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Abstract—Recent advancements in large language models
(LLMs) have automated various software engineering tasks, with
benchmarks emerging to evaluate their capabilities. However,
for adaptation, a critical activity during code reuse, there is no
benchmark to assess LLMs’ performance, leaving their practical
utility in this area unclear. To fill this gap, we propose AdaptE-
val, a benchmark designed to evaluate LLMs on code snippet
adaptation. Unlike existing benchmarks, AdaptEval incorporates
the following three distinctive features: First, practical context.
Tasks in AdaptEval are derived from developers’ practices,
preserving rich contextual information from Stack Overflow and
GitHub communities. Second, multi-granularity annotation. Each
task is annotated with requirements at both task and adapta-
tion levels, supporting the evaluation of LLMs across diverse
adaptation scenarios. Third, fine-grained evaluation. AdaptEval
includes a two-tier testing framework combining adaptation-
level and function-level tests, which enables evaluating LL.Ms’
performance across various individual adaptations. Based on
AdaptEval, we conduct the first empirical study to evaluate six
instruction-tuned LLMs and especially three reasoning LLMs
on code snippet adaptation. Experimental results demonstrate
that AdaptEval enables the assessment of LLMs’ adaptation
capabilities from various perspectives. It also provides critical
insights into their current limitations, particularly their struggle
to follow explicit instructions. We hope AdaptEval can facilitate
further investigation and enhancement of LLMs’ capabilities in
code snippet adaptation, supporting their real-world applications.

Index Terms—Code Snippet Adaptation, Large Language
Models, Benchmark, Code Reuse

I. INTRODUCTION

Recent advancements in large language models (LLMs)
have revolutionized software development by significantly
reducing the human effort in coding, ushering in the era of
automatic programming [1]. These models with billions of
parameters demonstrate remarkable performance in various
software engineering tasks, including code generation [2],
[3], automated program repair [4], [5], etc. To better under-
stand LLMs’ capabilities on the corresponding tasks, existing
research proposes a series of benchmarks to evaluate their
performance, such as HumanEval [6] and SWE-Bench [7].
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Reusing code snippets is a widely adopted practice to im-
prove the quality and efficiency of software development [8]—
[12]. A critical step in this process is adaptation, where devel-
opers modify code snippets to fit their specific context [13],
[14]. Despite its practical significance, code snippet adaptation
by LLMs remains unexplored in recent research. One of
the main obstacles in this domain is the lack of evaluation
benchmarks. Constructing benchmarks for adaptation, how-
ever, faces significant challenges due to three primary reasons:
(i) Lack of practical context. Adaptation is inherently a
context-aware task that involves transplanting a code snippet
from one specific environment to another. Effective evaluation
should therefore be grounded in practical scenarios, e.g.,
adaptation from Stack Overflow (SO) posts to developers’ code
bases, to accurately characterize the capabilities of LLMs in
adaptation practices. (ii) Lack of task requirements. Although
adaptation is highly context-dependent, it is fundamentally
a requirement-driven task, as its ultimate goal is to fulfill
customized user needs (e.g., optimizing performance or ex-
tending functionality). However, existing resources such as
version control systems, often lack documentation of devel-
opers’ specific adaptation requirements [14], [15]. Hence, it
remains unclear why developers make certain adaptations or
what adaptation steps are necessary to integrate a code snippet
into a new context. This absence of task-oriented information
hinders the formulation of precise inputs for evaluating LLMs
on adaptation tasks. (iii) Lack of fine-grained evaluation.
Current benchmarks primarily focus on end-to-end correctness
of the LLM-generated code, only providing a binary “cor-
rect/incorrect” assessment. Nevertheless, an adaptation task
may include a set of code edits. Evaluation on individual
adaptations allows feedback on the intermediate steps, as well
as LLMs’ strengths and bottlenecks across diverse adaptations.

To address these challenges, we propose AdaptEval, the
first benchmark for code snippet adaptation, comprising 164
tasks with 523 adaptations in Python language. It is designed
with three distinctive features. Firstly, each task in AdaptEval
is collected from the actual adaptation practice of developers.
We preserve the original context by including the referenced
SO post and the associated GitHub repository for better
understanding and traceability. Secondly, we annotate each
task with multi-granularity descriptions: Task-level annotations



describe concise developer intentions, evaluating LLMs’ inten-

tion understanding and code reasoning ability as intelligent

assistants, while adaptation-level ones simulate developers’
step-by-step adaptation process, serving as specific instructions
for LLMs to implement code changes. Thirdly, we construct

a two-tier testing framework to assess the correctness of code

at both function and adaptation levels. Combined with our

annotations, AdaptEval can further evaluate LLMs on indi-
vidual adaptations across various types and their intermediate
adaptation steps. Overall, it takes approximately 550 person-

hours to construct AdaptEval, covering adaptations in 38

types. Our test suite also achieves high test sufficiency with

92.95% branch coverage and 94.38% line coverage.

Based on AdaptEval, we first evaluate six instruction-tuned
LLMs for their code snippet adaptation performance. Our
results show that LLMs can solve 34.15% to 59.15% tasks
in AdaptEval. Compared with task-level requirements, all
LLMs perform significantly better with adaptation-level steps,
where an increase up to 34.84% in pass@1 is observed.
Regarding adaptation types, LLMs perform best on Method
Signature and worst on Logic Customization, with a gap of
20.31% on average. Our analysis on their failures reveals that
LLMs may violate the provided requirements due to their
pre-training knowledge. Additionally, we benchmark three
reasoning LLMs on AdaptEval. Results indicate that they
are more effective in capturing implicit contextual cues even
when no explicit requirements are provided. However, their
reasoning process still need more alignments to developers’
actual adaptation strategies.

This paper makes the following contributions:

o We propose AdaptEval', the first benchmark for code snip-
pet adaptation, comprising 164 tasks derived from real-
world, cross-platform adaptation practices of developers.

« We introduce a distinctive evaluation design, including
multi-granularity annotation and fine-grained evaluation in
AdaptEval. It supports in-depth analysis of LLMs’ adapta-
tions beyond their function-level correctness.

« We conduct the first study to evaluate both instruction-tuned
and reasoning LLMs on code snippet adaptation. Results
suggest LLMs’ strengths and limitations on adaptation tasks
and point out future directions for improvements.

II. BACKGROUND AND RELATED WORK
A. Code Snippet Reuse and Adaptation

Open-source software platforms like SO provide millions
of code snippets for programming problems. Reusing these
solutions from the crowd benefits development efficiency and
software quality. However, developers still need to adapt them
to their context. Prior studies mainly focus on automating
particular categories of adaptations based on historical data
to reduce human efforts. Cottrell et al. [16] present Jigsaw to
integrate snippets into developers’ code, which resolve simple
adaptations such as renaming. Zhang et al. [13] develop a
Chrome plugin, ExampleStack, to generate use templates from

Thttps://github.com/ztwater/AdaptEval.

developers’ historical adaptations. Terragni et al. [17] focus on
a special type of adaptation, APIzation, i.e., transform code
snippets to well-formed methods for convenient reuse. They
summarize four APIzation patterns and present APIZATOR
to make recommendations. However, above adaptation tools
are not effective in understanding developers’ specific context
and making adaptations based on it [11], [14]. Hence, it is
still challenging for developers to perform adaptations. With
the emergence of LLMs, their prompt-based learning [18]
ability allows them to perform unseen tasks during inference,
providing opportunities for the code snippet adaptation task.
Compared to code generation, adaptation requires different
abilities, including reasoning about the reuse code and modi-
fying it to meet new constraints [19]. To advance the research
and practices of LLM-based adaptation, there is a critical need
for a dedicated evaluation benchmark in this domain.

