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Abstract

Dependency upgrades often require coordinated edits in application or test code,
yet mainstream automation tools update only build manifests and leave code
adaptation to developers. This paper evaluates whether these co-changes can be
learned for JUnit upgrades in Maven-based Java projects. From 2,223 upgrade
commits mined from GitHub, we derive a snippet-level dataset of 8,735 input-
output pairs, each combining an XML dependency block, a Java test fragment,
and a natural-language instruction. A four-part empirical analysis shows that
most JUnit 3.x/4.x upgrades are conservative: 78.8% of method-level pairs change
less than 8% of characters (median normalised Levenshtein distance 0.02), and
magnitude varies little across release types (mean edit distances 0.466-0.486;
Kruskal-Wallis p = 0.026). Snippet decomposition, modality markers, and near-
duplicate filtering yield a copy rate of 0.71 within a 512-token budget. A fine-
tuned CodeT5 model attains EM-Java 38.5% and CodeBLEU 0.854 on held-out
snippets, outperforming a manifest-only baseline (0% and 0.502), with the largest
gains on substantial edits (+0.528 CodeBLEU). Under our build environment,
model-generated patches compile and pass tests in all 37 evaluable cases (5 of 21
repositories); manifest-only bumps fail in 50% of control cases. The dataset and
evaluation framework are publicly released.

Keywords: dependency management, JUnit, test-code co-evolution, code generation,
Maven, software maintenance



1 Introduction

Modern software systems rely heavily on third-party libraries and frameworks that
are typically called dependencies. In ecosystems like Maven, packages are connected
by dense dependency networks in which the use of outdated versions, often described
as technical lag, is associated with increased exposure to known vulnerabilities, incom-
patibilities, and maintenance overheads [1-3]. For this reason, updating dependencies
is not an occasional improvement but a recurrent maintenance obligation in order
to reduce security and reliability risks and to keep systems evolvable. Neverthe-
less, performing an update is rarely a simple version bump: maintainers often need
ecosystem-specific knowledge to interpret release notes and breaking changes, resolve
dependency conflicts, and adapt client code and tests accordingly; upgrades can be
disruptive, time-consuming, and risky. Prior work across package managers shows that
many projects lag behind the latest available releases and that this lag can persist for
long periods even when updates are available [2, 3]. Consequently, there is a growing
need for tools and techniques that reduce the manual effort of keeping dependencies
current.

Numerous automated dependency-management tools have been developed so as to
address this gap. In the Java/Maven ecosystem, the Versions Maven Plugin can list
and apply available updates to dependencies by analyzing the pom.xml files. At the
platform level, hosted services such as GitHub Dependabot and Renovate automati-
cally open pull requests that bump manifest entries to newer versions, with a particular
focus on security-related updates [4-6]. Evidence indicates that these tools can make
it easier to notice and apply updates, thereby reducing the tendency for projects to
fall behind [3, 5, 6]. However, all of these tools operate exclusively on the dependency
manifest; that is to say, they propose version bumps but leave any required adaptation
of application and test code entirely to the developer.

Despite the widespread use of automated dependency checkers (Dependabot, Ren-
ovate, Maven Enforcer), updates to test frameworks like JUnit are a particularly
challenging case: they often still break projects because they require API-level code
changes that manifest-only tools cannot anticipate. When an update fails to com-
pile or alters observable behavior, developers must manually adjust both application
and test code to match the new library version. Prior work on library migration and
API evolution has produced techniques for migration mining and patch generation,
although these largely target production code [7-12]. Migrations in test code, in par-
ticular framework upgrades, remain underexplored despite their high frequency and
practical relevance. Test code often constitutes a substantial portion of a project’s
codebase and serves as the primary safety net during software evolution [13]; nonethe-
less, it is rarely the target of migration techniques. When dependency updates break
tests, developers must choose between costly manual repairs or deferred upgrades that
accumulate technical lag [2, 3], and current tools provide almost no direct support for
updating tests apart from reporting failures. Since each of these upgrades leaves a co-
evolution trace in version control, the accumulated history across projects constitutes,
in principle, a reusable source of evolution knowledge—one that could be learned so
as to assist future upgrades automatically.



In order to address this gap, this paper examines updates to the JUnit testing
framework in Maven-based Java projects and how these updates affect both configura-
tion and test code. JUnit is a de facto standard for unit testing in the Java ecosystem;
in fact, it appears as a dependency in the majority of Maven-based projects, which
makes it an ideal subject for studying test-code co-evolution at scale. Our primary
goal is to understand how JUnit dependencies actually evolve in practice and to pro-
vide a reusable dataset that captures these co-changes. As a secondary goal, we assess
whether a specialized, JUnit-aware model can leverage this dataset to generate real-
istic dependency-update patches. More specifically, we study (i) the extent to which
generated patches resemble developer-written edits, (ii) how update effort varies across
different kinds of JUnit releases, and (iii) how dataset construction choices influence
the learnability of these updates. We organise our study around the following research
questions:

RQ1. To what extent can the model reproduce developer-written dependency-
update patches for JUnit?

RQ2. To what extent does update magnitude differ across patch, minor, and other
JUnit releases?

RQ3. How do preprocessing and dataset design influence the learnability of JUnit
dependency updates?

RQ4. How does the proposed approach relate to existing dependency-update tools
and workflows?

To answer these questions, we combine lexical similarity metrics (ROUGE, BLEU,
normalised Levenshtein distance) with structure-aware CodeBLEU estimates [14] for
RQ1; empirical characterisation of update behaviour across release types for RQ2;
corpus-level analysis of preprocessing effects for RQ3; and a baseline comparison
against manifest-only updaters together with functional validation via a Build and
Test Pass Rate (BTR) pipeline over 172 cases from 21 repositories for RQ4.

Overall, this paper makes four contributions:

1. An empirical characterisation of 2,223 JUnit update commits showing that most

updates are conservative;

2. A snippet-level dataset of 8,735 input—output pairs for JUnit-oriented update
generation;

3. A comparative evaluation of CodeT5-base and CodeT5+ for dependency-
update patch generation, showing that context window size is a critical factor
for functional correctness; and

4. A positioning of model-based generation within existing dependency-
management workflows, including conditional functional validation via BTR on
5 evaluable repositories (out of 21 sampled). A replication package containing
data, scripts, and configurations accompanies this paper.

By focusing on a concrete and widely used testing framework, this work contributes
empirical evidence and artifacts to the emerging intersection of automated dependency
management and code generation models. It illustrates how historical co-evolution of
configuration and tests can be leveraged to train specialised models that assist devel-
opers with low-disruption updates, and in addition it highlights both the opportunities
and boundaries of such approaches in the context of JUnit 4.x and Maven.



