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Abstract

Fork-based software ecosystems enable independent evolution, but
fragment the quality assurance efforts. Although tests developed
in one fork are often relevant to others, direct reuse is rare and can
be difficult, due to API drift, refactorings, dependency evolution, or
other changes. Prior work has shown that many tests are potentially
reusable across forks, yet adapting them remains a largely manual
task. This paper explores LLM-assisted test case adaptation as a
new direction for automating test propagation in fork ecosystems.
We propose a compiler-aware, iterative adaptation technique that
integrates tests from one fork into another and leverages LLMs
to repair incompatibilities revealed by build failures. We report
empirical results on Java fork pairs, showing that LLM guidance
can successfully adapt tests in 80% of cases where direct reuse fails
due to modifications required to the test code itself. We outline
research directions toward effective and scalable test propagation.

CCS Concepts

« Software and its engineering — Reusability; Software test-
ing and debugging.
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1 Introduction

Forking is a commonly used in modern software development to
experiment with new ideas or customize software to meet varying
requirements for specific market segments or environments [10, 32].
Large platforms such as GitHub host extensive ecosystems of forks
that share a common ancestry, but diverge independently over
time [8, 43]. While code reuse across forks is common, test cases are
rarely propagated, even when they exercise relevant and overlap-
ping functionality. Empirical studies on fork ecosystems show that
reuse across divergent forks is infrequent and often handled in ad
hoc ways, increasing maintenance costs and quality risks 7, 8, 35].
Moreover, integration conflicts during merging [15, 17, 19, 33] and
reuse are further correlated with post-merge defects, underscoring
the importance of robust validation assets, such as tests [6].

Bug-fix propagation between forks [2, 12, 13, 20, 24, 27-31, 37]
or their integration into configurable platforms (a.k.a. software
product lines [1, 4]) are active research areas. While these could
address the issues in the first place, the former needs awareness of
bugs, and the latter aim at a different goal [3] and would require a
central organization to integrate changes. Instead, we advocate for
better testing to improve the software quality of fork ecosystems
and detect bugs early. In fact, recent work [22, 23] demonstrated
that a substantial fraction of tests in fork ecosystems are reusable
in principle, but require manual adaptation due to refactorings, API
drift, and structural divergence, among other changes. Automating
this adaptation step remains an open challenge.

Meanwhile, large language models (LLMs) have demonstrated
promising capabilities in code transformation, refactoring, and au-
tomated repair, even for unit tests within single repositories [18,
25, 26, 36]. This raises the question: To what extent can large lan-
guage models assist in automatically adapting test cases across forked
projects? In fact, automated adaptation remains largely unexplored.
We argue that LLMs enable a new, compiler-grounded design space
for this problem, and propose an iterative, diagnostic-driven adap-
tation workflow, supported by early empirical evidence on 12 Java
test cases from 9 fork ecosystems, along with an explicit discussion
of limitations in soundness, cost, and semantic drift.

Our results show that test-case adaptation can be treated as an it-
erative process, where compiler errors guide large language models
to make small, targeted fixes until the test compiles.
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2 Background and Motivation

Test-Case Reuse in Fork Ecosystems. Fork ecosystems consist
of projects that originate from a common codebase, but evolve in-
dependently over time. While forking facilitates experimentation
and customization, it also leads to divergence in both function-
ality and quality assurance artifacts. Empirical studies show that
changes—such as bug fixes or new test cases—are only sporadi-
cally propagated across forks [35], resulting in redundant effort and
inconsistent quality [6—8]. Potentially, integrating forks into one
codebase could address this issue. The field of software variabil-
ity management (a.k.a. software product line engineering [1, 4])
has contributed methods to create and manage such codebases.
However, fork ecosystems have different goals—such as isolated de-
velopment, quick code reuse, or encouraging new contributions [3],
with only sporadic integrations of changes across forks [35].