B. LLMs for Code

The emergence of LLMs brings the automation of code-
related tasks to full bloom. Due to pre-training on an extremely
large scale of textual and code corpora, LLMs are empowered
with emerging abilities [20] on both natural language and
code-related tasks. Specifically, they could be divided into
three categories: (i) General LLMs that are trained to solve a
wide range of natural language tasks, such as GPT-series [21],
[22], Claude-series [23], and Llama-series [24]; (ii) Code
LLMs that are trained specifically for code-related tasks on
code corpora, such as DeepSeek-Coder [25], Codestral [26],
Qwen2.5-Coder [27]; and (iii) Reasoning LLMs that are
specifically designed for logical reasoning, problem-solving,
and complex inference tasks, e.g., OpenAl’s ol-series [28],
DeepSeek-R1 [29] and QwQ [30]. However, their instruction-
following abilities are observed to be degraded in recent
studies [31], [32]. Moreover, they suffer from high inference
latency and token cost, which are less practical in daily
software development scenarios such as issue resolution [7].
Despite their differences, LLMs’ effectiveness in code snippet
adaptation has never been explored so far.

C. Existing Benchmarks for Code

Programming and debugging are two fundamental activities
in software development, which have been extensively stud-
ied [3], [57]-[59]. Considering their differences, we can clas-
sify all benchmarks into three categories, i.e., code generation,
editing and multi-task. An increasing number of LLM-based
approaches are adopted for them, especially after the release
of ChatGPT in December, 2022. Previous benchmarks such
as HumanEval [6] are considered too simple to demonstrate
LLMs’ capabilities. To this end, prior studies propose a series
of benchmarks to better evaluate LLMs [56], [60]. In this
paper, we collect and analyze the most recent benchmarks that
(1) evaluate LLMs’ code generation and editing abilities, and
(ii) are associated with an academic paper released between
January, 2023 to October, 2024. Table I lists the overview of
the 25 retrieved benchmarks.
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Fig. 1. The construction process of AdaptEval.
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TABLE I
THE OVERVIEW OF RECENT LLM BENCHMARKS FOR CODE.

Benchmark Time Task Scale Gran. Dep. Source Test
CoderEval [33] 2023 Gen 230 Func Repo GitHub Func
RepoBench [34] 2023 Gen 26,970 Line Repo GitHub -

ClassEval [35] 2023 Gen 100 Class Class - Class
CrossCodeEval [36] 2023 Gen 9,928 Token Repo GitHub -

HumanEval-XL [37] 2024 Gen 22,080 Func - - Func
EffiBench [38] 2024 Gen 1,000 Func LeetCode Func
Mercury [39] 2024 Gen 256 Func - LeetCode Func
EvoCodeBench [40] 2024 Gen 275 Func Repo GitHub Func
Exec-CSN [41] 2024 Gen 1,931 Func File GitHub Func
DevEval [42] 2024 Gen 1,874 Func Repo PyPI Func
OOP [43] 2024 Gen 431 Func Class Multi-Sre Func
R2C2Bench [44] 2024 Gen 22,828 Func Repo GitHub -

RepoClassBench [45] 2024 Gen 287 Class Repo GitHub Class
JavaBench [46) 2024 Gen 106 Class Repo GitHub Class
ComplexCodeEval [47] 2024 Gen 11,081 Func Repo GitHub Func
SWE-Bench [7] 2023 Edit 2,294 Repo Repo GitHub PR

DebugBench [48] 2024 Edit 4,253 Func - LeetCode Func
CodeEditorBench [49] 2024 Edit 7,941 Func Multi-Src Func
CrossCodeBench [50] 2023 Multi 54M Func - Multi-Sre -

XCodeEval [51] 2023 Multi 25M Prog File CodeForces Prog
CodeApex [52] 2023 Multi 2,056 Func - Internal Func
CodeScope [53] 2023 Multi 13,390 Prog File Multi-Sre Prog
CoderUJB [54] 2024 Multi 2,239 Func Repo Defects4] Func
DevBench [55] 2024 Multi 22 Repo Repo GitHub Repo
LiveCodeBench [56] 2024 Multi 511 Func - Multi-Src Func
AdaptEval 2025 Adapt 164 Func Repo __ SO-GitHub Adapt

Existing benchmarks mainly evaluate LLMs’ code gener-
ation ability, for which they are pre-trained by next token
prediction paradigm [61]-[63]. Various dimensions, including
the scale, efficiency and executability, are studied. Several
benchmarks aim to evaluate multiple capabilities of LLMs si-
multaneously. For instance, CoderUJB [54] includes code gen-

eration, test generation, program repair, and defect detection
tasks. These benchmarks provide insights into LLM selection
in different scenarios. Compared with generation, code editing
benchmarks receive less attention. Only three benchmarks are
proposed. Specifically, SWE-Bench [7] evaluates how LLMs
can solve real GitHub issues in repo-level context. Debug-
Bench [48] improves existing program repair benchmarks with
larger-scale and richer bug types. CodeEditorBench [49] com-
prehensively evaluates the debugging, translating, polishing,
and requirement switching tasks. However, as a significant
code editing scenario, code snippet adaptation has not been
supported by current benchmarks so far.

III. THE ADAPTEVAL BENCHMARK

In this section, we first introduce the overall structure of
AdaptEval. Then we introduce its construction process (as
shown in Figure 1), including reuse case collection (Sec-
tion III-B), adaptation task construction (Section III-C) and test
construction (Section III-D). Finally, we report its statistics.

A. Overall Structure
Figure 2 illustrates the overall structure of AdaptEval. Each
task comprises three key components in the following:

o Practical context: AdaptEval captures developers’ real-
world reuse workflow by identifying @ the original SO



post (reuse source) and @ their target GitHub repository
(destination context) through mining techniques. This de-
sign ensures the veracity of our benchmark, reflecting the
challenges encountered in actual reuse practices.

o Multi-granularity annotation: AdaptEval provides adapta-
tion requirements at two levels: @ task-level descriptions
outlining developer intentions, and @ adaptation-level ones
characterizing stepwise operations. The former aims to eval-
uate LLMs as intelligent assistants to understand intentions
and then reason for a feasible solution, while the latter
evaluates LLMs as instruction-followers when actionable
adaptation instructions are provided. This design aims to
evaluate LLMs across diverse adaptation scenarios.

o Fine-grained Evaluation: AdaptEval includes ® two-tier
test suites with function-level and adaptation-level tests,
which enables in-depth diagnosis of the adaptation process
as well as LLMs’ strengths and weaknesses across various
adaptation types.

B. Reuse Case Collection

In this step, we collect real-world developers’ reuse cases
from two most popular communities, SO and GitHub, accord-
ing to prior studies [13], [14], [17]. Our collection process
consists of four steps. Firstly, we collect GitHub repositories
and extract functions with explicit SO links. Secondly, we col-
lect the corresponding SO posts. Thirdly, we identify candidate
code reuse using a combination of explicit SO link identifi-
cation and clone detection techniques to minimize spurious
reuse. Finally, we clean the data by removing duplicate cases
and checking the authenticity of reuse.

1) Repository Collection: We utilize GHS [64] and GitHub
REST API [65] to collect our GitHub repositories. The col-
lection is based on the following criteria:

« The main language of the repository’s source code is Python.
The reason is that Python is one of the most popular
programming languages in both SO and GitHub [66], which
contains adequate data for benchmark construction.

o The repository is non-forked and was created after 2023.
This rule aims to avoid repetition and balance the dataset
size and potential data leakage risk.

« Atleast one Python code file in the repository has an explicit
reference to a SO post within the method scope. This rule
filters out reuse cases that do not target coding purposes.