2 Related Work

Third—party libraries are now the backbone of modern software development; yet,
keeping them up-to-date remains difficult in practice. Several empirical studies have
mapped this landscape across ecosystems and document both persistent technical
lag and uneven adoption of versioning discipline. Kula et al. analyzed 4,600 GitHub
projects and 2,700 libraries and reported that 81.5% of systems retain outdated depen-
dencies even when vulnerabilities are disclosed, in many cases due to awareness gaps
and perceived effort [15]. Furthermore, Dietrich et al. measured versioning practices
across 17 package managers and over 70 million dependencies; their results reveal lim-
ited, ecosystem-specific uptake of semantic versioning as well as substantial tension
between strict and flexible version constraints [16]. Both studies point to the same con-
clusion: organizations depend heavily on external packages, but systematic updating is
far from routine. More recent ecosystem studies in specialized domains (e.g., machine
learning stacks) reinforce this observation and highlight additional challenges such as
frequent transitive dependencies and compatibility fragility [17, 18]. In short, the evi-
dence identifies a dual challenge: (i) how to determine when an update is necessary
and (ii) how to execute it without breaking builds or tests.

In order to reduce manual effort, platforms have adopted update bots (e.g.,
Dependabot, Renovate) that create pull requests (PRs) to bump versions. He et al.
conduct an exploratory study of Dependabot’s impact and developer reception: after
adoption, projects reduce technical lag and are often receptive to PRs; however,
developers also throttle notifications and report missing compatibility signals, with
a non-trivial fraction abandoning the bot [6]. Hejderup and Gousios, on the other
hand, investigate the degree to which tests actually exercise dependency API calls in
521 well-tested Java projects; they find coverage of only 58% of direct and 21% of
transitive calls. On the basis of these results, they argue that automation that relies
solely on tests can miss subtle conflicts [19]. The implication is pragmatic: a passing
CI run after a bot PR is not a reliable proof of functional compatibility, especially for
transitive changes or behavior drift that tests do not capture.

Surveys highlight how third-party libraries introduce vulnerabilities and, in some
cases, malicious payloads [20]. For instance, Ohm et al’s “Backstabber’s Knife
Collection” catalogues 174 real-world malicious packages across npm, PyPI, and
RubyGems and outlines common attack techniques; they show how ecosystem prac-
tices enable injection vectors throughout the dependency tree [21]. Ladisa et al., in
turn, systematize install-time and run-time exploit strategies available to attackers
via package manager features and offer defensive recommendations for consumers of
dependencies [22]. In parallel, recent work on Software Bill of Materials (SBOMs)
underscores both the promise and the variability of tooling used to enumerate and scan
dependencies variability that can materially change vulnerability assessments [23, 24].

Empirical works observe that updates often require synchronized edits (e.g.,
migrating APIs or adapting tests) rather than version bumps alone [15, 16]. Apart
from bots, the program-analysis community provides building blocks for automated
transformations: AST differencing (e.g., GumTree) supports fine-grained change anal-
ysis [25]; Spoon, moreover, offers a robust Java transformation framework suitable for



programmatic refactorings and migrations [26]. RefactoringMiner, in addition, con-
tributes high-precision refactoring detection and commit-level AST diffs, which enables
mining of consistent change patterns that link configuration edits to code edits.
Large pre-trained models for code have advanced rapidly and now support trans-
formation tasks beyond natural-language code synthesis. CodeBERT (encoder-only)
learns bimodal NL-PL representations and, as a result, improves retrieval and under-
standing tasks [27]. PLBART adopts a sequence-to-sequence architecture trained via
denoising so as to serve both understanding and generation across Java/Python [28].
CodeT5 moves to a unified encoder—decoder with identifier-aware pretraining (that
is, it distinguishes identifiers and leverages comments via dual generation), and it
shows strong results for multiple generation tasks [29]. Subsequent decoder-only large
language models trained on vastly larger corpora, including Code Llama [30], Star-
Coder?2 [31], DeepSeek-Coder-V2 [32], and more recent instruction-tuned models such
as Qwen2.5-Coder and the 0l/03 series, have improved their performance on code
refinement, repair, and migration tasks. Recent studies have leveraged these capabili-
ties (often via zero/few-shot prompting, agents, or lightweight fine-tuning) in order to
automate code repairs for breaking dependency updates or library migrations [33-36].
Our work differs in its focus on proactive paired generation of both the Maven
dependency declaration update and the corresponding test-code adaptations for the
specific case of JUnit 3—4 migrations, and it uses supervised sequence-to-sequence
learning from mined historical co-changes rather than post-failure LLM-based repair.

3 Methodology

In this study, we investigated the automation of dependency updates in Java projects
using Maven and JUnit as of February 2025. We constructed a dataset from open-
source GitHub repositories and fine-tuned a CodeT5 model so as to generate updates
that modify both pom.xml dependency declarations and associated Java test code.
The replication package of our study, including the dataset generation scripts, raw and
processed datasets, and model training code, is publicly available in [DOUBLE BLIND
REVIEW] Below, we detail data collection, preprocessing, training, and evaluation.

3.1 Data collection
3.1.1 Repository selection.

In order to create our dataset, we developed a custom Python script that employs
GitHub’s API to collect data from repositories that met the following selection cri-
teria: (i) at least 20 commits, to ensure ongoing activity; (ii) a minimum of 2 active
collaborators, to reflect collaborative software practices; (iii) at least 20 stars and 10
forks, as indicators of community validation; and (iv) explicit use of JUnit declared
in pom.xml, verified by parsing Maven dependency blocks. We focused on JUnit since
it is widely used in Java projects and because its upgrades can require coordinated
changes in test code beyond manifest edits.



Applying these criteria yielded a set of 43 Maven-based Java repositories hosted
on GitHub. Each repository was cloned locally so that we could inspect its complete
version-control history.

3.1.2 Commit identification.

A Maven pom.xml (Project Object Model) file is an XML descriptor that declares
dependencies, plugins, and project metadata. Since every Maven project must provide
a pom.xml, it is a reliable artifact for the identification of dependency versions. We
extracted commits that modified JUnit dependency versions and recorded repository
metadata, JUnit versions before and after the update, update type (patch, minor,
major) classified according to semantic versioning [37], POM XML snippets before
and after the change, and associated Java test files with a focus on import statements,
annotations (e.g., @Test, @Before), and method bodies.

Not all commits that edit pom.xml are suitable for our analysis. We include
commits that change the <version> of an existing JUnit dependency, potentially
affect test code by modifying imports, annotations, or method bodies in files under
src/test/java, and represent single-step JUnit updates that can be classified as
patch, minor, or major. We exclude merge commits (which mix independent changes),
commits where pom.xml only changes in formatting or comments, and commits that
add or remove JUnit entirely rather than updating its version. Commits that update
the JUnit version but do not modify any test file are kept in the commit-level corpus
but excluded from the snippet-level training dataset.