We conducted the first large-scale empirical study explicitly tar-
geting test-case reuse in fork ecosystems [23]. Analyzing 305 GitHub
fork ecosystems comprising 1,089 Java projects, they found that
nearly half (48 %) of all test cases added during fork evolution were
missing in at least one sibling project. For a substantial subset of
these missing test cases, the corresponding units under test (UUTs)
still existed in other forks—74% of them were type 1 or 2 clones—
indicating significant unrealized potential for test-case propagation.
Specifically, by manual inspection and transplantation of test cases,
they identified three categories of applicability: (i) test cases that
are applicable as-is, (ii) test cases that require modifications to the
test code (WMTC), and (iii) test cases that require modifications
to the unit under test (WMUUT). While the first category enables
straightforward reuse, the latter two account for the majority of
unrealized reuse opportunities.

Limitations of Manual and Static Adaptation. We further show-
ed [23] that deciding test-case applicability and performing the
necessary adaptations is cognitively demanding and difficult to au-
tomate. Even when UUTs exhibit high syntactic similarity, subtle dif-
ferences in dataflow, context, or behavior often require non-trivial
reasoning about intent and semantics. Their manual transplanta-
tion study revealed that static similarity metrics and conservative
dataflow analyses are insufficient to reliably determine whether
and how a test can be adapted.

Existing automated techniques [11, 16, 21, 42] for test reuse and
adaptation typically rely on static analysis, clone detection, rule-
based refactoring, or traditional machine learning. While such tech-
niques work well for simple cases—such as type 1 or type 2 clones—
they break down when confronted with co-evolution, API drift,
dependency changes, or contextual shifts that are common in long-
lived forks. As a result, test-case adaptation across forks remains
largely a manual activity, limiting scalability and adoption.
Opportunities Enabled by LLMs. Prior work demonstrates that
LLMs can support complex software maintenance tasks, including
refactoring and structural code transformation [18, 34]. In adjacent
areas of integration, learning-based techniques, such as MergeBERT
and MergeGen, have shown that pretrained models can reconcile
code differences and assist in resolving semantic merge conflicts
beyond purely syntactic techniques [9, 36, 40]. Structured merge
tools, such as Spork, further highlight the difficulty of handling
moves and renames with static techniques alone [14].

1392

Mukelabai Mukelabai, Keanu-Wesley Schurkus, Yannic Noller, and Thorsten Berger

O Compile Insert Test
Target case

Compile
Target

success

fail

LLM-Based
Adaptation

Get Compiler
Diagnostics

Figure 1: Compiler-aware LLM-assisted test adaptation

Recent work on LLM-based test repair provides strong evidence
that LLMs can adapt tests in response to code evolution. UTFix [26],
for example, demonstrates that LLMs can repair broken unit tests
caused by API changes or behavioral drift, outperforming tradi-
tional rule-based approaches in complex scenarios. Complementary
agentic approaches show that LLMs can autonomously prepare
build environments and execute tests across previously unseen
projects, bridging the gap between adaptation and execution [5].

While recent work [5, 26, 38, 39, 41] applies LLMs to generate

or repair tests under code evolution and to automate project-level
test execution, it does not address the distinct problem of adapting
and reusing existing tests across divergent forks—where portability is
constrained by cross-project API drift, refactorings, and ecosystem-
specific context [23].
The Need for LLM-Assisted Test Adaptation. These insights
motivate the use of LLMs for test-case adaptation in fork ecosys-
tems. Unlike static techniques, LLMs can reason over compiler
diagnostics, test code, and evolving implementation context, which
potentially helps address the two main problematic scenarios of
test-case applicability identified above: those applicable with mod-
ification to the test case (wmTc) and with modification to units
under test (WMUUT). Our idea is to use LLMs as a mechanism to
operationalize test adaptation as an interactive, diagnostic-driven pro-
cess. In this paper, we explore this idea by investigating the extent
to which LLMs can effectively assist developers in adapting test
cases across forks when guided by concrete build feedback.