We identify a total of 2,478 Python repositories. To isolate
reused code from later evolutionary changes, we follow Zhang
et al. [14] to collect the file version immediately after the
commit that introduced the code. This step filters out non-
adaptation changes. Besides, we also preserve all associated
commits as authentic process records for subsequent annota-
tion. Finally, we extract 4,568 functions with SO links.

2) SO Post Collection: To retrieve reused SO snippets, we
use the Stack Exchange API [67] to collect SO posts according
to the reference links in the GitHub source code files. We
observe that developers may refer to either the question post or
a specified answer post in their source code files. To obtain the
complete reuse context, we collect the whole SO question post

instead of a single answer. Specifically, we first retrieve the
corresponding parent question posts for each linked answer.
Then, for each question post, we query its id, title, body,
answers, owner, tags, score, comments fields and timestamps
for activities. For each answer belonging to the question,
we collect its id, body, owner, is_accepted, score fields and
timestamps for activities. Finally, we extract all code spans as
individual code snippets from each SO answer post, serving
as potential reused snippets. Followed Zhang et al. [14], we
discard posts with non-positive scores to consider both the
quality and coverage of our data, resulting in 57,932 snippets
from 4,770 posts eventually.

3) Clone Detection: To identify the candidates of code
reuse, prior studies often employ two approaches including
link identification [14], [17] and code clone detection [11]—
[13], [68]. The former identifies explicit SO references in
GitHub snippets but could include spurious reuse, such as
references to problems or explanations. The latter ensures
the code similarity but may introduce false positives, e.g.,
coincidental clones, trivial snippets, etc. Following Terragni et
al. [17], we combine the clone detection technique and explicit
SO link references to obtain candidate code reuse, which are
more likely to be genuine.

We first pair each collected function from GitHub with
SO snippets extracted from the linked post to avoid iden-
tifying coincidental clones from other posts. For each
(GitHub function, [SO snippet list]) pairs, we use Sourcer-
erCC [69] to search Type-II and Type-III clones as we are
only interested in explicit code reuse with adaptations. Type-I
clones only include differences in blank spaces and comments,
which does not require any adaptations, while Type-IV clones
(semantically equivalent but with little syntactical similarity)
may not suggest explicit reuse and are difficult to detect.
Aligned with previous studies [13], [17], we determine two
snippets as clones by setting the token similarity threshold to
70% for the best tradeoff between the precision and recall. We
discard all functions without any clones in their linked posts
as spurious reuse. As for functions with multiple clones from
SO, we select the one with the highest similarity. After clone
detection, we obtain 716 snippet pairs.

4) Data Cleaning: Different developers may perform ex-
actly the same adaptations accidentally. Such duplicate data
in our benchmark may lead to unfair evaluation. To this
end, we exclude snippet pairs whose source SO snippet and
GitHub function are both identical, resulting in 232 snippet
pairs. Although we employ filtration rules and clone detection
techniques to identify potential code reuse, there could still
be exceptions, e.g., code written in another programming
language in SO answer posts. We further filter these cases
manually. Eventually, we obtain 205 snippet pairs.

C. Adaptation Task Construction

As developers’ original adaptation requirements are not
properly recorded, we aim to reconstruct adaptation tasks
from their actual practices. To accurately describe them, we



construct each task following a bottom-up manner. Specif-
ically, we first utilize GumTree [70] to extract code edits
at the Abstract Syntax Tree (AST) level and group them
into adaptations, which serves as the unit of evaluation in
AdaptEval. Subsequently, we develop a static analysis tool
with tree-sitter [71] to extract their dependencies as relevant
context. Then we annotate each adaptation with a detailed
description, a type label and required dependencies. Finally,
we combine all annotated adaptations in a single reuse case as
an adaptation fask, and summarize a task-level requirement.

1) Adaptation Extraction: In this step, we first extract
all code edits from reuse snippet pairs leveraging a popular
code-differencing tool, GumTree [70]. However, individual
AST-level edits are too fine-grained for understanding and
description [72]. For instance, inserting an if statement to
handle a new condition may include numerous AST edits,
which should be considered as a whole. To better reflect
developers’ intentions, we group the edits according to their
syntax adjacency on the AST following CLDiff [72].

2) Dependency Extraction: Since adaptation requires devel-
opers to integrate code snippets into their code bases, we ex-
tract all repository-level context dependencies for each adapted
function in AdaptEval, including four types, i.e., intra-class,
intra-file, intra-repo and external. For each adapted function,
we first extract all its used identifiers from its AST. Then we
extract defined classes, functions, and global variables from
the current file containing the adapted function. If an identifier
is identical to a class, field or method name, it belongs to
the intra-class dependency, denoted as “ClassA.MethodB”. If
an identifier is defined as a global variable or a function,
then it belongs to the intra-file dependency, simply denoted
as their name. Subsequently, we distinguish intra-repo and
external dependencies by parsing the import statements and
the repository files. If an identifier is located within the
repository, it belongs to the intra-repo dependencies, denoted
by “Path/To/File::ClassA.MethodB”. Identifiers with imported
third-party library names belong to external dependencies,
denoted by their full-qualified names without alias, e.g.,
“numpy.array”. The identifiers of builtin functions, variables
and constants in Python 3 are discarded.

3) Adaptation Annotation: During this step, we manually
annotate each adaptation with its type and description. This
process is carried out by five participants with at least three
years of Python programming experience. Two of them are re-
sponsible for writing the adaptation description, while another
two conduct the open-coding process of adaptation types. Each
member in both groups takes charge of half the cases and
then double-checks the other’s annotation for cross-validation.
The remaining participant with the most experience serves as
the mediator and final reviewer. We first annotate adaptation
descriptions, whose criteria include: intent-based, concise and
consistent. To ensure that they accurately reflect developers’
intents, we employ a rigorous and multi-step protocol. Before
annotation, we conduct a pilot study with annotators as well as
two senior engineers with industrial experience on five real-
world examples. All participants are provided with: (1) the

original SO post, (2) the integration commit (Section III-B1),
and (3) their linked artifacts (commit messages, discussions) to
extract the rationale behind each adaptation. All participants
found the integration commit helped them comprehend the
original intent, especially when commit messages and inline
comments reveal the motivations. To this end, we require an-
notators carefully refer to them during annotation. During the
discussion, we set a 50-word threshold for each description,
which could balance the conciseness and detail. Beside, we
share an online document with well-designed demonstrations
and dynamically update it to ensure consistency throughout
the annotation. To mitigate subjectivity, our cross-validation
requires the mediator to resolve every disagreement through
discussion until consensus is achieved. Our approach min-
imizes individual bias while aligning our annotations with
accessible records documented in commit histories. After all
descriptions are completed, the other group annotates adapta-
tion types following the principles of thematic analysis [73].
The participants generate the initial codes using a verb-object
phrase, e.g., Rename Function, to characterize the adaptation.
After cross-validation, they work together to group them into
themes. Then they iteratively re-evaluate and group the themes
until they are established. The final themes are reviewed by
the final reviewer. If there are any inappropriate expressions,
the three participants will discuss and refine them to reach
the consensus. The Cohen’s Kappa value [74] between two
annotators during the cross-validation phase is 0.929, while
the Cohen’s Kappa value between annotators and the final
reviewer on the final themes is 0.975. Finally, we obtain
descriptions for each adaptation and the adaptation taxonomy.