3.2 Data construction

After applying the filtering criteria, we obtain a commit-level dataset of 2,223 JUnit
3.x/4.x update commits, which we use to characterise how JUnit dependency dec-
larations evolve in practice. From the subset of commits that also modify tests, we
derive a snippet-level dataset of 8,735 structured input—output pairs that link JUnit
dependency updates in pom.xml with the corresponding test-code edits.

Each pair links a pre-update context to the corresponding developer-written update
and contains:

® Input: an XML dependency block, a Java test-code snippet, and a task instruc-
tion, concatenated with explicit modality markers (see Section 3.3).
® Qutput: the updated XML dependency block and the corresponding modified
Java code, using the same marker format.
We serialise examples in JSONL for reproducible ingestion and release both raw and
processed forms in the replication package. We explicitly retained JUnit updates,
which in Maven are typically scoped as test. Although prior work often excludes
test-scoped dependencies, we included them because JUnit upgrades directly affect
Java test suites and are critical to software reliability. Dependencies were categorised
into patch, minor, and major updates following semantic versioning [37]. We do not
observe JUnit 5 in the mined upgrade commits.
Figure 1 summarises the end-to-end pipeline from mining upgrade commits to
model training and evaluation.
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Fig. 1: Overview of the end-to-end methodology: repository selection, commit mining,
snippet construction, preprocessing, CodeT5 fine-tuning, and evaluation (metrics +
baselines).

3.3 Preprocessing

We apply preprocessing steps that are designed to preserve syntactic structure while
reducing noise:

Whitespace normalisation: we collapse consecutive blank lines and trailing
spaces in both XML and Java fragments so that formatting variation does not
inflate edit distances.

Comment stripping: we remove inline and block comments from Java code in
order to focus the model on structural and semantic content rather than natural-
language annotations.

Modality markers: we prepend [XML], [JAVA], and [TASK] tokens to the cor-
responding sections of each example. These markers provide clear boundaries
between the three modalities and are registered as special tokens in the tokeniser.
De-duplication: we remove near-duplicate input—output pairs using normalised
Levenshtein distance [38] so as to reduce over-representation of highly repetitive
edits.

Splitting: we split the 8,735 examples randomly into 80% training (6,988
examples) and 20% held-out test (1,747 examples) using a fixed random seed
(seed =42) to ensure reproducibility. This split is performed at the example level,
not at the repository level; we discuss this as a threat to validity in Section 6.

The snippet-level inputs have a mean length of 535 characters (o =265), with
no input or output sequence exceeding the 1,024-token encoder limit after subword
tokenisation. For CodeT5-base, however, 55% of inputs exceeded its 512-token limit,



which caused truncation; this motivated the adoption of CodeT5+, as described in
Section 3.4.

3.4 Model

We initially fine-tuned CodeT5-base [29], an encoder—decoder transformer with 220M
parameters and a maximum context of 512 tokens. Nevertheless, this model produced
truncated outputs on a significant fraction of inputs (55% exceeded the 512-token
limit), and this led to incoherent predictions and BTR =0% when evaluated via the
commit-level surgical patching pipeline (Section 4.4.2). We therefore extended the
evaluation to CodeT5+ [39], which supports a context window of 1,024 tokens. As
a result, this eliminated truncation entirely and enabled functional patch generation.
Unless otherwise noted, results reported in RQ4 correspond to the CodeT5+ model.

3.4.1 Training configuration.

We used the Hugging Face Transformers library (v4.47.1) [40] to fine-tune both models
with the following shared hyperparameters: learning rate 3x 1072, 10 epochs, batch size
2 with gradient accumulation over 4 steps (effective batch size 8), AdamW optimiser
with linear learning-rate schedule, and mixed-precision training (fp16). The maximum
sequence length differs between models: 512 tokens for CodeT5-base and 1,024 tokens
for CodeT5+. The three modality markers ([XML], [JAVA], [TASK]) were registered
as special tokens in the tokenizer of both models, and the embedding layer was resized
accordingly. The training seed was fixed at 42 in both cases.

3.4.2 Input and output format.

Each input sequence is structured as a concatenation of three sections separated by
the special tokens:

[XML] <dependency>...<version>4.12</version>...</dependency>

[JAVA] public void testSomething() {...}

[TASK] Update the artifact version: junit (Actualizar la versién del
artifact: junit, in Spanish)

The output (label) follows the same format and contains the updated XML depen-
dency block together with the modified Java test code. During teacher-forcing, the
decoder learns to generate both sections conditioned on the input context. During
inference, the model generates the full output sequence autoregressively using beam
search with beam width 4 and a length penalty of 1.0.

3.4.3 Decoding and post-processing.

At inference time, the model generates output with skip_special_tokens=True,
which strips the modality markers from the decoded sequence. We extract the Java
and XML sections from both prediction and reference using boundary-based heuris-
tics: for references with explicit [JAVA] markers, we extract the text between [JAVA]
and [TASK]; for model outputs without markers, we identify the last XML closing



tag and treat the remaining text as the Java section. This extraction enables fair
component-level metrics (EM-Java, EM-XML).

3.5 Evaluation

We evaluate the fine-tuned model on the held-out test split (N =200 randomly sam-
pled from the 1,747 test examples, due to computational constraints). For each test
example, the model receives the input sequence and generates a candidate patch, which
we then compare against the developer-written patch using the following metrics:

3.5.1 EM-Java (Exact Match — Java).

The fraction of predictions whose extracted Java section matches the reference exactly
after whitespace normalisation:

N
1 ~ java java
Bt = 3 M 0

where Qijava and yijawa denote the Java fragments extracted from the prediction and

the reference, respectively. This metric isolates code-generation quality from the XML
version bump.

3.5.2 CodeBLEU.

We adopt CodeBLEU [14], a composite metric that augments standard BLEU [41]
with code-aware components:

CodeBLEU = o - BLEU + 3 -BLEU,, + 7-Matchgyntax + ¢ - Matchgatafiow (2)

We set « = § = v = § = 0.25 following the original formulation. CodeBLEU is
computed on the extracted Java sections only. Our implementation uses a regex-based
approximation for Matchgyntax and Matchgatagow rather than a full tree-sitter parser;
we report this as a limitation in Section 6.

3.5.3 Additional metrics.

We also report BLEU [41], ROUGE-L [42], normalised Levenshtein distance [38], and
the individual Matchgyntax and Matchgatafow sub-scores. We also report EM-XML
(exact match on the extracted XML section) and analyse the distribution of errors
among non-exact predictions using a taxonomy based on token-level similarity: near-
misses (>80% similarity), partial updates, truncated outputs, and wrong transforms.

3.5.4 Baseline.

We compare the model against a manifest-only baseline that simulates the behaviour
of tools such as Dependabot [43] and Renovate [44]: it applies the version bump in
pom.xml but leaves the Java test code unchanged. On the snippet-level dataset, where



every example contains a Java code change by construction, the manifest-only baseline
achieves 0% EM-Java by definition.

