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Synchronizing production and test code, known as PT co-evolution, is critical for software quality. Given
the significant manual effort involved, researchers have tried automating PT co-evolution using predefined
heuristics and machine learning models. However, existing solutions are still incomplete. Most approaches
only detect and flag obsolete test cases, leaving developers to manually update them. Meanwhile, existing
solutions may suffer from low accuracy, especially when applied to real-world software projects.

In this paper, we propose REACCEPT, a novel approach leveraging large language models (LLMs), retrieval-
augmented generation (RAG), and dynamic validation to fully automate PT co-evolution with high accuracy.
REACCEPT employs an experience-guided approach to generate prompt templates for the identification and
subsequent update processes. After updating a test case, REACCEPT performs dynamic validation by checking
syntax, verifying semantics, and assessing test coverage. If the validation fails, REAcCEPT leverages the
error messages to iteratively refine the patch. To evaluate REAcCEPT’s effectiveness, we conducted extensive
experiments with a dataset of 537 Java projects and compared REACCEPT’s performance with several state-
of-the-art methods. The evaluation results show that REAccePT achieved an update accuracy of 60.16% on
the correctly identified obsolete test code, surpassing the state-of-the-art technique CEPROT by 90%. These
findings demonstrate that REACCEPT can effectively maintain test code, improve overall software quality, and
significantly reduce maintenance effort.
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1 Introduction

Software testing is an indispensable phase in the software development lifecycle. During this
phase, developers scrutinize an application’s output and performance using a suite of pre-defined test
cases [41]. These test cases may be frequently updated along with the evolution of the application, in
order to: a) keep existing test cases valid, and b) validate new features committed to the application.

Prior studies have demonstrated the importance of synchronizing the test suite with the applica-
tion itself [24, 61]. Unfortunately, maintaining such consistency in practice is challenging even for
experienced developers. Existing test cases (i.e., test code) may not be updated promptly when new
changes are committed to the code base (i.e., production code). As a result, developers may not be
capable of detecting and reproducing bugs incurred by those new changes [61]. Researchers have
identified multiple factors that hinder an effective co-evolution of production and test code (PT
co-evolution) [24] such as:

e manually maintaining the test suite is time-consuming [18, 47, 50];

e developers in charge of maintaining the test code may misunderstand the functionality of
certain test cases [15];

e after modifying the production code, systematically identifying all affected test cases is
challenging due to the complexity of software systems [9].

It is thus important to develop techniques for automatic PT co-evolution, i.e., automatically identify-
ing and updating obsolete test cases and even introducing new test cases whenever the production
code is updated. This challenge has recently attracted much research interest in the software
engineering areas [24, 52, 54].

Existing approaches leverage learning techniques, such as K-Nearest Neighbors (KNN) [21],
Neural Machine Translation (NMT) [26], and fine-tuned pre-trained models [17, 22], to identify
implicit correlations between production code and test code. Although many approaches aim
to identify obsolete test cases, they exhibit significantly low accuracy in updating those cases.
According to previous evaluations on a group of obsolete test cases, CEPROT, a pre-trained model
fine-tuned with 4,676 samples, achieved only an accuracy of 35.92%. Meanwhile, KNN and NMT-
based approaches performed even worse, with accuracies of 7.77% and 22.33%, respectively [22].
Such low accuracies may result from insufficient training data, overfitting to specific patterns, or
failing to extract general patterns. Furthermore, learning-based approaches lack mechanisms to
interactively and iteratively improve accuracy during the inference phase. Although reinforcement
learning can be applied to guide test repair or obsolete test case updating, it requires expert
knowledge to design the model, which may be cumbersome for application developers [31].

Since 2022, Large Language Models (LLMs) have gained significant popularity across multiple
research areas. These models, trained on vast amounts of data, outperform traditional deep learning
models in code generation tasks [14, 19, 62]. During code generation, users can interact with an
LLM and refine intermediate outputs with additional prompts. This interactive process allows users
to incrementally improve the generated code, leading to more accurate and customized results.
In this work, we apply LLMs, as well as, dynamic validation techniques to the PT co-evolution
problem, aiming to improve the accuracy of updating obsolete test cases in an incremental and
reactive manner. We propose a novel LLM-based approach, REAccepT, which stands for “REasoning-
Action mechanism and Code dynamic validation assisted Co-Evolution of Production and Test code”
(see Figure 2 for REAccepT’s workflow). REAcCEPT achieved an average accuracy of 71.84% on our
collected data set, significantly outperforming prior approaches. All test cases updated by REAccepT
have been dynamically validated to confirm correctness in both syntax and semantics. In contrast,
most prior approaches only compared the updated test cases with the expected results using certain
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metrics (e.g., BLEU [42] and CodeBLEU [46]). Such metrics hardly capture code semantics, which
makes the overall approach ineffective.