3 LLM-Assisted Adaptation

Our technique performs test-case adaptation as a compiler-guided,
iterative repair process. Given a source test and a target fork that
contains a (possibly diverged) UUT, we (i) validate that the target
project builds in isolation, (ii) transplant the test into the target
while preserving its package structure, and (iii) repeatedly compile
the project and use build diagnostics to drive LLM-based edits until
the test becomes compilable, or an attempt budget is exhausted.
We realized this technique in a Python-based prototype targeting
Java projects. The prototype performs the pre-build validation, test
insertion, iterative build-driven adaptation, and metrics collection,
while interfacing with Maven-based builds and an LLM (Gemini
Flash 2.5 in our evaluation). Figure 1 illustrates our workflow.
Design Goals. Our technique is guided by three goals: (i) grounding
each adaptation step in concrete compiler feedback to drive mini-
mal, diagnostic-informed changes, (ii) enforcing a conservative edit
scope that restricts modifications to test code (and tightly guarded
build-configuration fixes) to preserve production safety, and (iii)
ensuring reproducible, cost-aware behavior through a bounded
number of adaptation attempts with attempt-level diagnostics.
Pre-build Validation. Algorithm 1 describes the pre-build and test
insertion stage. This takes as input the source test code T (obtained
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Algorithm 1 Pre-build Validation and Test Insertion Workflow

Algorithm 2 Iterative Build—Adaptation Loop

Require: source test code T, source test path ps, target root R,
UUT relpath u, max attempts N

: bs < DETECTBUILDSYSTEM(R)
: (c,out, err) < BUILD(R, bs)
: if ¢ # 0 then
if ConrFIGFIXALLOWED() then

P « ConstrucTPOMFIXPROMPT (err, pom. xml)

X « QuERYLLM(P)

if EXTRACTXML(X) then

AppryPaTcH(pom. xml, X)
(¢, out, err) « BUILD(R, bs)

end if
end if
if ¢ # 0 then

return RECORDPREBUILDFAIL()
end if
: end if
: t « INSERTTEST(T, ps, R)
. success < ADAPTATIONLOOP(t, R, u, bs, N)
. if —success and CLEANUPONFAILURE() then
RESTOREORREMOVEINSERTEDTEST(¢)
. end if

from the source fork), the source test path ps (used to derive the
package insertion location), the target project root R, the relative
path to the target UUT u, and the attempt budget N.
Pre-build validation. Lines 1-14 in Algorithm 1 ensure that the target
repository is in a buildable state before introducing the source test.
We first detect the build system. Note that our current imple-
mentation only supports Maven, while our general technique can
be applied to other systems, such as Gradle. Thereafter, we invoke a
clean compilation (e.g., mvn clean test-compile -DskipTests).
If the build fails for configuration reasons, the technique can
optionally attempt a minimal build-file fix via the LLM (Lines 4-
10). In Maven, build configuration files are represented in XML
(pom. xml). Importantly, such fixes are guarded: a patch is applied
only if it parses as XML, contains a single plugin/property change,
and round-trips through an XML validator. If the target still fails
after this phase, we record a pre-build failure and stop, avoiding
confounding later errors with an already broken target project.
Test insertion. If the target passes the pre-build gate, we insert the
source test (Line 16). The insertion is package-preserving: the de-
clared package statement determines the destination under src/
test/java/.. .1 we do not overwrite existing files unless explic-
itly necessary, and ensure that the resulting path is within the
repository root to avoid path traversal from malformed packages.
Delegation to the adaptation loop. Finally, we invoke the iterative
build-adaptation loop (Line 17). On persistent failure, the inserted
test can be removed or restored depending on cleanup policy (Lines
18-20), and the run is finalized by persisting metrics (Line 21).

> expects Maven

N AR A R~

S S
IS A R A L S

Iterative Build-Adaptation Loop. Algorithm 2 is the core of our
technique. It repeatedly compiles the modified target project and
uses compiler diagnostics to guide LLM-based edits to the test case.
Step 1: Compile and check outcome. At each attempt i, the technique
compiles the target project (Line 3). If compilation succeeds, we
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Require: test file t, target root R, UUT relpath u, build system bs,
max attempts N
1: C < READFILE(¢)
2 fori=1to N do

3 (¢, out, err) < BUILD(R, bs)

4 if ¢ = 0 then

5 RECORDATTEMPT(, success = true); return true
6: end if

7: E < PARSEERRORs(out or err, bs)

8: U < READFILE(R||u)

9 P « ConsTRUCTADAPTPROMPT(C, E, U)

10: C e QUERYLLM(P); C’ « ExTracT]AVA(C)
1t: if C’ = NonE then

12: RECORDATTEMPT (i, success = false); break
13: end if

14: WRITEFILE(f,C"); C «— C’

15: RECORDATTEMPT(i, success = false)
16: end for
17: return false

record success and terminate (Line 4-5). We intentionally use com-
pilation as the primary gate to (i) reduce flakiness from executing
tests across heterogeneous environments and (ii) focus the tech-
nique on structural adaptation (imports, signatures, framework/API
drift) that is a prerequisite for any further validation.