3.5.5 Metrics scope and limitations.

Compiling and executing every patched project for every generated patch is compu-
tationally expensive at this scale. For this reason, we complement similarity metrics
with a functional Build and Test Pass Rate (BTR) evaluation over 172 stratified cases
from 21 open-source repositories, detailed in Section 4.4.2. That is to say, similar-
ity metrics serve as proxies for patch correctness on the full held-out split (under an
example-level partition), whereas BTR provides conditional functional evidence on the
evaluable subset.

4 Results

This section addresses our four research questions by presenting the quantitative and
qualitative analyses derived from the dataset, the model’s outputs, and the empirical
characterisation of real JUnit update behaviour.

4.1 RQ1: To what extent can the model reproduce
developer-written dependency-update patches?

To answer RQ1, we evaluate how closely the fine-tuned model reproduces developer-
written JUnit upgrade patches using three complementary views: (i) token-level
similarity metrics (ROUGE, BLEU) computed on the held-out test split, (ii) a corpus-
level analysis of how conservative real JUnit 4.x upgrades are, measured via normalised
edit distance on 2,474 method-level pairs extracted from the full commit corpus, and
(iii) qualitative inspection of representative model outputs in order to illustrate typical
agreement patterns and failure modes.

4.1.1 Lexical fidelity and overlap

Table 1 presents descriptive statistics for ROUGE and BLEU on the held-out test
split. Scores are expressed as percentages.

Table 1: Descriptive statistics for ROUGE and BLEU on the
held-out test split (scores in %).

Metric Mean  Std Min  25% 50% 75%  Max

ROUGE-1  88.40 4.36 80.00 85.50 88.89 91.70 94.74
ROUGE-2 8269 3.76 7593 80.25 8297 85.34 88.89
ROUGE-L 88.40 4.36 80.00 85.50 88.89 91.70 94.74
BLEU-4 80.15 3.05 73.73 7825 80.72 8241 83.67
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These results indicate that model-generated patches are close to developer-written
references at the token and short n-gram level. ROUGE-L around 88% suggests
substantial subsequence overlap, while BLEU-4 around 80% indicates that many four-
gram fragments are reproduced exactly. These metrics primarily capture lexical fidelity
and should be interpreted together with the structure-aware evaluation (CodeBLEU,
Section 4.4).

In the case shown in Figure 2, the model output reproduces the developer patch
exactly: a single throws Exception clause is added while the rest of the method
remains intact. This kind of localised, syntactically patterned edit is the most common
transformation in the corpus and represents the model’s strongest suit.

1 public void forcedShutdownVerifyingLogs() {
2 }

1 public void forcedShutdownVerifyingLogs() throws Exception {

s // added throws clause

Fig. 2: Low-distance update: the model introduces a throws Exception clause, match-
ing the developer patch exactly.

By contrast, Figure 3 shows a case where the developer simultaneously renames
a method and replaces its body. Lexical overlap drops sharply despite both versions
being plausible tests in isolation, which illustrates a limitation of text-based metrics
for semantically equivalent but syntactically divergent patches.

1 - public void shouldDecodeTwoCommands ()
2 throws IOException {

) assertThat ( bye.getCommandType(),
5 is( BYE_ACK ) );

~

}

. + public void shouldThrowUnsupportedException5() {
TestLessInputStreamBuilder builder =

: new TestLessInputStreamBuilder();

A builder.getCachableCommands ()

5 .provideNewTest () ;

6

7 // —= full reuwrite

Fig. 3: High-distance update: full method rewrite where lexical overlap is low despite
both versions being plausible tests.
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4.1.2 Edit distances and update conservatism

In order to contextualise the similarity scores, we analyse the magnitude of changes
in real JUnit 4.x upgrade commits. From the 2,223 commits in our corpus, we extract
2,474 method-level pairs where both the pre and post-update implementations are
available. For these pairs, the normalised Levenshtein distance between pre and post-
update code has mean 0.075, median 0.020, and standard deviation 0.142, with 78.8%
of pairs below 0.08.

The vast majority of JUnit 4.x method-level updates are conservative: fewer than
8% of characters change in a typical update, and the modifications are generally lim-
ited to assertion refinements, import adjustments, or throws-clause additions. This
structural regularity creates a favourable learning landscape for a sequence-to-sequence
model; that is to say, the model can learn a “copy-and-edit” strategy that reproduces
most of the input and applies targeted local modifications.

This conservatism analysis covers method bodies only. Annotation contexts (e.g.,
@Test blocks with surrounding code) show substantially higher divergence (mean nor-
malised Levenshtein 0.77 across 4,245 pairs), since the extraction heuristic captures
surrounding code that often changes structurally between versions. This divergence
reflects the wider context window’s sensitivity to unrelated refactorings rather than
drastic changes in test logic. Higher edit distances are concentrated in cases where the
developer carries out a full method rewrite (e.g., new test scenarios or restructured
assertions), as illustrated in Figure 3. These cases represent an upper bound on model
difficulty.

4.1.3 Structural behaviour and CodeBLEU

At the commit level, only 4-6% of commits involve substantive changes in test method
bodies; even in those cases, changes are typically minor modifications rather than
additions or deletions of entire methods. Manual inspection of model-reference pairs
confirms that the model largely preserves method signatures and parameter lists,
focusing its edits inside method bodies and XML dependency blocks. We defer the full
CodeBLEU evaluation to Section 4.4; CodeT5-base achieves CodeBLEU = 0.854 and
EM-Java = 38.5%, while CodeT5+ achieves CodeBLEU = 0.868 and EM-Java = 43.6%
on the snippet-level held-out split.

4.1.4 Error analysis

In order to characterise the difficulty landscape faced by the model, we classify every
test sample according to the divergence between the manifest-only baseline (i.e.,
the pre-update Java code left unchanged, as Dependabot would leave it) and the
developer-written reference patch. We define four error categories on the basis of token-
level similarity. Near-miss: token similarity above 80%, indicating that only a minor,
localised edit is required. Partial update: similarity between 50% and 80%, where the
developer applied additional changes. Wrong transform: similarity below 50%, corre-
sponding to substantial method rewrites. Truncated: the reference is more than twice
as long as the input, indicating significant new code.
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Table 2 reports the distribution across 500 held-out snippet-level test sam-
ples. Unlike the generation-based metrics (which use N =200 due to inference cost;
Section 3.5), this taxonomy compares only the pre-update input against the developer
reference and therefore does not require model inference, which allows a larger sample.

Table 2: Divergence taxonomy between the manifest-only baseline and the
developer patch on the held-out snippet-level test split (N =500). Cate-
gories are defined by token-level similarity between unchanged input and

reference.
Category Count %  Implication
Near-miss (>80% sim.) 182  36.4 Minor edit suffices
Partial update (50-80%) 210  42.0 Moderate code changes needed
Wrong transform (<50%) 77 154 Major rewrite required
Truncated (<50% length) 31 6.2 New code must be generated
Total (all non-exact) 500 100.0

These results reveal a graded difficulty landscape. Over a third of the test cases
(36.4%) are near-misses where the model needs to learn only small, localised edits such
as a new throws clause or an updated assertion call. A further 42.0% require moderate
changes, typically a combination of import updates, annotation changes, and assertion-
style migrations. The remaining 21.6% fall into harder categories: wrong transforms
(15.4%) and truncated cases (6.2%). These harder categories set a practical upper
bound on what a local, snippet-level sequence-to-sequence model can be expected to
handle in the absence of broader project context.