REACCEPT is capable of identifying obsolete test cases and then automatically updating them
according to the production code. To improve the accuracy of PT co-evolution, REACCEPT leverages
ReAct [57] mechanism and Retrieval Augmentation Generation (RAG) [30] to interact with the
underlying LLM automatically. REACCEPT is designed to minimize the human effort to review
intermediate results and steer the LLM. To gauge the quality of a LLM-generated test case, REACCEPT
employs a set of third-party tools, including the Java compiler [4], JUnit [5], and JaCoCo [3]. These
tools dynamically validate the test case by checking syntax (Java compiler), verifying semantics
(JUnit), and assessing test coverage (JaCoCo). After the dynamic validation, REACCEPT creates new
prompts to assist the LLM in refining the test case. This process continues until the test case passes
all three validations or a predefined limit is reached.

To evaluate the effectiveness of REACCEPT, we constructed a comprehensive dataset (including
and extending those from previous work [22, 52, 54]), containing 537 projects with 23403 samples.
We compared the performance of REAccepT with KNN, NMT, and CEPROT. The evaluation
results indicate that overall, REACCEPT attained an average accuracy of 71.84% on the updating
tasks, significantly outperforming existing approaches. Furthermore, when configured to perform
both identification and update, REAcCEPT achieved an average accuracy of 60.16%, surpassing
KNN’s 8.51%, NMT’s 19.83%, and CEPROT’s 31.62%. Apart from these comparisons with existing
approaches, we also conducted ablation studies, revealing that choosing the right LLMs and
adjusting parameters may further improve REACCEPT’s performance. In a nutshell, the evaluation
results indicate that REACCEPT can effectively automate PT co-evolution and thus reduce developers’
effort to maintain the consistency between production code and test code.

In summary, we make the following contributions in this work.

e We designed and implemented REACCEPT, an automatic approach for PT co-evolution, which
combines dynamic validation and LLM prompt engineering. REAccEPT effectively accom-
plishes PT co-evolution with minimized human effort.

e We built a dataset comprising 537 projects with 23403 samples to help the community conduct
research on PT co-evolution. We have made the replication package publicly available [1].

e The evaluation results show that REACCEPT achieves an average accuracy of 71.84% on the
updating tasks and an average accuracy of 60.16% when identifying and updating obsolete
test code simultaneously, revealing a significant improvement over prior approaches.

The remainder of this paper is organized as follows. Section 2 delineates a motivation example
and explains the difficulties in PT co-evolution. Section 3 illustrates the workflow of REAcCEPT,
highlighting the details of both the identification and update phases. We introduce the conducted
evaluations for REACCEPT in Section 4, and compare its performance with a group of prior work.
We list some related work in Section 5, discussing their correspondence with REAccepT. Finally,
in Section 6, we make a summary for this paper with a few future directions.

2 Motivating Example

In the software development lifecycle, production code frequently undergoes numerous version
updates, and the corresponding test code is expected to be updated promptly. Such practice is
known as PT co-evolution. Failing PT co-evolution may cause obsolete test code, resulting in
harmful effects such as reduced test coverage, increased maintenance costs, and undetected bugs.

Although maintaining the co-evolution of test code with production code is important, it often
presents challenges in practice, especially in large software projects managed by multiple teams.
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Use Production Code Changes as the Context for PT Co-Evolution
Production Method Diff Iter 1 (No Dynamic Validation)
1 |class ContinuousDistributions { 1 |@Test
2 -public static double UniformCdf(double x, double a, 2 |public void testUniformCdf() {
3 |double b) { 3 logger.info(“uniformCdf") ;
4 | +public static double uniformCdf(double x, double a, 4 | dntk =38;
5 |double b) { 5 | intn=10;
6 if(a>=b) { 6 double expResult = 0.3;
7 throw new IllegalArgumentException(“The a must be 7 | double result = Contlnuoulestrlbutlons uniformCdf(k, n);
8 |smaller than b."); 8 assertEquals(expResult, resu
9 } 9 | TestConfiguration.DOUBLE. ACCURACV HIGH) ;
10 double probabilitySum=0; 10
1 // We omit the details of computing probabilitySum,
12 // as it is not updated in this commit. C 1lat E
13 return probabilitySum; ompilation Error
14|}
}g } Error message from the Java compiler:
17 |class DiscreteDistributions { method uniformCdf in class ContinuousDistributions cannot be
18| -public static double UniformCdf(int k, int n) { applied to given types;
19| +public static double uniformCdf(int k, int n) { required: double, double, double
20 if(k<@ || n<1) { found: int,int
21 throw new IlleualArqumentExceptmn( ALl the parameters reason: actual and formal argument lists differ in length
22 |must be positive and n larger than 1.
23 }
24 k = Math.min(k, n);
25 double probabilitySum = k*Uniform(n); Feed Error Messages into
26 +double probabilitySum = k*uniform(n); the LLM as Additional
% , return probabilitySum; Context Clues
29|}
Test Method Diff (Ground Truth) Iter 2 (After Dynamic Validation)
1 |eTest 1 | eTest
2 |public void testUniformCdf() { 2 | public void testUniformCdf() {
3 logger.info("UniformCdf"); 3 logger.info("UniformCdf");
4 double x = 3.0; 4 double x =
5 double a = 2.9; 5 double a =
6 | double b = 10.0; 6 double b = 10.6;
7 double expResult = 0.125; 7 double epresult = 0.125;
8 | -double result = ContinuousDistributions.UniformCdf(x,a,b); | 8 double result = ContinuousDistributions.uniformCdf(x,a,b);
9 +double result = ContinuousDistributions.uniformCdf(x,a,b); | 9 assertEquals(expResult, result, DOUBLE_ACCURACY_HIGH);
10| assertEquals(expResult, result, DOUBLE_ACCURACY_HIGH); 10
1|}
Compilation Success!