As adaptations in docstrings or comments do not affect
the functionality, we exclude them as well as the cases with
only adaptations of this type from AdaptEval. It allows us
to focus on significant adaptations, thereby reducing noise in
the benchmark. The derived adaptation taxonomy is shown
in Table II. Specifically, it includes three categories, Method
Signature, Logic Customization and Refactoring, with 128,
227, and 168 adaptations respectively. Method Signature refers
to adaptations made to the method interface while preserving
the logic in its body. Logic Customization refers to the
functional changes in the method body. Refactoring refers to
non-functional adaptations which do not change the program
behavior. The most prevalent adaptation is Rename Function,
with 70 occurrences. It indicates that developers often need a
more descriptive or consistent function name during adapta-
tion. While Zhang et al. propose an insightful taxonomy [13]
for adaptation, it is based on Java and does not consider the
recent studies on APIzation [17], which is revealed by our
Method Signature category.

Based on our extracted dependencies, we associate each
adaptation with its dependencies by determining whether its
updated code elements are present in our dependency set. To
obtain task-level requirement description, we first group all
adaptations by their types as they are likely for the same
purpose. Then we summarize each group into a concise phrase
and combine them as a one-sentence description. This ensures



TABLE II
THE ADAPTATION TAXONOMY ON ADAPTEVAL

Category
MS (128)

Adaptation Type
Encapsulate (13), Rename Function (70), Update Function Type (11),
Insert/Delete/Update Parameter (13/5/16)
Initialize/Replace Variable (3/11), Update Constant (13), Convert Ob-
ject Type (23), Insert/Delete/Update Call (22/8/52), Insert Import
(16), Insert/Delete/Update Return (5/1/8), Insert/Delete/Update Cond-
ition(31/13/9), Handle Exception (11), Insert Function (1)
Insert/Delete/Update Type Annotation (52/3/1), Insert/Delete Tempor-
ary Variable (9/3), Rename Parameter/Variable (24/20), Update API
Referenced Name (25), Insert None Return (2), Refactor/Move Exp-
ression (17/1), Delete Import (3), Split Lines (2), Inline/Expand/
Move Function (1/3/2)

LC (227)

RE (168)

that the task-level descriptions are both comprehensive and
concise. Finally, we derive our final set of 164 adaptation tasks.

D. Test Construction

As our benchmark needs to support an automatic evaluation
of LLM-adapted code from hundreds of repositories, we
manually set up a virtual testing environment and create a
test suite for each task in AdaptEval. Apart from the overall
correctness of the adapted function, we also enable a fine-
grained evaluation using adaptation-level test cases. In the
testing pipeline, we automatically extract the adapted function
from LLMs’ output, inject the code under test into the corre-
sponding context, and run the tests in a virtual environment.

1) Virtual Environment Setup: To avoid dependency con-
flicts across different repositories, we deploy each repository
in an individual virtual environment and install its required
dependencies. Specifically, we first look for the supported
Python version specified in the documentation of each repos-
itory. Then we use venv to create a virtual environment in
its root directory and use pip to install all the required Python
packages specified in the dependency list. To alleviate the bur-
den of deployment, we only install the necessary dependencies
that allow the execution of the adapted functions.

2) Test Case Generation: We construct two-tier test suites
containing both function and adaptation-level test cases in
AdaptEval to evaluate LLMs’ adaptations. Function-level test
cases assess the overall functionality of the adapted code.
They ensure that functional adaptations correctly modify pro-
gram behaviors while preserving those of the remaining code.
However, only considering overall functionality is insufficient.
First, it cannot evaluate individual adaptations, as LLMs may
partially succeed in some adaptations yet fail function-level
tests. Fine-grained tests are essential for identifying LLMs’
effectiveness and bottlenecks across in different adaptation
types. Second, refactoring, which is also critical in software
reuse, cannot be directly evaluated through program behavior
alone. Therefore, AdaptEval incorporates adaptation-level test
cases for a more comprehensive evaluation.

The core criterion for our adaptation-level tests is their dis-
criminative power: each test should pass only when its target
adaptation is correctly applied and fail otherwise. Specifically,
given a sequence of adaptations A = {ag,a,...,a,}, our
objective is to write adaptation-level tests 7 = {to,t1,...,tn}
such that passing t; ensures that the corresponding adaptation

a; is made to the reused snippet and is not influenced by
subsequent adaptations {a;41, ..., ay}. For instance, Figure 3
illustrates an example of adaptation-level test cases in AdaptE-
val. ag is a default parameter addition and a; updates an API
call with the added argument. We construct ¢, to validate that
the parameter is added in the correct place and its default value
is None. For a1, we write t; to call the adapted function with
a different chunk_size value, 4096, and use mock objects to
determine whether the iter_content method is called with that
value precisely.

We consider reusing the original tests written by developers
for our adapted functions. However, 142 out of 164 tasks
lack unit tests in their repositories and the remaining tests
are insufficient. Hence, we manually construct function-level
and adaptation-level test cases for each task, ensuring their
discriminative power and coverage. The construction process
involves four participants with at least three years of Python
programming experience. Three of them are responsible for
writing test cases while the last deploys all repositories and
rigorously checks the test cases to ensure their correctness
and quality. The test suites in AdaptEval are written using
the Python unittest framework. The idea of “mocking” [75] is
also adopted to improve the stability of the test and provide a
controlled and efficient testing environment. We try our best
to obtain a line-level and branch-level coverage of 92.95% and
94.38%. Each adaptation is covered by at least one test case
to validate whether it is performed correctly as required.

E. Dataset Statistics

TABLE III
THE OVERALL STATISTICS OF TASKS IN ADAPTEVAL.
Metric Mean  Total
Line-of-Code (LOC) 18.9 3,106
Num of Adaptations 32 523
Num of AST Edits 13.6 2,236
Description Length 14.6 2,389
Num of Dependencies 4.0 663
Num of Tests 6.6 1,079

Our AdaptEval benchmark has 164 adaptation tasks with
523 adaptations. As illustrated in Table III, the average line-
of-code (LOC) of each task is 18.9. In each task, LLMs
are required to perform 3.2 adaptations on average, while
the average number of corresponding AST edits is 13.6. It
demonstrates that our AdaptEval is composed of concise and
higher-level adaptations. The average length of adaptation-
level requirements is 14.6 words. Each task has 4.0 depen-
dencies and is equipped with 6.6 test cases on average.

IV. EVALUATION SETUP

This section describes our evaluation setup to explore
LLMs’ adaptation ability based on AdaptEval’s unique fea-
tures.

A. Research Questions

We aim to benchmark LLMs’ adaptation capabilities by
addressing the following four research questions as follows:



[ Qp: Add a 'chunk_size' parameter with a default value of None ]

def download_file url local_filename chunk_size None
with requests get url stream True as r
r raise_for_status

def download_file url. local_filename

with requests get(url stream True) as r Adapt
r.raise_for_status
with open(local_filename 'wb') as f

for chunk in r.iter_content chunk_size chunk_size

with open(local_filename, 'wb') as f

for chunk in r iter_content chunk_size 8192
f write chunk f write chunk

return local_filename return local_filename

parameter instead of a hardcoded value

def test_add_chunk_size_parameter(self

Test for ay: t,

signature - inspect signature download_file
parameters - signatures parameters

self assertEqual list parameters keys( ) 2
self assertEqual parameters default None

*chunk_size'

chunk_size

d

o

'requests.get’
*builtins.open’

Test for a;: t4

new_callable mock_open
test_update_api_argument self mock_open mock_get
mock_response  MagicMock

mock_response iter_content  MagicMock return_value b'test data
mock_response __enter__ return_value mock_response

mock_get return_value mock_response

result  download_file 'http://example.com/file’ 'file.txt' chunk_size 4096
mock_response iter_content assert_called_once_with chunk_size 4096

[ Q@q: Update the 'iter_content' call to use the 'chunk_size' ]

Reused Snippet

Adapted Snippet

Adaptation-level Test Cases

Fig. 3. An example of adaptation-level test cases in AdaptEval.