4.2 RQ2: To what extent does update magnitude differ across
patch, minor, and major JUnit releases?

In order to address RQ2, we operate on the filtered snippet-level JSONL dataset used
for training and evaluation (N =8,735 pairs). For each pair, we extract the JUnit
version from the <version> tag in the input and output XML and classify the update
as patch, minor, or major according to semantic versioning [37]. We then quantify
update magnitude on the Java fragment only using two complementary measures: a
character-based normalised edit distance (computed as 1 — similarity after consistent
whitespace/comment normalisation) and CodeBLEU [14], which adds syntax- and
data-flow-aware components.

4.2.1 Distribution of change and update types

Table 3 shows the distribution of change types across the snippet-level pairs. Con-
sistent with the conservative profile observed in RQI, JUnit 4.x upgrades are
predominantly assertion and API call-site edits (82.7%). Annotation-level changes are
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rare (0.1%), which suggests that @Test and similar markers are rarely the primary
target of an upgrade at the snippet level.

Table 3: Distribution of change types across
the 8,735 snippet-level pairs. Categories are
not mutually exclusive. Import-level changes are
excluded as snippets do not contain class-level
import statements.

Change Type Count %
Assertion / API call-site edits 7,220  82.7%
Annotation-level edits 9 0.1%
Other / structural 1,506  17.2%
Total records 8,735 100.0%

Table 4 summarises the frequency of patch, minor, and major updates as well as
the corresponding normalised edit distances.

Table 4: Distribution and normalised edit distances (input
vs. output Java fragment) by update type.

Type #Pairs  %Pairs Mean Median Q1 Q3

Patch 4,183 47.9%  0.474 0.431 0.262 0.697
Minor 2,542 29.1%  0.466 0.424 0.242 0.692
Major 2,010 23.0% 0.486 0.456 0.278 0.707

Patch updates represent nearly half of the examples (47.9%), minor updates
account for 29.1%, and major updates for 23.0%. This balanced composition allows
comparison of update magnitudes across types.

4.2.2 Normalised edit distances across update types

The key question of RQ2 is whether patch, minor, and major updates differ substan-
tially in the amount of code they change. As Table 4 shows, mean distances fall in a
narrow band (0.466-0.486), with medians between 0.424 and 0.456 and broadly simi-
lar interquartile ranges. A Kruskal-Wallis test yields H =7.28, p=0.026, indicating a
statistically significant but small difference across the three groups, driven primarily
by major updates. Major updates show a slightly lower proportion of near-identical
changes and a slightly higher proportion of large rewrites; nevertheless, this does not
constitute a qualitatively different regime.
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4.2.3 Structure-aware magnitude (CodeBLEU)

To complement character-level edit distance, we compute CodeBLEU [14] between the
pre and post-update Java fragments, stratified by update type. Table 5 reports the
results.

Table 5: CodeBLEU between pre and post-update
Java fragments by update type (N = 8,735 snippet
pairs). Higher values indicate greater structural
similarity.

Type #Pairs Mean Median IQR

Patch 4,183 0.489  0.513 [0.317, 0.643]
Minor 2,542 0482  0.513  [0.286, 0.656]
Major 2,010 0470  0.513 [0.292, 0.560]

CodeBLEU confirms the pattern observed with edit distance: the three update
types occupy a narrow band of means (0.470-0.489) and share the same median
(0.513). A Kruskal-Wallis test yields H =6.98, p=0.030, which is again statistically
significant but of small magnitude. The identical medians indicate that the bulk of
the distributions overlap substantially.

These results reinforce the main conclusion of RQ2: the semantic-versioning label
(patch/minor/major) is a weak predictor of how much test code actually changes
during a JUnit dependency upgrade. From a modelling perspective, this means that
a single model trained on the combined corpus, rather than type-specific models, is
a reasonable design choice, since the three categories do not present qualitatively
different learning problems.

4.3 RQ3: How do preprocessing and dataset design influence
the learnability of JUnit dependency updates?

In order to address RQ3, we analyse the concrete design decisions in the data pipeline
and quantify their effect on the resulting training corpus. Our pipeline starts from
a commit-level corpus of 2,223 JUnit update commits and derives a filtered snippet-
level dataset of 8,735 input—output pairs after snippet extraction, text normalisation,
and filtering of identical or near-identical Java fragments. We examine three key com-
ponents: snippet-level decomposition, special-token structuring, and near-duplicate
filtering.

4.3.1 Pipeline design and corpus properties

The first design decision is to decompose commit-level updates into snippet-level
pairs, yielding approximately 3.93 input—output pairs per commit. This decomposition
increases the number of supervision signals per commit and focuses the learning prob-
lem on small, tightly scoped edits rather than entire multi-method diffs. As a practical
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benefit, snippet-level decomposition ensures that no example exceeds 512 whitespace
tokens in either input or output (0% overflow), whereas the commit-level corpus has
7.0% of examples exceeding this threshold. For CodeT5-base, this truncation caused
incoherent predictions; CodeT5+ resolves this by supporting a 1,024-token context
window.

The second component is the explicit structuring of inputs with special tokens
([XML], [JAVA], [TASK]) and whitespace normalisation. An inspection of all 8,735
examples confirms that 100% of inputs contain all three markers. The [TASK] marker
contains a natural-language instruction (“Actualizar la versién del artifact: junit”),
which aligns the corpus with instruction-style code generation. Table 6 reports the
sequence-length statistics of the filtered corpus; the large majority of examples are
short to medium-length snippets well within the encoder limits of both models.

Table 6: Sequence-length statistics for the 8,735 snippet-level
pairs (whitespace-tokenised).

Mean Median P75 Max >512

Input (chars) 535 507 678 2,087 -
Output (chars) 474 480 619 2,674 -
Input (WS tokens) 38.2 36 44 224 0%
Output (WS tokens) 29.8 28 34 277 0%

The third component is the removal of trivial cases where the Java code is effec-
tively unchanged. The pipeline retains only records with similarity < 0.95 (computed
via difflib.SequenceMatcher). Similarity values in the released dataset range from
0.04 to 0.95 (exclusive), with a mean of 0.53 and a median of 0.57. This filter
ensures that the remaining examples span a range from small edits to substantial
modifications, preventing evaluation metrics from being inflated by trivial identity
mappings.

4.3.2 Learnability landscape

To characterise the learning problem that the pipeline creates, we analyse two
properties of the resulting corpus: the copy rate and the difficulty distribution.