Fig. 1. Motivation example: commit 082e6¢4 in Datumbox Framework

Previous work [24] identified four factors that complicate PT co-evolution in real-world software
projects:

e Maintaining a test suite is expensive. Given the limited time and resources, developers often
deprioritize the co-evolution of test code.

e Developers may not be cognizant of all relevant test code related to a specific feature, resulting
in the negligence of obsolete test code.

e Even experienced developers may not understand the whole project due to the complexity
of modern software systems. When new production code is introduced into the project, the
team maintaining the test code may not be able to update it independently.

e Manually identifying and updating test code demands extensive domain-specific knowledge,
and few tools are available to help developers accomplish the co-evolution of test code.

Aware of such difficulties, we aim to develop a new methodology to facilitate PT co-evolution,
ensuring that only verified and correct test code is committed to the code base, thereby greatly
reducing the effort required from developers. Solely applying LLM to update obsolete test code
may be impractical for real-world software projects. Since LLM may produce undesirable or
even erroneous output, developers must continuously validate the generated test code. To relieve
developers from such cumbersome tasks, we propose an approach to help LLM interact with
third-party dynamic validation tools automatically, guaranteeing the quality of generated test code.

To illustrate the necessity of dynamic validation when updating test code, we exhibit an ex-
ample from the datumbox-framework project [7] in Figure 1. The example involves two classes,
ContinuousDistributions and DiscreteDistributions, each defining a method UniformCdf.
The former takes three double parameters as input, whereas the latter accepts two integer parame-
ters. In a specific commit, the developer refactored both methods, renaming them from UniformCdf
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Fig. 2. Overview of REAccerT’s workflow

to uniformCdf, and also renamed the utility function Uniform to uniform. When the production
code changes were presented as context to a LLM (e.g., ChatGPT), the model failed to differentiate
between the two distinct uniformCdf methods. Consequently, it generated an incorrect patch for
the test code that mistakenly invokes ContinuousDistributions.uniformCdf with two integer
arguments, resulting in a compilation error in the test case testUniformCdf. This incorrect test
case cannot be directly integrated into the repository without further corrections. Therefore, we
provided the error messages to the LLM and requested it to retry. By analyzing these error messages,
the LLM revised its output and generated a valid test case, successfully resolving the discrepancies
between the two uniformCdf methods.

3 Our Method

In this section, we introduce the workflow of REAccePT and describe the details of its key
components, including preprocessing, identifying obsolete test code, and applying the necessary
updates to the code base.

3.1 Overall Workflow

The ultimate of REACCEPT is to automate the PT co-evolution completely, i.e., automatically
identify and update obsolete test code. While numerous novel approaches have been proposed in
recent years [13, 22, 28, 32-34, 48, 51, 52, 54], most focus primarily on the identification problem,
with the task of updating outdated test code remaining cumbersome. In addition, limited research
targeting automatic test code updates suffers from low accuracy, rendering them impractical for
real-world software [22].

Given LLM’s impressive capability to process and understand structured text [11, 12, 20, 27, 29, 37—
39, 59, 63], REACCEPT relies on LLMs and Retrieval Augmentation Generation (RAG), together with
dynamic validation, to identify and update obsolete test code precisely. In Figure 2, we illustrate
the overall workflow of REAccEePT, which consists of three phases: preprocessing, identification,
and updating. The preprocessing phase scrutinizes each project’s commit history while extracting
per-method code diffs between adjacent commits. These code diffs are stored in a local vector
knowledge base, facilitating prompt construction for subsequent phases. In the identification phase,
REACCEPT relies on an LLM with pre-defined hierarchical experience to determine whether the
input code demands updating. Finally, in the update phase, REACCEPT combines LLM prompting,
dynamic validation, and RAG techniques to fix detected obsolete test cases with high accuracy.
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3.2 Preprocessing

At this phase, a collection of code commits from real-world projects is organized into structured
data, and code change pairs are extracted to construct a local vector knowledge base.

3.2.1 Data Collection. We collect samples from 537 Java projects of the Apache Foundation, as
well as popular Java projects from GitHub. All of these projects are managed by Maven, with
well-organized repository structures and clear naming conventions. These features make it easier
to mine production and test code based on naming conventions.

REACCEPT represents each per-method code diff as a Change Pair (CP), comprising four compo-
nents: group (the project team), project (the project name), change, (changes in the production
code), and change; (changes in the test code).