« RQ1 (Task-Level Performance): How do LLMs perform
on code snippet adaptation tasks across diverse scenar-
ios? We investigate LLMs’ performance in solving whole
adaptation tasks on AdaptEval with different settings.

« RQ2 (Adaptation-Level Performance): How do LLMs
perform in making different types of adaptations? To
investigate current bottlenecks of LLMs, we investigate their
adaptation-level performance across different types.

« RQ3 (Error Analysis): What are the prevalent errors
made in LLMs’ adaptations? We further analyze LLMs’
failed adaptations to better understand their limitations.

« RQ4 (Potentials of Reasoning LL.Ms): What are the
potentials of reasoning LLMs in adaptation? Due to
the distinct capabilities of reasoning LLMs, we separately
evaluate their performance in a more challenging setting.

B. Studied Models

As the adaptation task requires both advanced coding and
instruction-following abilities, we first select six state-of-the-
art instruction-tuned LLMs. Particularly, we adopt four gen-
eral LLMs for their capabilities in both natural language and
coding tasks: GPT-40 (2024-11-20) [22], DeepSeek-V3 (2024-
12-26) [76], Gemini-2.0-Flash (2025-02-05) [77] and Llama-
3.3-70B (2024-12-06) [24]; and two code LLMs: Qwen2.5-
Coder-14B-Instruct (2024-09-19) [27] and Codestral-22B
(2024-05-29) [26], for their code-specific ability. To further
explore LLMs’ potentials in inferring developers’ adaptation
intents, we also include three reasoning LLMs, DeepSeek-R1
(2025-01-20) [29], Claude-3.7-Sonnet (2025-02-19) [23] and
QwQ-32B (2025-03-06) [30] in our experiments. Our selected
LLMs cover both closed- and open-source ones in leading
series, all released since 2024, which ensures a comprehensive
and timely evaluation of their adaptation ability.

C. Adaptation Settings

Since adaptation is a requirement-driven and context-
dependent task, we propose a two-dimensional setting to
evaluate LLMs’ adaptation performance. First, we design three
requirement settings, including AReq, TReq and NoReq to
evaluate the influence of different instruction granularities.
AReq provides LLMs with our specific adaptation-level in-
structions for each code change, while TReq offers only task-
level requirement outlining developer intentions. To demon-
strate the capabilities of reasoning LLMs, we introduce a

I will provide you with a code snippet to reuse and a json file containing required adaptations.
You should adapt the snippet into a target code base according to the adaptation requirements
one by one. Some related code context from the target code base is provided for reference.

### Reused Snippet:
{CODE_OF_REUSED_SNIPPET}

### Adaptations Required to Perform:
[

{'id': @, 'type': ..., 'description': ...}

1

### Related Code Context For Reference:
[Start of DEP_0]

{CODE_OF_DEP_0}

[End of DEP_0]

Please write out the function after adaptation in the following section:
### Adapted Function:

Fig. 4. The prompt template for AdaptEval’s evaluation (AReq & Oracle).

more challenging setting, NoReq in RQ4, where LLMs must
infer developer intentions from intra-file context and perform
adaptation end-to-end without explicit requirements. As for
the context setting, we consider two scenarios, Oracle and
NoCtx, to assess the role of contextual dependencies. Oracle
provides LLMs with all dependent context, simulating an ideal
scenario with prior knowledge of dependencies. In contrast,
NoCtx requires LLMs to adapt solely based on the given
requirements, reflecting a more constrained setting.

D. Prompt Design

We design a set of prompts to support LLMs’ adaptations
in different settings. Figure 4 shows the prompt template in
the most informative setting (AReq and Oracle). The prompt
begins with a brief description of the task. The first block
provides the reused snippet as input, while the second block
specifies our adaptation-level requirements step by step. The
third block includes all dependent contexts. Finally, it offers an
instruction for LLMs to generate the adapted function as out-
put. Prompts for TReq and NoReq replace the second block
with task-level instructions or intra-file context, respectively,
while the NoCtx prompt removes the third block.

E. Evaluation Metrics

We adopt an execution-based metric pass@k to check the
correctness of LLMs’ adaptations. It measures the likelihood
that a LLM produces a correct solution within k attempts
based on unit test execution. Compared to similarity-based



metrics, execution-based metrics can measure the functional
correctness of the outputs with higher reliability [6].

In AdaptEval, we are interested in both the overall correct-
ness of function-level adaptation task and individual adapta-
tions, so we calculate both pass@k-t and pass@k-a. Specif-
ically, if an adapted function passes all test cases of a
task/adaptation, it will be considered as a correct sample
for the task/adaptation. Considering the generation cost, we
randomly generate five responses (n = 5) in line with previous
work [35]. For task-level evaluation, we report pass @ k metrics
with k € {1,5}, reflecting LLMs’ accuracy with effort control
in practical use, i.e., whether a correct adaptation can be made
through at most five trials. For adaptation-level evaluation, we
report the pass@1-a to solely evaluate their correctness.

F. Implementation Details

As LLMs are non-deterministic models, different settings
for their randomness may lead to quite different results [78],
[79]. In line with previous work [35], [46], we use nucleus
sampling [80] to randomly generate five solutions with a tem-
perature of 0.2 for all LLMs. All experiments are conducted
with two GeForce RTX 4090-24G GPUs on Ubuntu 22.04.

V. RESULTS
A. RQI: Task-Level Performance

TABLE IV
THE TASK-LEVEL PERFORMANCE OF S1X INSTRUCTION-TUNED LLMS IN
DIFFERENT SETTINGS OF ADAPTEVAL.

TRe ARe
Model Context pass@1-t (:)ass@S—l pass@1-t (:)ass@S—t
GPT40 NoCix 16.46 17.07 52.20 57.93
Oracle 20.73 23.17 59.15 63.20
NoCix 15.85 17.07 5476 5732
DeepSeek-V3 Oracle 19.39 20.12 57.31 60.37
Gominin.0 NoCix 1378 14.02 52.80 5437
Oracle 15.85 17.68 54.63 57.32
Llama33 NoCix 854 10.36 2927 3353
Oracle 8.54 12.80 34.15 43.29
NoCix 12.44 1341 1402 1878
Qwen2.5-Coder | /e 16.83 18.90 48.66 53.05
Codostral NoCix 11.58 12.19 7671 5122
Oracle 1451 17.07 50.98 54.88

Table IV shows the overall performance of six instruction-
tuned LLMs. We use bold text to highlight the best pass@1-t
and pass@5-t scores in each setting. Under the most informa-
tive setting (AReq & Oracle), we can observe that instruction-
tuned LLMs can solve 34.15% to 59.15% tasks in AdaptEval.
The closed-source GPT-40 achieves the best pass@1-t and
pass@5-t of 59.15% and 63.20%. The second-tier LLMs
include DeepSeek-V3 and Gemini-2.0, whose pass@1-t lag
behind GPT-40 by 3.11% and 7.64%. Llama-3.3 ranks last
among all LLMs, whose pass@1-t is 42.27% less than GPT-
40. We observe that code LLMs are inferior to the state-of-
the-art general LLMs across all settings. This suggests that the
instruction-following ability is more important in adaptation
and simply pre-training LLMs’ on code corpora does not
necessarily improve their performance.

Compared with task-level requirements (TReq), our
adaptation-level instructions (AReq) demonstrate a substantial
improvement, with an average increase of 34.84% in pass@1-t.
The relative growth of pass@1-t ranges from 185% to 299%.
It implies that LLMs still struggle to reason for a complete
adaptation solution from developer intentions only, but they
could benefit from clear and actionable adaptation instructions.
In the Oracle setting, most LLMs exhibit a 2% to 7% absolute
improvement compared to the NoCtx setting. It indicates that
retrieved context includes helpful information for adaptation.