Step 2: Parse and structure diagnostics. If compilation fails, we parse
diagnostics (Line 7). The parser extracts relevant build output that
directly explains why compilation failed and where, focusing on
errors that are likely in scenarios where the forked source code
diverged: unresolved symbols, missing imports, incompatible types,
changed method signatures, and package/class moves. This com-
piler output serves as input for the LLM.

Step 3: Assemble prompt context. The technique reads (i) the current
test code C (Line 1; updated after each successful extraction) and
(ii) the target UUT file U (Line 8). Because our focus is test case
adaptation, we assume the target UUT has already been identified
(e.g., via clone detection and AST differencing as in Mukelabai et
al.,[23]). This keeps the prompt context small and relevant to the
observed failures.

Step 4: Constrained LLM query. We construct a prompt P that in-
cludes four blocks: (a) a concise instruction framing the task as
adapting the test rather than re-implementing it, (b) the failing
test code C, (c) the UUT excerpt U, and (d) a truncated build log
containing the most relevant error lines. The model is required
to return exactly one complete Java class in a machine-parsable
format, which enables robust extraction and prevents multi-file
patches or interleaved narrative text.

Step 5: Validate and apply patch. After querying the LLM (Line 10),
we attempt to extract a single class (Line 10). If extraction fails (e.g.,
due to multiple classes returned, or otherwise unparsable output),
we record the attempt and break (Lines 11-12), preserving the cur-
rent test for analysis. Otherwise, we overwrite the test file with the
extracted revision C’ (Line 14), update the in-memory code C, and
proceed to the next compilation attempt.
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Table 1: Adaptation outcomes across 120 experimental runs
(10 repetitions per task)

Category Tasks Runs Successes Rate Attempts Time
WMTC 8 80 63 78.8% 2.62 85s

WMUUT 4 40 33 82.5% 2.15 618s
Total 12 120 96 80.0% 2.46 262s

Stopping conditions and bounded cost. The loop stops on first suc-
cessful compilation or after N attempts. This bounded budget is
intentional: in pilot runs we observed diminishing returns after a
small number of iterations, while additional attempts increase time
and cost and may encourage drifting away from the original intent.

4 Evaluation

Dataset and Setup. We evaluated our technique on the dataset
of fork pairs manually transplanted by Mukelabai et al. [23]. From
the original set, we excluded three test cases that were applicable
as-is, leaving 12 adaptation tasks (from 9 unique ecosystems) that
required manual intervention in the baseline study. Of these, eight
required modifications to the test case only (WMTC), while four
required modifications to the unit under test (WMUUT).

Recall that the prototype targets Java/Maven projects and uses
Google Gemini 2.5 flash as the LLM with fixed parameters across all
runs, chosen to balance latency, cost, and stability. Each task was al-
lowed a maximum of three adaptation attempts per run. To account
for LLM non-determinism, we executed the adaptation workflow
ten times per task, resulting in a total of 120 experimental runs.
Design Constraints. To ensure reliable and analyzable behavior
across diverse fork pairs, we constrained the design of our prototype
as follows: (i) we restricted execution to Maven projects and fixed
the Java toolchain to a stable JDK version (JDK 8) to reduce environ-
mental confounds; (i) we used a conservative edit policy, which lim-
its modifications to src/test and, optionally, a minimal pre-build
pom. xml patch, preventing silent changes to production code; (iii)
we only accepted responses with a single “‘ java fenced class with
package consistency and ASCII-only output to avoid malformed or
ambiguous patches; and (iv) generated compiler diagnostics for each
attempt, recording error categories, response length, and timing to
support post-hoc analysis and future cost-aware optimization.