CP = (group, pro ject, change,, change;) (1)
change,, and change; are both 5-tuples of metadata.
change, /change; = (version, module, package, class, type) (2)

These tuples represent the commit hash ID (i.e., SHA1 in Git), the module name, the package name,
the class name, and the type of change applied to a single file (either CREATE, DELETE, or EDIT),
respectively. The values of group, project, and version together form a unique identifier for the
project, while “[module]/[package].[class]” specifies the relative path of the source file in the
project.

3.2.2 Knowledge Base Construction. For each code diff, REACCEPT systematically mines the implicit
correlation between:

e the original method, prod,;4, and its updated version, prodpe,
o the original test case, test,;q4, and its co-evolved version, testyey.

According to prior studies [52, 54], the most common combination of change types is EDIT-EDIT
(EE), where developers modify both the production and test code. Therefore, change, and change,
are commonly set to EDIT in most CPs.

ReEAccepPT employs RAG techniques to retrieve pertinent knowledge from the knowledge base,
utilizing a few relevant samples (few-shot) to guide the identification and updating phases. RAG
enables Al applications to transition from the previous pre-training+fine-tuning mode to the pre-
training+prompt mode, greatly simplifying the workload of training models for different demands.
A crucial task in constructing the knowledge base is representing code changes. We aim to reduce
redundant information in code changes, shorten prompt words, and improve the performance of
LLMs on long sequences. If sequence editing is used, it is necessary to explain the meaning of
different operations in the editing script to LLMs, which complicates the understanding process.
Consequently, we differentiate code changes and use code diffs instead of editing scripts [16] as
input. To achieve better retrieval results, these diffs are segmented, embedded, and stored in a
vector database during the knowledge base construction.

Tokenization: For each diff file of the production code, REAcCEPT leverages LangChain’s code
segmentation tool [6] to partition it into token sequences. During the tokenization, changes to
keywords are separated from those to identifiers and converted into distinct tokens, enabling the
LLM to learn the code diff characteristics more efficiently. REAcCEPT employs a block size of 50
with no block overlap. Additionally, the segmentation tool does not differentiate between code and
comments. Source codes and comments were combined without separating comments from codes.
We do not separate codes and comments for the following reasons:

e comments in the code also provide useful description for corresponding code changes;
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e refactoring commits commonly revise a large number of comments, making the description
consistent with the code changes.

Code Embedding: After tokenization, REACCEPT vectorizes these token sequences and uses
LangChain’s code embedding module to embed such sequences. For text embedding, REAccepT
applies OpenAT’s text embedding model, ada-002 [8]. This vector embedding process captures the
semantic features of code elements, transforming them into high-dimensional vector representations.
These vectors will then be utilized to find knowledge base samples that closely match the target
production code changes.

Vector Storage: The vector data, obtained from code embedding and collaborative modification
code pairs, is stored in the vector database Chroma [2] as a dictionary. That is, it is used as an
external expert knowledge base. The constructed vector database supports efficient similarity
search and retrieval. It is subsequently used for extracting the most similar sample and guiding the
LLMs for code generation.

Knowledge Retrieval: When a software project receives a change, REACCEPT retrieves the
most similar sample from the database. Then, REAccEPT applies this change to the production code
and outputs the diff file. The input production code will be transformed into a vector representation.
REACCEPT relies on cosine similarity for sample comparison, which considers the angle between the
vectors generated by code changes, and regularizes the code length. The usage of cosine similarity
can avoid distance bias due to different code lengths. Compared to Euclidean distance, cosine
similarity can better capture the semantic information of code changes and thus reflect the semantic
similarity of code changes. The cosine similarity is calculated using the following formula.

c-s=|lcllisllcos € ®)

L Cisi
i=1 "1 (4)

c-s
lellisl ™ [ [

Given the production code change ¢ and the high similarity sample s, the cosine similarity is
calculated by the dot product and the vector length.

similarity = cos § =

3.3 Identification of Obsolete Test Code

In this phase, the preprocessed code change pairs will be sent to REAccEPT’s identifier to
determine whether an obsolete test update is needed. Let p and t denote the production code and
the test code before the update, with p’ and ¢’ after the update, respectively. The task of obsolete
test identification can be formulated as a function Identify(p, p’, t) such that

1 ift #t' ie., t must be updated.
0 otherwise

Identify(p, p’, t) = { (5)
Identifying obsolete tests can be regarded as a specialized text classification task, which REAcceprT
addresses through prompt engineering and RAG techniques.

When the production code undergoes changes and a repair patch is generated, the production
code pair < p, p’ > and the original test code ¢ are fed into the LLM. The model then attempts to
understand and capture the semantic relationships in the code modifications, thereby determining
the necessity of updating ¢. If the update is indispensable, REACCEPT compares and searches for the
most similar update record in the vector knowledge base, to guide the subsequent obsolete test
update.