Finding 1: Instruction-tuned LLMs can solve up to 59.15%
tasks in AdaptEval. Compared with task-level require-
ments, our annotated adaptation steps significantly improve
LLMs’ performance with a rise of 34.84% in pass@1-t.

B. RQ2: Adaptation-Level Performance

TABLE V
LLMS’ ADAPTATION-LEVEL PERFORMANCE ACROSS DIFFERENT TYPES.

Cat. Type GPT40  DS-V3  Gemini Llama Qwen 'i‘[’:f]
Encap (13) 8.0 8.0 8.0 4.0 74 8.0
Rnm_Func (70) 67.6 64.0 66.8 32.0 654 64.2
Upd_Type (11) 9.6 10.0 10.0 4.0 9.8 9.0

MS Ins_Param (13) 9.0 9.0 8.0 7.0 9.0 94
> Del_Param (5) 4.0 4.0 4.0 3.0 4.0 42
Upd_Param (16) 13.0 13.0 12.0 7.0 13.0 124

All Types (128) 111.2 108.0 108.8 57.0 108.6 1072
pass@1-a (%) 86.87 84.38 85.00 4453 84.84 83.75

Init_Var (3) 2.0 2.0 1.6 1.0 2.0 2.0

Repl_Var (11) 7.6 6.2 7.0 5.0 6.6 6.4
Upd_Const (13) 52 8.6 7.0 3.0 5.4 4.8
Conv_Type (23) 172 16.4 18.0 9.0 17.6 178

Ins_Call (22) 15.0 138 15.8 110 14.0 12.6

Del_Call (8) 6.0 5.0 6.0 3.0 6.0 72
Upd_Call (52) 28 28 320 20.0 28.0 254
Ins_Import (16) 7.2 52 6.0 1.0 4.4 3.2

e Ins_Return (5) 22 3.0 3.0 2.0 3.0 2.8
- Del_Return (1) 1.0 0.8 1.0 0.0 0.0 0.0
Upd_Return (8) 6.8 78 6.0 6.0 6.0 6.8
Ins_Cond (31) 192 20.4 216 13.0 18.0 19.6
Del_Cond (13) 102 8.2 9.0 6.0 9.0 8.4
Upd_Cond (9) 9.0 82 9.0 6.0 6.2 84
Handle_Ex (11) 4.2 4.0 4.0 3.0 4.2 4.0

Ins_Func (1) 1.0 1.0 1.0 0.0 1.0 1.0

Al Types (227) 146.6 143.4 148.0 89.0 1314 130.4
pass@1-a (%) 64.58 63.17 65.20 39.21 57.89 5744

Ins_Ann (52) 318 284 286 130 286 29.0
Upd_Ann (3) 1.0 1.0 1.0 0.0 1.0 2.0

Del_Ann (1) 1.0 1.0 0.0 0.0 04 1.0
Ins_Tmp_Var (9) 6.0 6.0 7.0 3.0 6.2 4.8
Del_Tmp_Var (3) 2.0 2.0 2.0 1.0 2.0 2.0
Rename_Param (24) 19.0 18.6 19.0 8.0 17.6 202
Rename_Var (20) 16.0 15.0 16.0 110 14.6 16.4
Upd_Api_Ref (25) 222 222 228 14.0 202 214

RE Ins_Ret_None (2) 2.0 2.0 2.0 1.0 2.0 2.0
Refact_Expr (17) 13.8 1438 12.0 8.0 112 108
Mov_Expr (1) 0.0 0.0 0.0 0.0 0.0 0.0
Del_Import (3) 0.8 1.6 0.4 1.0 1.8 2.0
Split_Line (2) 1.0 1.0 1.0 1.0 0.8 1.0
Inline_Func (1) 1.0 1.0 1.0 1.0 1.0 0.0
Expd_Func (3) 1.8 2.2 2.0 1.0 0.8 0.8
Mov_Func (2) 1.0 1.0 1.0 0.0 0.0 1.0

Al Types (168) 1204 117.8 115.8 63.0 1082 114.4
pass@1-a (%) 71.67 70.12 68.93 37.50 64.40 68.10

Al Categories (523) 3782 369.2 3726 209.0 3482 3522
pass@1-a (%) 7231 70.59 71.24 39.96 66.58 67.34

We further evaluate the adaptation-level performance of
LLMs across each type under the most informative setting,
i.e., AReq and Oracle, to explore LLMs’ current strengths
and limitations. The results are illustrated in Table V, which
is measured by pass@ 1-a. The darker color of the cell indicates
a higher score. The best performing GPT-40 can solve 72.31%
adaptations on AdaptEval, while the worst Llama-3.3 can
also achieve a pass@1-a about 40%. Taking GPT-40 as an
example, its pass@ 1-t in task-level evaluation is only 59.15%.
AdaptEval’s fine-grained tests can reflect LLMs’ performance
more specifically, despite their failures in the overall task.



Based on our adaptation taxonomy, AdaptEval allows the
evaluation of LLMs on different adaptation types. Specifically,
LLMs obtain higher pass@]1-a scores on Method Signature
than on Logic Customization, with a 20.31% gap on average.
We can observe that adaptations like function renaming are
well-handled, with over 90% of them are resolved by the top-
tier LLMs. Most Logic Customization adaptations have lower
resolution rates, e.g., exception handling. The results indicate
that LLMs excel at solving adaptations with straightforward
solutions, while for adaptations require complex understanding
and highly customized implementations, it is difficult for
LLMs to carry out solutions that fully meet developers’ needs.
Different LLMs have advantages in different adaptation types,
e.g., GPT-40, DeepSeek-V3, Gemini-2.0 and Codestral all
achieve the best performance in more than 15 types. Although
code LLMs perform comparably to general LLMs in Method
Signature and Refactoring, they are less effective in logical
adaptations. The possible reason may be their failures to fully
understand the natural language instructions.

Finding 2: Based on AdaptEval’s fine-grained evaluation,
we find that LLMs perform best on Method Signature and
worst on Logic Customization, with a gap of 20.31%, as the
latter requires complex understanding and implementation.

C. RQ3: Error Analysis

TABLE VI
THE ERROR DISTRIBUTION IN LLMS’ ADAPTATIONS.

Model Top Error Types

AssertionError ~ CompilationError NameError TypeError
GPT-40 226 (56.78%) 69 (17.34%) 35 ( 8.79%) 28 (7.04%)
DS-V3 223 (54.93%) 82 (20.20%) 48 (11.82%) 23 (5.67%)
Gemini-2.0 261 (59.59%) 79 (18.04%) 40 ( 9.13%) 35 (7.99%)
Llama-3.3 105 (18.42%) 410 (71.93%) 20 ( 3.51%) 10 (1.75%)
Qwen2.5 304 (59.49%) 80 (15.66%) 73 (14.29%) 24 (4.70%)
Codestral 256 (53.78%) 89 (18.70%) 68 (14.29%) 28 (5.88%)

[ Bad Case #1: AssertionError ] [ Bad Case #2: AssertionError ]

# Inst: Create a DataFrame to store stock prices and their # Inst: Add a new method "adapterLog" to handle

metric names with "metric_value" and "metric_name" logging for LoggerAdapter instances

def ingest(... GPT-40 def add_logging_level(... Llama-3.3

def adapterLog(... v)
def adapter_log(...
self log levelNum. msg. ‘args
kwargs

df - pd DataFrame
"metric_name": metric_names
etr, prices

1
1
1
1
1
1
1
1
1

tric_valu

"prices": prices

1

[ Bad Case #3: TypeError ]

# Inst: Add the flat argument to the Namespace creation to include all parsed arguments.
def parse_by_group(... GPT-40/DeepSeek-V3
return Namespace flat args
combined_args[“flat"] = Namespace
return Namespace ' combined_args

combined_args v

args_dict) # args_dict is a list )

Fig. 5. Representative examples of LLMs’ adaptation failures.