The mean copy rate (fraction of whitespace-tokenised output tokens that appear
in the input) is 0.714 (median 0.786), indicating that a copy-and-edit strategy can
produce most of the output by retaining tokens from the input and learning to modify
a minority of positions. When stratified by input—output Java similarity, the corpus
divides into three difficulty bands, summarised in Table 7.

The low-similarity band (42.9%), which includes method rewrites and multi-site
refactorings, constitutes the largest stratum and ensures that the model is not trained
predominantly on trivial edits. These examples are also the longest on average (42.3
input tokens vs. 34.0 for high-similarity), which implies that the model faces its hardest
cases precisely where the input context is most complex.
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Table 7: Difficulty bands by input—-output Java similarity, with sequence-
length statistics (whitespace tokens).

Similarity band N %  Mean input tokens Mean output tokens
High (>0.80) 1,528 175 34.0 26.5
Moderate (0.50-0.80) 3,456 39.6 35.6 27.7
Low (<0.50) 3,751 429 42.3 33.0

In summary, the corpus-level analysis provides evidence for two key design choices.
The snippet-level decomposition eliminates all sequences exceeding 512 tokens (vs.
7.0% overflow in the commit-level corpus) and creates a copy-rate distribution centred
around 0.79. The near-duplicate filter ensures that 43% of examples require substantial
edits (similarity < 0.50), preventing a trivial identity mapping. We prioritised end-to-
end functional validation (BTR, Section 4.4.2) over component-level ablations due to
resource constraints; controlled experiments that isolate each pipeline component (no
task markers, no snippet decomposition, weaker deduplication) remain as follow-up
work.

4.4 RQ4: How does the proposed approach relate to existing
dependency-update tools and workflows?

In order to address RQ4, we position our model-based patch generation against
common dependency-update workflows in the Java/Maven ecosystem. We present
a quantitative baseline comparison against the manifest-only strategy, followed by
functional validation via Build and Test Pass Rate.

4.4.1 Quantitative baseline: Manifest-only vs. Model-Generated
patches

The simplest baseline for dependency updates is the manifest-only strategy: bump the
version in pom.xml and leave all Java code unchanged. We operationalise this as the
typical behaviour of PR-based updaters such as Dependabot [43] and Renovate [44].
We evaluate this baseline and both fine-tuned models on the snippet-level held-out
test split (example-level partition; see Section 6) using CodeBLEU [14] and EM-Java.

Table 8 reports the results on the snippet-level split (N =200), where every
example contains a Java code change by construction.

Although CodeT5-base achieves a marginally higher CodeBLEU than CodeT5+
(0.854 vs. 0.850), CodeT54 improves on every other metric: EM-Java (43.6 % vs.
38.5%), BLEU (0.868 vs. 0.822), and ROUGE-L (0.940 vs. 0.910). More critically,
CodeT5-base achieves BTR=0% at the commit level due to systematic truncation
(565 % of inputs exceed its 512-token limit), whereas CodeT5+ achieves BTR =100 %
on the 5 evaluable repositories (out of 21 sampled; see Section 4.4.2). This dissociation
between CodeBLEU and functional correctness is consistent with known limitations of
proxy metrics [45] and reinforces our use of BTR as the primary correctness criterion.
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Table 8: Baseline comparison on the snippet-level held-out split (N =200). Manifest-only
leaves Java unchanged. EM-Java compares only the extracted Java fragment.

Approach EM-Java (%) CodeBLEU BLEU Syntax Dataflow
Manifest-only (version bump only) 0.0 0.502 0.486  0.293% 0.726*
CodeT5-base (512 tokens) 38.5 0.854  0.822  0.796* 0.960*
CodeT5+ (1024 tokens) 43.6 0.850  0.868  0.880" 0.869"

I Regex-based approx. (Manifest-only & CodeT5-base): mutually comparable, exploratory only.
f javalang AST-based pipeline (CodeT5+ only): different scale from *.
CodeBLEU and BLEU are computed identically across all rows and are directly comparable.

The manifest-only baseline achieves 0% EM-Java and CodeBLEU =0.502. Among
the 123 non-exact model predictions, 53 are near-misses (token similarity above 80%),
42 partial updates, 3 truncated, and only 2 wrong transforms—confirming that even
non-exact outputs typically require only minor manual refinements.

Table 9 stratifies the snippet-level results by difficulty tier.

Table 9: CodeBLEU by difficulty tier on the snippet-level split

(N =200).
Tier N  Manifest-only CodeT5-base A
Trivial (sim. > 0.90) 13 0.923 0.838 —0.085
Moderate (sim.0.50-0.90) 97 0.629 0.876  +0.248
Significant (sim. < 0.50) 90 0.303 0.832  +0.528

The tier breakdown reveals a clear complementarity pattern. On trivial cases, the
manifest-only baseline slightly outperforms the model (0.923 vs. 0.838): copying the
input verbatim yields high overlap when the change is minimal. On significant cases,
the model achieves 0.832 where the baseline drops to 0.303 (+0.528 CodeBLEU),
confirming that the model adds the most value precisely where manifest-only tools fall
short.

At the class level, both models achieve 0% EM-Java and CodeBLEU =0.213,
with 100% of predictions classified as truncated. This negative control confirms that
snippet-level decomposition is necessary for the model to function; class-level test files
routinely exceed the encoder limits of both models.

4.4.2 Functional validation: Build and Test Pass Rate (BTR)

Similarity metrics do not guarantee that generated patches compile or pass tests. We
therefore evaluate the model via a BTR pipeline over 172 cases from 21 open-source
repositories, selected via stratified sampling across update type and difficulty tier (max
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30 cases per repository). The sample includes 121 evaluation cases (with Java code
changes) and 51 control cases (version bump only).

For each case, the pipeline: (1) clones the repository at the pre-update commit;
(2) applies the version bump in pom.xml; (3) surgically replaces the target method with
the model’s predicted snippet; (4) compiles via mvn test-compile; and (5) executes
the test class via mvn test.

We distinguish build reproducibility from patch correctness. Of the 21 sampled
repositories, 16 failed at the baseline build stage due to infrastructure constraints
(unresolvable transitive dependencies, incompatible Maven plugin versions, unavail-
able Java runtimes) before any model-generated patch was applied. This is confirmed
by 31 of 51 control cases also failing in those repositories. The 5 evaluable repos-
itories were determined entirely by build-environment compatibility, not by model
performance.

Table 10: BTR results on evaluable repositories (N =5 repos, 47 cases).
Wilson 95 % CI at case level.

Approach Cases BTR (%) 95% CI (Wilson)
Manifest-only (version bump only) 10 50.0 [23.7%, 76.3%)
CodeT5+ (model) 37 100.0  [90.6%, 100.0%)]

Table 11: BTR breakdown by repository. FC=compile failure;
FT =test failure; IE = infrastructure error.