The overall process of obsolete test identification is made up of four steps, including identifica-
tion experience design, experience summarization, prompt template design and identification result
generation.
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3.3.1 lIdentification Experience Design. In a preliminary experiment, we directly ask the LLM to
identify the obsolete test code only based on prodye.,, prod,iq and test,;y. The performance proves
to be unsatisfactory. The LLM exhibits a cognitive bias when analyzing the test code, presuming
that any modification to the production code would render the correlated test cases obsolete. There
might be two probable reasons.

e Data and corpus deviation. LLMs are typically trained on vast amounts of text data, which
often includes extensive discussions about code updates and maintenance. In many real-world
development scenarios, modifications to the production code frequently accompany updates
to the test code. This pattern may dominate a significant portion of the training data, causing
the model to develop such a bias.

e Lack of domain-specific knowledge. Despite possessing a broad spectrum of general
knowledge, LLMs may lack expertise and experience in specific domains. There is a tendency
to rely on general knowledge, potentially overlooking the nuance between real-world projects.

To address this issue, we propose an experience-guided approach to construct more effective
prompts, helping the LLMs more accurately determine whether modifications to production code
require updates to test code. Algorithm 1 introduces the details of the experienced-guided approach.
The term “experience” refers to a set of natural-language descriptions of domain-specific principles
in PT co-evolutions, denoted as E = {ej, ey, ...e;y }, where each e; consists of a principle’s title and a
detailed explanation.

For instance, e; could be “Abstraction Level: if the changes in the production code do not
significantly alter the abstraction level”. The set of experience E will be incorporated into the
prompt, guiding the LLM in more accurately determining whether modifications to the production
code necessitate updates to the test code.

Algorithm 1 Identification Experience Extraction Process

1: Input: Training dataset D = {d, ..., d,}(code changes and update labels)

2: Output: A set of refined experience E = {ey, es,. .., em}.

3: Step 1: Experience Extraction

4: for each sample d; in D do

5 Extract experience e; from d; by identifying key patterns of code changes and updates.
6 Add e; to the initial set of experience E;;;;.

7: Step 2: Experience Embedding and Aggregation
8: Vectorization: Use a pre-trained embedding model to vectorize experience in Ej,j;.
9: PCA: Apply PCA to reduce the dimensions of the embeddings.

10: Clustering: Apply mini-batch k-means clustering to group similar experience.

11: Step 3: Clusters Summarization

12: for each cluster C; in {Cy,...,C,} do

13: Split C; into chunks.

14: Summarize each chunk Ch; by using an LLM to get chunk-level summarization s;.
15: Add s; into relevant cluster-level summarization S..
16: Add experience S into the set Ey,.

17: Step 4: Semantic Deduplication
18: Semantic Deduplication: Remove redundant S, in Egy,.
19: Output: Refined experience set E
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3.3.2  Experience Summarization. We build the experience set in four steps, as outlined in Algo-
rithm 1. In lines 3-6, each training sample d; from dataset D is refined into an experience piece
e;, preserving only key patterns in code changes and their corresponding test updates. These
patterns include syntactic modifications, dependency shifts, and semantic alignments between the
production code and test code. By aggregating extracted experience, we get an initial set Ejp;;.

In lines 7-10 of Algorithm 1, we undergo a refinement process through embedding and aggrega-
tion. First, we employ a pre-trained embedding model to convert each experience e; € Ejp;; into
a high-dimensional vector. This vector captures semantic and syntactic nuances of code changes
and test updates. To mitigate dimensionality challenges, we apply Principal Component Analysis
(PCA) to the embeddings, retaining most of the variance while compressing features into a lower-
dimensional space. Subsequently, we cluster these reduced embeddings using mini-batch k-means,
which efficiently groups a large amount of similar experience into the same category.

In lines 11-16 of Algorithm 1, we refine each cluster C; into concise principles. Large clusters
are split into smaller chunks Ch; to accommodate the context length limitation in LLMs. For each
chunk Ch;, we prompt the LLM with a task-specific template: “summarize experience into key
principles in a structured format: {num}.{AbstractPrinciple} : {Explanation}”. This template
produces chunk-level summarization s;, which are further refined into the cluster-level experience
S. within the set Egp,.

Finally, in lines 17-18 of Algorithm 1, we perform semantic deduplication on E,,,. Using cosine
similarity between embeddings of all summary pairs, we merge or remove redundancies where
similarity exceeds the threshold. This yields the refined experience set E, which helps mitigate
model hallucinations and thus improves recognition accuracy.