This section further analyzes the errors in LLMs’ adapta-
tions under the AReq and Oracle setting. Table VI shows their
error distributions. We identified 16 distinct types in total, but
only retain the most frequent ones for clarity.

AssertionError is the dominant reason of failed adaptations.
It indicates LLMs’ misunderstanding or misimplementation

of provided requirements. As shown in the first example of
Figure 5, GPT-40 wrongly used the variable name “prices”
rather than the required “metric_value” to create the dataframe.
In the second example, Llama-3.3 was instructed to add
a new “adapterLog” method but unexpectedly named it as
“adapt_log”. These failures highlight their reliance on the
pre-training knowledge, e.g., the snake case naming style,
rather than strictly following instructions. For Compilation-
Errors, the weakest LLM, Llama-3.3, often generates syntax-
incorrect adaptations, whereas stronger LLMs rarely do. Such
errors often arise during integration, such as incorrect method
name. The third most frequent type is NameError, caused
by undefined identifiers. We observe that code LLMs rise
more errors in this type. Combined with results in Table V
(Ins_Import and Del_Import), this suggests their failures to
include required libraries locally. TypeErrors arise from illegal
operands or inconsistent arguments with method signature. In
the last example, AdaptEval asked GPT-40 and DeepSeek-V3
to add a flat argument. However, they used a list rather than a
dict to create the “Namespace” object, leading to a TypeError.

Finding 3: The most prevalent error raised by LLMs is As-
sertionError, followed by CompilationError and NameEr-
ror. We observe that LLMs may still hold on to their pre-
training knowledge and violates our explicit instructions.

D. RQA4: Potentials of Reasoning LLMs

TABLE VII

THE ADAPTATION PERFORMANCE OF REASONING LLMS.

NoReq TReq AReq
Model p@lt p@la | p@lt p@la | p@lt p@la
DS-R1 19.51 32.50 20.12 21.99 59.76 76.10
Claude-3.7 15.85 31.93 23.78 23.52 60.98 72.85
QwQ 15.24 23.52 18.90 19.50 56.71 71.89
GPT-40 12.19 26.58 20.73 19.92 59.15 72.31
Qwen2.5 9.63 21.80 16.83 16.14 48.66 66.58

In this section, we investigate the potentials of reason-
ing LLMs on adaptation by conducting experiments in the
NoReq setting and examining their reasoning paths. Table VII
illustrates the adaptation performance of reasoning LLMs
on AdaptEval. Compared with the best general and code
LLMs, ie., GPT-40 and Qwen2.5-Coder, reasoning LLMs
achieve significantly higher accuracy in the NoReq setting,
with up to 102% higher pass@ 1-t. We also observe that LLMs
achieve higher pass@1l-a score under NoReq than TReq,
especially for DeepSeek-R1. It successfully solves 51 out of
114 Method Signature adaptations that TReq fails to handle.
However, in the 59 cases where TReq succeeds, 38 are Logic
Customization. Based on this, we further study the top types
of adaptations that correctly completed by reasoning LLMs.
As shown in Table VIII, they excel at Method Signature
adaptations, including updating method type or renaming. The
reason is that key information for these adaptations, e.g.,
usage or naming convention, is included in the context. An
example of a helpful reasoning path of DeepSeek-R1 for



adaptation is shown in Figure 6(a). However, for adaptations
like Logic Customization, reasoning LLMs cannot precisely
infer developers’ intents merely from the context, resulting in
their low accuracy. Our result highlights the effectiveness of
reasoning LLMs in finding implicit contextual cues rather than
speculating developers’ requirements.

Although reasoning LLMs in the NoReq setting approach
their performance in TReq, they still lag significantly behind
AReq. It underscores that while their reasoning capabilities
can partially bridge the gap in requirements, further advance-
ments are needed to fully align their reasoning process with
developers’ step-by-step adaptation strategies. It is also notable
that instruction-tuned LLMs like GPT-40 achieves comparable
performance with reasoning LLMs in AReq. This implies
that their reasoning capability offers less assistance than in
NoReq. To understand their limitations in following instruc-
tions, we analyze the failed cases by manually inspecting
their reasoning paths. We choose DeepSeek-R1 and GPT-40
for their best performance in the adaptation-level performance
(pass@1-a). Among 523 adaptations, DeepSeek-R1 failed to
perform 22 adaptations where the instruction-tuned GPT-40
succeeded. In 14 of them, DeepSeek-R1 expressed direct
doubts to developers’ instructions and refused to follow them.
As shown in Figure 6(b), DeepSeek-R1 failed to update the
return statement by claiming that “maybe the user made a
mistake” in its reasoning path. The remaining 8 cases include
similar harmful self-reflection of its own correct reasoning
instead of provided instructions. However, GPT-40 correctly
completed these adaptations by following the instructions
faithfully. The result highlights that the improved reasoning
ability makes LLMs more likely to reflect on their inputs and
hence may sometimes harm their instruction-following ability.
This also implies the importance of their further training on
the requirement-driven adaptation data.

TABLE VIII
Top TYPES OF ADAPTATIONS CORRECTLY COMPLETED BY REASONING
LLMS IN THE NoReq SETTING.

Model Method Signature Logic Customization Refactoring
Type p@l-a Type p@l-a Type p@l-a
Upd_Type (11) 81.82% Ins_Import (16) 43.75% Del_Import (3) 66.66%
DS-RI Encap (13) 61.54% Repl_Var (11) 36.36% Upd_Api_Ref (25) 64.00%
Rnm_Func (70) 60.00% Init_Var (3) 33.33% Del_Tmp_Var (3) 33.33%
Average 50.78% Average 2511% Average 2857%
Upd_Type (11) 90.91% Handle_Ex (11) 45.45% Upd_Api_Ref (25) 68.00%
Claude Rnm_Func (70) 62.86% Ins_Return (5) 40.00% Del_Import (3) 66.67%
Encap (13) 53.85% Ins_Import (16) 37.50% Ins_Ret_None (2) 50.00%
Average 51.56% Average 24.67% Average 24.40%
Upd_Type (11) 54.55% Handle_Ex (11) 45.45% Del_Import (3) 66.66%
QwQ Encap (13) 53.85% Ins_Return (5) 40.00% Upd_Api_Ref (25) 64.00%
Rnm_Func (70) 44.29% Init_Var (3) 33.33% Ins_Ret_None (2) 50.00%
Average 37.50% Average 18.06% Average 20.24%

Finding 4: Reasoning LLMs significantly outperform
instruction-tuned LLMs in adaptation when no require-
ments are provided. However, their reasoning process still
need more alignments to developers’ actual adaptations.

VI. DISCUSSION
A. Data Leakage Issue

As current LLMs may include various data sources includ-
ing GitHub in their training corpus, evaluating them on the

# Target Adaptation (NoReq)

def get_bearing(latl, lonl. lat2, lon2

def headingBetween(self, latl, lonl. lat2, lon2
def headingBetween self 1latl 1lonl 1lat2 1lon2
# Helpful Reasoning Path:

[® Membership] The existing class already has methods like ‘headingDiff ...

[® Naming Convention] Existing methods are named in camelCase ...

[® Usage] There's a call to ‘self.headingBetween' in ~setGLobalCoordinate’ method ...