Repository N PASS FC FT IE BTR
maven-common-artifact-filters 39 34 0 5 0 87.2%
maven-gpg-plugin 3 3 0 0 0 100.0%
executor 2 2 0 0 0 100.0%
download-maven-plugin 2 2 0 0 0 100.0%
maven-help-plugin 1 1 0 0 0 100.0%
Evaluable subtotal 47 42 0 5 0 89.4%
olingo-odata4 43 0 43 0 0 —
maven-enforcer 14 0 13 1 0 —
jasmine-maven-plugin 13 0 13 0 0 —
maven-shade-plugin 13 0 0 0 13 —
sortpom 13 0 8 5 0 —
Other (11 repos) 29 0 23 5 1 —
Total 172 42 100 16 14 24.4%
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All 37 model-generated patches compile and pass tests in the 5 evaluable reposi-
tories (Conditional BTR = 100%; Table 10), whereas manifest-only version bumps fail
in 50% of control cases. The remaining 16 repositories could not be evaluated due
to infrastructure constraints, as confirmed by control-group failures in those same
environments (Table 11).

The case-level Wilson CI is [90.6%, 100.0%], which quantifies uncertainty within
the current build environment. However, the repository-level bootstrap CI (10,000
iterations) is considerably wider at [1.8%, 55.6%)], reflecting that only 5 of 21 repos-
itories are evaluable and 81% of PASS cases originate from a single repository
(maven-common-artifact-filters). These results should therefore be interpreted as
conditional functional evidence within our build environment rather than as a general
correctness guarantee.

Semantic preservation was verified on all 42 PASS cases (37 model-generated
patches + 5 manifest-only control cases): 90.5% of patched methods (38/42) preserve
the number of assertx* calls, and none exhibit empty bodies, always-true conditions,
or suppressed assertions. This confirms that passing tests reflect genuine behavioural
verification rather than trivial acceptance.

Three factors bound scope: (i) evaluable repositories are determined by build-
environment compatibility, not patch quality; (ii) the pipeline applies single-snippet
surgical patching, so multi-method commits fall outside its reach; and (iii) 81%
of PASS cases originate from one repository. Extending evaluation to broader
infrastructure and multi-snippet commits is a priority for future work.

5 Discussion

This section interprets the findings from RQ1-RQ4, discusses practical implications,
and outlines directions for future work.

5.1 Conservative JUnit Evolution and Modelling Implications

The analyses in RQ1 and RQ2 converge on a central finding: JUnit 3.x/4.x upgrades in
the studied repositories are predominantly conservative, and this conservatism holds
across semantic-versioning categories (Tables 4-5). From a modelling standpoint, this
structural regularity creates a favourable learning landscape: a sequence-to-sequence
model can adopt a copy-and-edit strategy in which most output tokens are retained
from the input and only a small number of positions are modified. The corpus-level
copy rate reported in RQ3 (Section 4.3) confirms this pattern.

The error taxonomy (Table 2), however, delineates the boundaries of this advan-
tage. Near-miss and partial-update cases (78.4% combined) are well within the
model’s reach, whereas wrong-transform and truncated cases (21.6%) require multi-
site rewrites or entirely new test logic that a snippet-level model cannot reconstruct
from local context alone. These harder categories set a practical ceiling on what the
current architecture can achieve without broader project-level information.

The evidence across RQ1-RQ3 suggests that the approach is strongest for
local, syntaz-reqular, and repetitively observed co-changes—primarily import edits,
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annotation-level edits, and assertion/API call-site edits (Table 3). It is intrinsi-
cally weaker for structural refactorings (e.g., method moves, renames, extract/inline)
and semantic incompatibilities, which require cross-file reasoning and project-specific
design knowledge. This characterisation is not specific to JUnit; similar co-change pat-
terns arise in other dependency upgrades where APIs shift. However, the degree of
conservatism observed here is a key enabling factor: when upgrades routinely require
multi-file refactors, a purely learned patch generator must be paired with stronger
oracles and, in all likelihood, with static analysis or type-aware constraints.

5.2 Positioning Relative to Existing Tools

RQ4 compared the fine-tuned models against the manifest-only strategy and situated
them within the broader tooling landscape. The quantitative results (Tables 8 and 9)
show that the model adds the most value precisely where manifest-only tools fall
short—namely in updates that require substantial test-code adaptation (significant-
change tier). Conversely, for trivial cases, simply copying the input already yields high
overlap, and the model’s minor rewrites can even reduce surface similarity.

Manifest-only updaters such as Dependabot and Renovate are well suited to pro-
pose version bumps and integrate into PR-based workflows; however, they stop at the
point where compilation or tests fail [43, 44, 46]. Rule-based codemods can handle
well-scoped, repeatable transformations, but JUnit upgrades exhibit a mix of recur-
ring local edits and project-specific adaptations that codemods cannot fully cover. The
fine-tuned model occupies a middle ground: more specialised than general-purpose
LLM prompting, broader in scope than manifest-only updaters, and less semantically
constrained than IDE refactoring engines—hence the need for build/test validation as
a gating mechanism.

The class-level evaluation (Section 4.4) serves as a negative control: both models
achieve 0% EM-Java and CodeBLEU =0.213, with 100% of predictions truncated,
confirming that snippet-level decomposition is not merely convenient but necessary.
A production deployment would therefore require either a reassembly step or a model
with longer context.

5.3 Practical Implications

The complementarity pattern observed in RQ4 suggests a natural integration scenario:
a bot proposes a JUnit version bump in pom.xml (e.g., via a pull request), and the
model is then invoked to generate candidate edits for affected test files in the same
PR. A difficulty estimate could determine which files warrant model-generated patches
versus those where the manifest-only bump suffices.

For teams that maintain large test suites across many modules, even partial
automation of these adjustments can shorten the feedback cycle between dependency
updates and stable builds. The model produces the exact developer patch in a substan-
tial fraction of snippet-level cases (Table 8) and a near-miss in a further proportion;
in other words, the suggested edit is typically either correct or requires only minor
manual refinement.
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An additional implication concerns multilingual development contexts. Because
the task descriptions in our dataset are expressed in Spanish, the work illustrates how
code-focused models can be aligned with non-English natural-language instructions
without sacrificing code-generation quality.

5.4 Future Work

The most immediate priority is a multi-snippet BTR stress test that groups all model-
predicted snippets belonging to the same commit, applies them atomically, and runs
the full test suite. This would surface interaction failures that single-snippet patching
cannot detect and provide a substantially stronger functional correctness claim.

Second, extending the dataset and model to cover JUnit 5 and other testing frame-
works (e.g., TestNG) would test whether the approach scales beyond the conservative
regime of JUnit 4.x. Third, broadening BTR coverage beyond the current 5/21 evalu-
able repositories on dedicated infrastructure would provide tighter confidence intervals.
Fourth, a head-to-head workflow benchmark—running a manifest-only bot alongside
the model under the same CI configuration—would make the improvement claim mea-
surable at the workflow level. Fifth, replacing the regex-based CodeBLEU fallback
with a full tree-sitter parser would remove the “approximate” caveat from the current
evaluation. Finally, integrating this approach into real-world CI pipelines and running
a practitioner study would provide insights into usefulness and acceptance.