3.3.3  Prompt Template Design. Prompt

engineering plays a crucial role in ~
identifying obsolete test code. By Input Ouput
. . Role: You are an expert software testing engineer specializing in
Carefully deslgnlng the prompts, the analyzing production code changes and updating corresponding test
. cases.
LLM can make more accurate )udg— Task: Your task is to determine if the old test code needs updates
. . based on the changes in the production code.
ments. Flgure 3 llluStrateS an eXample Context: | will give you some experience to tell you when the
. modification of production code does not require updating the test
of prompt template designed for the code.Belowistheexperlence: The answr is 8.
1 1 3 1. Abstraction Level: if the changes in the production code do not
ObSOIete test ldentlﬁcatlon taSk' The 1 significantly alter the abstraction level;
1 3 3 1 2. Parameter Independence: if the modifications do not affect the |
prompt template is primarily com- | | G ofprametas: ;
d f . 1 3. Consistency in Production Code Changes: if changes follow
posed o two parts : System message | established patterns and do not introduce new functionalities.
and human message. The system mes-
Instructional Statement: Below are the old and new versions of the S:
Sage deﬁnes the I'Ole the LLM Should production code and the old test code (They are marked between ystem message
. . <xxx>and </xxx>): srience
assume and its general behavior. The <old_prod> {relatve code) </old_prod> Experience
<new_prod> {relative code} </new_prod> .
human mess age also known as the <old_test> {relative code} <test_prod> Co-evolution sample
4 Task Instruction: Carefully compare the old and new production code.
3 Then determine if the old test code still adequately tests the new ; SSA0E
user message’ lnc}'udes prompts from production code. If the test code needs to be updated, please just Human message

the user and may provide examples, Answer
historical prompts, or specific instruc-
tions for the assistant. The general-
ized experience retrieved through Al-

gorithm 1 is also included in the human message.

\output 'yes'. Otherwise, please just output 'no'.

Fig. 3. The prompt template of the identification task

3.3.4 Identification Result Generation. After the identification experience extraction process, our
prompt design can now accurately guide the LLM in identifying the obsolete test code. During
the process of generating identification results, the LLM analyzes the given production and test
code based on the experience and guidance in the keywords, and provides a judgment on whether

Proc. ACM Softw. Eng., Vol. 2, No. ISSTA, Article ISSTA055. Publication date: July 2025.



ISSTA055:10 Jianlei Chi, Xiaotian Wang, Yuhan Huang, Lechen Yu, Di Cui, Jianguo Sun, and Jun Sun

Prompt template
generation

Error message Failure message
collection collection
No No

Yes
Input SRS Updated
Qbsolete tes| XS test
Prompt template Coverage message
generation collection

Fig. 4. Test process decomposition

the test code needs to be updated. Additionally, the LLM will offer detailed explanations to help
developers understand the reasoning behind its judgments.

3.4 Obsolete Test Code Update

In this phase, REAcCEPT updates the detected obsolete test code. The task of obsolete test update
can be described as a function Update(p, p’,t) = t’ which returns a test ¢’ that is compilable,
testable, and covering updated code in p. In our approach, REACCEPT solves this task in two steps:
test update generation and test update validation. Although REAccePT focuses on Java applications,
the techniques behind REACCEPT are applicable to other programming languages.

3.4.1 The Decomposition of Obsolete Test Update. As illustrated in Figure 4, the identified obsolete
test code will be sent to REAcCEPT’s updater. The updater combines the obsolete test code with
the retrieved most similar historical records to form a few-shot prompt, thereby generating the
new test code through the LLM. Using dynamic validation, the updater adjusts the output from the
LLM to make sure the updated test code satisfies some pre-defined requirements. First, the test
code must be correctly compiled by the Javac compiler [4]. In addition, REACCEPT reruns the test
code and acquires their coverage to the production code through JaCoCo [3]. As a valid update, the
generated test code must cover the modified statements in the production code while not arising
any runtime errors [25].

The decomposition of the update
phase facilitates the construction of

. Input Ouput
prompt templates for different sce- o o v s g g s .

. L. . . analyzing production code changes and updating corresponding ystem message
narios, assisting the LLM in fixing PR e Cocvoluion sample
erroneous snippets in the test code. e e A

. . . marked between <xc and </oc):
Due to the inherent variability of test- SRR rer
. <diff_product> {relative code} </diff_product>
ing effects, REACCEPT measures test- e
ing code quality using four levels: ol e et coiey e s oo
,l . ,l ,l Task Instruction: Please read the above method carefully and give g::‘:ﬂs‘ code)

compilation failure, test failure, cov- 1w s mthod v meied staring i e <vov. e o3 s

. . . o AS
erag € f a llure’ and sa tlsf y 1 ng a ll test- Task Instruction: The test method you generated is incorrectand | _.- " /
. . . . cannot be compiled. This is the error messages:
ing requirements. This also requires | =——————
REACCEPT to parse the results of the Task Instruction: The test method you generated can be Cf':"v"' terstely generste and valiizte

. . . . . compiled, but cannot be executed. This is the failure messages:
dynamic validation and interact with o2 et s okt e
the LLM for future test COde genera— Task Instruction: The test method you generated cannot fully
cover the production method. This is an uncovered element:

tion. e e

3.4.2 Test Update Generation. The
prompt templates play a pivotal role Fig. 5. The prompt template of the updating task
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Algorithm 2 Generate and Validate Updated Test Code

Input: Diff for production code: prody;ss, obsolete test code: test,iq
Output: Updated test code: testgen
procedure GENERATE(prodg;sr, testo1q)

2 Retrieve sample from knowledge base, build prompt with prodg;rr, testoa, sample
Get testgen, from LLM with input prompt, update test,;q in environment with testy.,
4: Compile and get result, messages
if result = SUCCESS then
6: Unit test and get result, messages
if result = PASS then
8: Coverage test and get result, messages
while result # COVER do
10: Build prompt with messages
Get testgen from LLM with input prompt, update test;,s; in environment with testgen
12: Compile and get result, messages
if result = SUCCESS then
14: Unit test and get result, messages
if result = PASS then
16: Coverage test and get result, messages

return testgen

in guiding update tasks. It is also nec-
essary to optimize the prompt template to ensure that the LLM outputs well-formatted text [43].