DeepSeek-R1 (]

(a) Helpful Reasoning (NoReq)
# Target Adaptation (AReq): Return the positions and indices of the kept nodes.
def simplify_graph(G
return g
return g. kept_positions
return g kept_nodes

kept_indices
DeepSeek-R1 9
# Harmful Reasoning Path:

... The return statement would be like: ‘return g, List(g.nodes())" But the problem says
"positions and indices". Wait, maybe the user made a mistake and just wants the indices of ...

(b) Harmful Reasoning (AReq)

Fig. 6. Adaptation Examples of Reasoning LLMs.

def stack_size2a(size=2):
frame = sys._getframe(size)

def stack_size2a(var_0=2):
var_1 = sys._getframe(var_0)

for size in count(size): Obfuscate for var_0 in count(var_0):
frame = frame.f_back —_— var_1 = var_1.f_back
if not frame: if not var_1: V.
return size @ return var_o ‘<q
Reused Snippet Mutated Snippet

Deobfuscate

Output
V7] var e size

LLMs LLM-Adapted
Code

Test
B Test Suite

@I Obfuscate Input
—_—
size >
Reused Mutated LLM-Adapted
Code

Snippet Snippet

contains

Fig. 7. The mutation-based approach to detecting and mitigating data leakage.

leaked data may impact the effectiveness of benchmarks. It is
essential to measure the extent of data leakage of AdaptEval on
our selected LLMs and provide leakage mitigation approaches
for its future use. In our study, we adopt CDD [81] and a
mutation-based evaluation [82], [83] to detect data leakage.
Specifically, CDD assumes that LLMs with the data leakage
issue are more prone to generate outputs that resemble their
training data. Following their assumption, we check whether
the sampled outputs of our used LLMs are highly similar to the
possibly leaked data. Regarding the mutation-based approach,
it first modifies the original code input to LLMs before adap-
tation, i.e., renaming all the identifiers, and compare LLMs’
performance in adapting the mutated code with the original
one. If they use their memorization of the leaked data, their
performance on the unseen data, i.e., the mutated code, will
be degraded. Otherwise, the extent of performance decrease
should be low because they perform the task with the same
reasoning ability. Our implemented mutation-based approach
is depicted in Figure 7. The evaluation results of AdaptEval’s
data leakage issue are shown in Table IX. Compared to
the benchmarks suffered from data leakage, i.e., a 41.17%
Leak Ratio on HumanEval and a 52.27% on Defect4] (both
evaluated with GPT-3.5), AdaptEval only exhibits a leak ratio
of less than 2% and an up to 7.36% degradation in the pass@1
score, suggesting a low risk of data leakage on all LLMs used.
Besides, our mutation-based approach could also mitigate the
data leakage risk in future evaluation. Even if the ground truth



TABLE IX
THE EXTENT OF DATA LEAKAGE IN ADAPTEVAL.

Model Leak Ratio (%) APass@1-t APass@1-a
GPT-40 1.22 -2.45 (-4.14%) -2.14 (-2.96%)
DeepSeek-V3 1.22 -3.04 (-5.30%) -2.71 (-3.84%)
Gemini-2.0 1.22 -4.02 (-7.36%) -4.51 (-6.33%)
Llama-3.3 0.61 -1.83 (-5.36%) -1.53 (-3.83%)
Qwen2.5-Coder 0.61 -1.71 (-3.51%) -1.76 (-2.64%)
Codestral 0.61 -2.20 (-4.32%) -0.99 (-1.47%)
DeepSeek-R1 1.22 -0.62 (-1.04%) -2.10 (-2.76%)
Claude-3.7 1.22 -0.61 (-1.00%) -0.57 (-0.78%)
QwQ-32B 1.22 +0.61 (+1.08%)  -2.10 (-2.92%)

code is learned by LLMs, we can use the mutated code to
conduct evaluation on AdaptEval.

B. Implications

We pose a new benchmark to advance research and
practice in code snippet reuse. While code snippet reuse is
ubiquitous in development, the adaptation process remains a
significant bottleneck. Unlike existing code generation bench-
marks, AdaptEval provides a focused evaluation framework for
assessing LLMs’ adaptations ability. It opens new directions
to improve LLMs for reuse-specific tasks and calls for tools
to streamline adaptation and reduce human efforts.

LLMSs’ pre-training knowledge may hinders their abil-
ity to understand and adhere to user instructions. The
adaptation-level annotations in AdaptEval enable a fine-
grained analysis of LLMs’ instruction following ability. Our
findings show that although LLMs significantly benefit from
specific and actionable guidance, they may still fail to follow
the explicit instructions. This suggests LLMs’ weakness in
handling the conflict between their internal pre-training knowl-
edge and external instructions. For researchers, our study high-
lights the need to investigate methods for better coordination
between LLMs’ instruction following abilities and pre-training
knowledge to enhance their performance.

More task-specific and context-aware techniques are
expected to facilitate the resolution of the adaptation task.
Though being prompted with specific instructions, current
LLMs may still struggle with complex adaptations, e.g., Logic
Customization) due to their lack of pre-existing knowledge,
accurate reasoning and context understanding. To this end,
future studies could consider specialized training on sub-tasks
such as dependency handling, or retrieval-augmented tech-
niques to utilize associated contextual information, including
SO discussions and development context.

VII. THREATS TO VALIDITY

Threats in data collection. AdaptEval only includes the
scenario of adapting code snippets from Stack Overflow. Our
evaluation results may not be generalized to other adaptation
scenarios, as well as future software development process as
LLMs become better at code generation. Although our SO post
filtration considers the data coverage, it may miss valuable
adaptations on posts with negative scores, e.g., corrective
changes to address quality issues. To filter spurious code
reuse, we combine link identification with clone detection

techniques. However, this may ignore cases without references
or with substantial adaptations. Threats in data annotation.
Human annotation of adaptation types and descriptions may
introduce subjective bias. To alleviate this issue, we employ
a rigorous annotation process by referring the actual commit
history and ensuring final annotations are approved by all
annotators. Threats in benchmark scale. Another potential
threat is the benchmark scale. Considering data leakage and
the authenticity of code reuse, we try our best to include
all available cases that satisfy our criteria. However, we only
focus on adaptations in a single programming language and
under several controlled scenarios. Our findings may not
generalize to adaptations in other languages and scenarios.
Hence, we plan to extend our benchmark to support multiple
languages and more scenarios in the future work. Threats
in evaluation. The manual creation of prompts and tests may
bias our evaluation results. To mitigate this, we follow the best
practices [84] for prompt design. For test cases, we conduct
a rigorous checking process and plan to release them to the
community for validation. The adaptation-level evaluation are
only conducted in the ideal setting for investigation current
LLMs’ boundaries, while our conclusion may not be held in
other scenarios. Though we adopt a data leakage mitigation
strategy for AdaptEval, there will still be chance that LLMs
learn our benchmark in the future. We will continue to
maintain and update our benchmark for the community.

VIII. CONCLUSION

This paper proposes AdaptEval benchmark to evaluate
LLMs’ capabilities in code snippet adaptation. It is equipped
with practical context, multi-granular annotations and fine-
grained evaluation. Based on AdaptEval, we conduct an empir-
ical study on six instruction-tuned LLMs and especially three
reasoning LL.Ms. Results demonstrate that LLMs perform bet-
ter with actionable instructions than task-level intentions. They
achieve lower performance in adaptations that require complex
understanding or implementation. For reasoning LLMs, they
excel at inferring implicit contextual cues but their reasoning
process still deviates from developers’ actual adaptation strate-
gies. Our benchmark supports further exploration of applying
LLMs in code reuse and adaptation tasks.
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