint for larger models. Overall, SFT is the

most computationally intensive component of SMART and requires non-trivial GPU resources,

especially for models beyond 14B parameters. However, this cost is incurred only once per model

and can be amortized across multiple mutation campaigns.

6.3 The Influence of RAG Choices
To examine whether the choice of similarity metric affects SMART, we randomly sampled 100

real-world bugs (50 from Defects4J and 50 from ConDefects) and compared three commonly used

similarity measures in RAG: cosine similarity, dot-product similarity, and Euclidean distance.

As shown in Table 10, Euclidean distance consistently achieves the best performance across mu-

tation generation quality and downstream applications (MBTCP and MBFL). Specifically, compared

with cosine and dot-product similarity, Euclidean distance improves the coupling rate and real-bug
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Table 10. Performance of Different RAG Distance Metrics

Method Gen. R. ND. R. Com. R. R. B. D. O.≥0.8 AOC APFD-grk MUSE Top-5 Meta. Top-5
Cos 65.7% 60.2% 48.5% 81 34 0.18 0.88 51 49

Dot-product 62.0% 57.0% 46.7% 85 34 0.19 0.86 53 52

Euclidean 63.2% 57.2% 47.5% 85 39 0.20 0.9 56 54

detection rate by approximately 5%, increases the number of high-Ochiai bugs by 14%, raises the

average Ochiai score by about 10%, and boosts APFD by 3%-5%. It also improves MUSE-Top5 and

Meta-Top5 by 9% and 10%, respectively. Overall, the results suggest that SMART is not overly

sensitive to the choice of similarity metric, as all three metrics yield comparable performance trends.

Nevertheless, Euclidean distance provides consistently better results and is therefore adopted as

the default configuration.

6.4 Threats to Validity
Our study faces the following potential threats to validity.

First, the choice of programming language, datasets, mutation generation approaches, and the

GPU resource requirements may limit the generalizability of our findings. We mitigate this by

using Java (the most widely studied language), two datasets (Defects4J and ConDefects), and

the state-of-the-art LLM-based baselines, along with diverse widely studied LLMs (e.g., GPT-4o,

DeepSeek-Coder, Llama-3.1, and Qwen-2.5).

Second, the inherent randomness of LLMs (e.g., decoding strategies) and configuration choices

could influence the results. To reduce this threat, we follow the default parameters of each model

and evaluate multiple open-source LLMs of varying scales as well as GPT-4o. Another related factor

is the number of retrieved few-shot examples used in RAG. Previous work [50] reports that varying

the number of examples between 5 and 10 does not lead to statistically significant performance

differences. Following this finding, we adopt a moderate and commonly used setting within this

range. While different retrieval sizes may introduce minor variations, prior evidence suggests that

such variations are unlikely to alter the overall conclusions. Nevertheless, we acknowledge that

retrieval configuration remains a tunable factor.

Finally, although we carefully controlled the training and evaluation pipeline, potential data

leakage remains a general concern in LLM-based studies. To mitigate this threat, we adopted

multiple preventive measures. First, for the RAG retrieval database, we collected data exclusively

from real-world GitHub repositories that do not appear in either Defects4J or ConDefects. We

explicitly excluded all projects sharing the same names as those in the two benchmarks to ensure

strict dataset separation. Second, for supervised fine-tuning (SFT), we partitioned projects into

disjoint training and testing sets to prevent cross-project leakage. Specifically, the projects Lang
and Cli were used only to provide training data and were never involved in evaluation. Third,

beyond checking exact matches, we further quantified the similarity between the fine-tuning

dataset and the evaluation dataset using N-gram analysis. The results indicate that the two sets are

highly dissimilar: the 2-gram similarity is only 1.65%, and the similarity further drops to 0.019% for

10-grams, suggesting that long token sequences are rarely shared across datasets. These results

provide stronger evidence that memorization-based leakage is unlikely to significantly affect our

findings. Nevertheless, it is still possible that parts of Defects4J or ConDefects may have appeared

in the pre-training data of large language models, which is beyond our control. To estimate its

potential impact, we examined whether SMART produced exact matches (i.e., syntactically identical

mutants) with real bugs. On Defects4J, the proportions of exact matches remain low across all

models, ranging from 1.91% (GPT-4o) to 2.59% (DS-6.7B). On ConDefects, the rates are even lower,
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all below 0.3% (e.g., 0.05% for GPT-4o). These small percentages suggest that, although data leakage

cannot be completely ruled out, its influence on our results is limited.

7 Related Work
7.1 Mutation Testing
Mutation testing is essential for software testing and analysis research, which systematically

introduces artificial faults into a program, used to evaluate test effectiveness [25, 38]. Moreover,

mutation testing has been widely applied in software engineering, serving as a substitute for

real bugs [2, 10, 28, 36], and supporting tasks such as fault localization [35, 39, 53], test case

prioritization [44], and automated program repair [63, 64].

All downstream applications rely on valid and effective mutants. Prior studies suggest that

effectiveness increases when mutants are syntactically or semantically close to real bugs [20, 22, 26].

For example, MBFL benefits from mutants that are coupled with real bugs [35, 39, 53].

7.2 Mutation Generation
Traditional mutation testing relies on rule-based operators, i.e., predefined program transformations

such as replacing arithmetic or relational operators. Most tools, including PIT [8], Major [29],

MuJava [34], AccMut [54], WinMut [52], and Milu [24], follow this paradigm, while MIN [67]

further specializes it to method invocations.

With the rise of machine learning, learning-based methods emerged. Examples include Deep-

Mutation [49] using seq2seq translation, LEAM [46] with learning-guided rule expansion, and

𝜇BERT [12], which predicts masked code tokens via BERT [15]. However, such approaches often

struggle to ensure syntactic correctness and mutation diversity.

Recently, LLM-based methods have attracted growing attention [9, 11, 17, 23, 48, 50]. These

studies show the feasibility of leveraging powerful generative models for mutation generation,

though most focus on limited metrics such as mutation score or repair effectiveness. In contrast,

our work systematically evaluates diverse LLMs and prompt strategies against rule-based and

learning-based baselines, measuring both the validity and effectiveness of the generated mutants

in multiple downstream tasks.

8 Conclusion
In this paper, we propose SMART, a novel LLM-basedmutation generation framework that combines

retrieval-augmented generation, code chunking, and supervised fine-tuning. Through extensive

experiments on 1,991 real-world Java bugs from Defects4J and ConDefects, we demonstrate that

SMART consistently generates more valid and effective mutants than state-of-the-art baselines. It

significantly improvesmutation validity (e.g., generation rate from 42.89% to 65.6%) and effectiveness

(e.g., real bug detection rate of 92.61% vs. 57.86% for LLMut), while also boosting the performance

of downstream applications such as test case prioritization and fault localization. Moreover, our

results show that SMART enables 7B-scale open-source models to achieve performance competitive

with, and in some cases surpassing, GPT-4o, highlighting its strong practical value.
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