As has been shown in Figure 5, the input parameters accepted by the prompt template for
updating tasks are production code before and after the change (prod,q, prod,ew), the original
test code test,yy, and retrieved samples with highest similarity (prodsamipe, testsampie). We choose
to embed a sample’s code diff into the prompt templates rather than directly entering all related
production and test code to the LLM. Since the diff file concentrates on the code changes, it is
instrumental in compressing the prompt length and avoiding potential performance downgrade
when the LLM encounters a lengthy prompt.

If the test code does not meet the testing requirements, REACCEPT uses the test results obtained
from feedback information. Figure 5 illustrates the three types of feedback templates we construct.
These templates will be integrated into the human message to build a new prompt, which will then
be input into the LLM.

3.4.3 Applying ReAct Mechanism. After generating prompt templates, REACCEPT initializes the
LLM with a conversation memory, to build an agent following the ReAct mechanism [57].

The agent generates inference paths and specific task behaviors in an interleaved manner.
The inference paths facilitate the deduction of behavior plans and the handling of corner cases.
Meanwhile, the task behaviors allow the agent to access external sources, such as the knowledge
base to obtain knowledge related to the current task, i.e., high-similarity samples. The ReAct
mechanism can coordinate LLM to obtain testing information from the actual project environment,
which is used to guide LLM to correct compilation errors, testing failures, or low coverage of testing
code.

3.4.4 Test Update Validation. After constructing the agent, the change patterns will be input into
the agent to predict the updated test code. We will also retrieve the most similar sample from the
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knowledge base to construct a prompt. This prompt will then be input into the LLM, allowing us to
extract the updated test code from the LLM’s output. The updated test code will be used to test the
modified production code in the environment, generating test results and messages.

ReEAccepT will revise and dynamically validate the output code through the following process.
All error messages encountered during dynamic validation will be analyzed to inform future test
code generation.

(1) Update the test code in the original project environment.

(2) Compile the test code to check if the test class file is compilable.

(3) Rerun the test code, examining whether the execution raises any failures or runtime errors.

(4) Apply JaCoCo to check the coverage at the statement level. The updated test code should
cover the changes revealed in diffs of the production code.

The dynamic validation process will keep executing the process shown in Figure 4 and Algo-
rithm 2 until generating a valid test code or reaching a pre-defined cutoff (currently, we empirically
set the maximum rounds of iteration to 8). When the test code passes the checks of compilation,
re-execution, and test coverage, REAcCEPT will stop further interaction with the LLM and output
the updated test code.

4 Experiment

Our method REAccEPT has been implemented using the LangChain framework, with OpenATI’s
gpt-4-0125-preview as the underlying LLM. The LLM’s default settings for PT co-evolution are:
temperature set to 0, top-p sampling with p = 1, frequency penalty set to 0, and a conversation
buffer enabled with a window size of 3.

We chose to use these default settings based on the following insights:

e Lowering the temperature helps improve the stability of the LLM output. We observed that
with the temperature set to 0, the LLM output for updating test code exhibited less variability.

e When the top-p value is low, LLM reserves fewer candidates for output, which may result in
the loss of necessary keywords or identifiers in the test code. Therefore, a higher top-p value
is required to reserve enough candidate tokens.

e We evaluated two context management strategies available in LangChain: conversation-
buffer-window and conversation-token-buffer. The former retains the last few conversation
turns, while the latter maintains only the most recent messages within a specified token limit.
Applying the conversation-buffer-window strategy avoids a conversation being truncated
and helps us monitor the LLM’s performance in different iterations.

e Setting the window size to 3 ensures that all input remains within the LLM’s token limit. We
found that with a window size of 4, 5, or 6, some samples in the dataset exceeded the LLM’s
input capacity.

In this section, we design multiple experiments to evaluate the effectiveness of REAccerT. We
start by outlining the research questions that guided the evaluation design, followed by a description
of the experimental setup and an in-depth discussion of the results.

4.1 Research Questions
We aim to answer the following research questions:

e RQ1: How effective is REAcCEPT on solving the PT co-evolution problem, i.e., identify and
update obsolete test code?

e RQ2: How effective is REACCEPT on identifying obsolete tests?

e RQ3: How effective is REACCEPT on updating obsolete tests?

e RQ4: What are the factors that can impact the performance of REAccerT?
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Table 2. Benchmark Details for Dynamic Evaluation
Table 1. Data Set Details

Project Commits Samples
Data Pos. Neg. Total springside4 2/2 3/3
Set commons-lang 5/5 8/8
Train 4676 16496 21172 dddlib 2/4 8/10
T datumbox 717 9/9
est 520 1771 2231 openmrs-core 28/34 29/37
Total 5196 18267 23403 basex 30/42 46/63
Total 74/94 103/130

RQ1 aims to provide an overall evaluation of our method, treating the identification and update
phases as two parts of a holistic process. RQ2 and RQ3 then analyze the performance of our method
in each phase separately. At last, RQ4 conducts multiple ablation studies to evaluate the impact of
different design choices and parameters on REACCEPT’s performance.