Results. Table 1 summarizes the aggregated outcomes across all
runs. A run is considered successful if the adapted test compiles in
the target project within the attempt budget. Overall, we achieved
successful compilation in 96 out of 120 runs (80.0%). Since the
approach is restricted to modifying test code only, we are primarily
interested in the WMTC category, while WMUUT cases provide
insight into the behavior of the technique under strict constraints.
WMTC: Test-Code Adaptation. The WMTC category represents sce-
narios where manual reuse was achieved by refactoring the test
code without modifying production code. Here, our technique suc-
ceeded in 7 of 8 tasks. Four tasks achieved 100% success across all ten
runs, one achieved 90%, two achieved 70%, and one failed in all runs.

Successful cases typically involved API renames, package reloca-
tions, assertion refactoring, or test framework migration (e.g., JUnit
4 to JUnit 5). These patterns align closely with refactoring tasks
previously shown to be within the capabilities of LLMs. The single
complete failure involved deep structural divergence in third-party

1394

Mukelabai Mukelabai, Keanu-Wesley Schurkus, Yannic Noller, and Thorsten Berger

dependencies; the LLM repeatedly attempted to import non-existent
classes, exhausting the attempt budget without converging.
WMUUT: Adaptation under UUT-Code Immutability. In the WMUUT
category, the manual baseline achieved reuse by modifying the unit
under test. Our technique, however, is restricted to test-code modi-
fications. Despite this constraint, it achieved a success rate of 82.5%.
Inspection of successful cases reveals a consistent strategy shift:
instead of adapting the UUT to satisfy the test, the LLM adapted
the test to tolerate the UUT by mocking missing dependencies,
removing or weakening assertions, or reducing test scope. While
these adaptations achieved compilability, they do not necessarily
preserve the semantic intent or coverage of the original test.

These tasks were also substantially more expensive. For instance,
one pair from the ecosystem called the shiro-redis pair averaged over
2,000 seconds per run, reflecting repeated compilation cycles over
complex dependency conflicts that a human developer resolved
directly by modifying the UUT or build configuration.

Comparison to the Manual Baseline. Our comparison highlights
the following strengths and limitations.
Scope of Repair. The manual baseline operates at whole-repository
scope, allowing changes to both src/main and src/test. Our ap-
proach intentionally restricts modifications to src/test, priori-
tizing production safety. This asymmetry enables automation but
forces alternative solutions in WMUUT cases.
Consistency vs. Stochasticity. Manual adaptations are determinis-
tic once identified. In contrast, the LLM-based approach exhibits
stochastic outcomes: for instance, in one project, occasional hallu-
cinated imports led to unrecoverable states in a subset of runs.
Efficiency Profile. For bounded divergences (WMTC), the technique
is efficient, often converging in under one minute. For deep diver-
gences, automation is substantially less efficient, consuming signif-
icant time and computation to reach outcomes that a human devel-
oper might quickly classify as requiring production-code changes.
Our results demonstrate that LLM-assisted adaptation can repli-
cate a large fraction of human test refactoring behavior in fork
ecosystems, while also exposing clear boundaries where semantic
divergence or architectural constraints limit automation.

5 Conclusion

We presented an exploration of LLM-assisted test case adaptation
in fork ecosystems. Our compiler-aware adaptation loop demon-
strates that LLM guidance can automate substantial portions of test
adaptation work previously requiring manual effort.

Our results open several research directions. While we use com-
pilability as an initial criteria to study feasibility, future work can
integrate execution-based validation (e.g., differential testing, meta-
morphic relations, or lightweight oracles) to assess whether adapted
tests preserve their semantics, potentially enabling verifier-in-the-
loop adaptation. The current adaptation loop relies on compiler di-
agnostics, test code, and localized UUT context. Augmentation with
structured project knowledge (e.g., symbol indexes, call graphs, de-
pendency manifests, or refactoring histories) may improve adapta-
tion. Future test-case propagation and adaptation techniques could
move beyond a single-model design to orchestrated or agentic work-
flows that separate build repair, test refactoring, and semantic vali-
dation, and evaluate scalability across languages and build systems.
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