6 Threats to Validity
6.1 Internal Validity

Commit-level granularity. Some Java code changes in commits that modified JUnit
dependencies may not be causally related to the dependency update, which introduces
noise. We mitigated this by focusing on imports, annotations, and test methods most
likely tied to JUnit; nonetheless, unrelated modifications may persist.

Data split. The 8,735 snippet-level examples are split randomly (80/20) at the
example level using a fixed seed, rather than at the repository level. Although the
deduplication step (similarity threshold < 0.95) reduces the risk of near-identical exam-
ples spanning partitions, information leakage through shared coding styles or project
conventions cannot be ruled out. Consequently, held-out results should be interpreted
as within-distribution evidence under an example-level partition, not as evidence of
generalisation to unseen repositories. A repository-level split would provide a stricter
guarantee but would reduce the effective test-set size; we leave this as future work.

Sequence length. All snippet-level examples fit within the encoder limit of both
models (512 tokens for CodeT5-base, 1,024 for CodeT5+), so no truncation occurs
at this granularity. At the class level, sequences routinely exceed this limit, and the
resulting truncation is a primary cause of model failure (CodeBLEU =0.213, 100%
truncated errors). The class-level evaluation is therefore presented as a negative control
rather than a practical operating point.

FEvaluation sample size. Due to computational constraints, the model evaluation
uses N =200 from the 1,747 held-out test examples. While sufficient to observe clear
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trends, a larger evaluation (N =500+) would provide tighter confidence intervals. We
prioritised end-to-end functional validation (BTR) over the ablation protocol defined
in RQ3; component-level ablation runs remain as follow-up work.

6.2 External Validity

Scope of dependencies. Our dataset focuses exclusively on JUnit 3.x and 4.x; no JUnit 5
versions are present. The model has not been exposed to cross-framework migrations
or to the richer set of breaking changes that accompany them. Although many of the
ideas are transferable, applying the same approach to other languages, testing frame-
works (e.g., TestNG), or dependency managers would require new data collection,
preprocessing, and evaluation.

Repository sample. The 43 repositories were selected using popularity-based cri-
teria (stars, forks, collaborators). Projects with different governance models, sizes, or
testing practices may exhibit different co-evolution patterns. The findings should be
interpreted as representative of moderately popular, collaborative Maven-based Java
projects rather than of the Java ecosystem as a whole.

6.3 Construct Validity

Evaluation metrics. BLEU and ROUGE capture surface similarity but do not guar-
antee semantic correctness or code executability. CodeBLEU adds syntax-match
and data-flow-match components; however, our implementation uses a regex-based
fallback rather than a full tree-sitter parser, which may over- or under-estimate struc-
tural similarity in edge cases [14, 45]. These sub-scores should be interpreted as
approximate and exploratory. We partially address this through the BTR evaluation
(Section 4.4.2), which provides conditional functional evidence on the 5 evaluable
repositories; extending BTR coverage beyond the current 5/21 repositories remains as
future work.

Similarity filtering. Deduplication uses character-level Levenshtein distance, a lex-
ical measure that does not capture structural redundancy. AST-based or Jaccard
similarity could provide stronger diversity guarantees.

EM-Java extraction. The EM-Java metric relies on a boundary-based heuristic
to extract the Java section from model outputs (which lack explicit [JAVA] markers
due to skip_special_tokens=True during decoding). Although verified on manual
inspection, edge cases may introduce noise in a small number of comparisons.

7 Conclusions

This paper investigated how JUnit dependency upgrades affect test code in Maven-
based Java projects and whether these co-changes can be learned from historical
data. Starting from a corpus of 2,223 real upgrade commits, we constructed a filtered
snippet-level dataset of 8,735 input—output pairs—publicly released to support repro-
ducibility and future research—and analysed it through four research questions that
cover corpus fidelity (RQ1), update magnitude across semantic-versioning categories
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(RQ2), the influence of preprocessing and dataset design on learnability (RQ3), and
positioning relative to existing dependency-update tools (RQ4).

JUnit 3.x/4.x upgrades are predominantly conservative. At the method level, 78.8%
of pre-/post-update pairs differ by less than 8% of their character content, with a
median normalised Levenshtein distance of 0.02. Moreover, this conservatism is stable
across patch, minor, and major releases: mean edit distances fall within a narrow band
(0.466-0.486) and CodeBLEU means are equally close (0.470-0.489). This confirms
that the semantic-versioning label is a weak predictor of how much test code actually
changes.

Snippet-level decomposition keeps all sequences within the encoder limits of both
models (512 tokens for CodeT5-base, 1,024 for CodeT5+), explicit modality markers
([XML], [JAVAI, [TASK]) provide clear input structure, and near-duplicate filtering
ensures that 43% of examples require substantial edits. The resulting corpus has a
mean copy rate of 0.71. This indicates that most of the output can be produced by
copying from the input and applying targeted modifications, that is, a pattern well
suited to encoder—decoder architectures.

Both fine-tuned models substantially outperform the manifest-only baseline on
the snippet-level held-out split (example-level partition; see Section 6). In particu-
lar, CodeT5-base achieves EM-Java = 38.5% and CodeBLEU = 0.854, while CodeT5+
reaches EM-Java=43.6% and CodeBLEU =0.868, compared to 0% and 0.502 for
the baseline. The improvement is largest on the significant-change tier (40.528
CodeBLEU). Furthermore, conditional functional validation via BTR shows that
model-generated patches compile and pass tests in all 37 evaluable cases across 5 of 21
sampled repositories, whereas manifest-only version bumps fail in 50% of control cases.
These results provide functional evidence beyond lexical similarity, although they
remain conditional on build-environment reproducibility and should not be interpreted
as a general correctness guarantee.

Nevertheless, several limitations temper these findings. The corpus covers only
JUnit 3.x/4.x, the CodeBLEU implementation uses a regex-based fallback rather than
a full tree-sitter parser, and the held-out evaluation uses N =200 samples. Results
on held-out snippets should be interpreted as within-distribution evidence under an
example-level partition; repository-level generalisation remains untested. The most
immediate directions for future work are, therefore, to extend the dataset to JUnit 5
and other frameworks, to broaden BTR coverage beyond the current 5/21 reposito-
ries on dedicated infrastructure, to replace the regex fallback with tree-sitter, and to
conduct a head-to-head workflow benchmark against manifest-only bots.

Independent of these extensions, the empirical characterisation of JUnit co-
evolution patterns and the publicly released snippet-level dataset constitute reusable
resources for the research community, applicable to future models, tools, and empirical
studies on dependency management beyond the specific architecture evaluated here.
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