4.2 Experiment Settings

4.2.1 Dataset Construction. In order to build a comprehensive PT co-evolution benchmark dataset,
we expanded the datasets from previous work [22, 52, 54] to facilitate our evaluations and future
research on PT co-evolution. The dataset primarily consists of Java projects from the Apache
Foundation, along with the top 1000 highly-starred Java projects on GitHub. All of these projects
are managed using Maven and follow a good structure and naming convention, making it easier to
mine paired production and test code based on these conventions. In total, the dataset includes
537 projects. We selected CPs from these projects according to the change types in the production
and test code. We only included CPs that edit both production and test code (e.g., Edit), while
excluding other change types (e.g., Create and Delete). The detailed information of the dataset is
shown in Table 1.

We split the dataset into a 90% training set for the LLMs to gain experience and a 10% test set to
assess the effectiveness of our PT co-evolution approach. The co-evolution samples in the dataset
were labeled as either positive or negative. Positive samples indicate that the corresponding test
code requires updating, while negative samples do not require any changes. Consequently, only the
positive samples from the training set were included in the knowledge base, which can be retrieved
using the RAG technique.

Note that REAcCEPT conducts dynamic validation in the test code updating phase, which requires
setting up the correct test environment (e.g., JDK, third-party packages) for all samples. Thus, to
evaluate the effectiveness of updating obsolete test code, we scrutinized six popular Java projects
from our dataset that are managed by Maven, examining the test environment of each collected
commit. In order to make an apple-to-apple comparison, we only report the results on these six
projects, which prior work can also build and produce valid results for.

Details of these projects are presented in Table 2. The first two columns record each project’s
name and the number of collected commits, respectively. The third column is the number of
collected samples, indicating that a single commit may contain multiple samples. The number
of commits and samples are expressed as ratios, with the numerator representing the count of
successfully built and runnable instances. Overall, our evaluations utilized 74 commits, which
included 103 co-evolution samples.

4.2.2 Baselines. For baseline comparisons, we compared REAccePT with general methods such
as Random Guess (RG), K-Nearest Neighbor (KNN), Neural Machine Translation (NMT), as well
as state-of-the-art approaches including SITAR [54], CHOSEN [52], and CEPROT [22]. Since RG,
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SITAR, and CHOSEN are only capable of identifying the obsolete test code (RQ2), we omitted them
when comparing the overall performance (RQ1) and the effectiveness of updating the obsolete test
code (RQ3).

4.2.3  Evaluation Metrics. When evaluating obsolete test code identification, we measured each
approach’s accuracy, precision, recall, and F1 score on our dataset. We selected these metrics
because the task can be modeled as a binary classification problem, and these metrics are commonly
used to assess the performance of classification methods.

To evaluate the effect of updating obsolete test code, we need to compare the generated code, by
different approaches, with the ground truth. We applied three distinct categories of metrics for the
comparison, including:

e Syntactic metrics: We used Levenshtein Distance to evaluate the syntactic performance of
updated test code.

e Semantic metrics: We used Statement Coverage to evaluate the semantic performence of the
updated test code.

e Comprehensive metrics: We adopted CodeBLEU [46] as the evaluation metric.

As an extension to BLEU [42], CodeBLEU is a commonly used metric for evaluating code
generation tasks. Prior work [46] has revealed that BLEU does not take into account the correctness
of programming language syntax and logic, likely to result in syntax or logic errors with high
n-gram accuracy. Therefore, CodeBLEU is more suitable for our evaluations.

However, CodeBLEU still cannot fully reflect the effectiveness of the updated test code in practice.
In [22], Hu et al. show that even test code with a high CodeBLEU score may fail to execute correctly
in real projects. The compilation success rate is only 48%, and the actual correctness rate of the
update is only 12.3%. To address the problem, we further complemented CodeBLEU with the
following three metrics measured based on dynamic evaluation, when comparing REAccepT with
those baseline approaches.

e Compile Success Rate (CSR): the percentage of test code that is successfully compiled (after
building the corresponding project version).

o Test Pass Rate (TPS): the percentage of updated test code that successfully runs and passes.

e Update Coverage Rate (UCR): the percentage of updated test code that successfully runs,
passes, and covers the changes in the product code.

Note that for all rates, higher values indicate better performance.

At last, to evaluate the overall effectiveness of each technique for PT co-evolution, we measured
the percentage of correctly identified test code that successfully compile, run, and cover the updated
production code.

4.3 Experimental Results

4.3.1 RQI: The effectiveness on solving the PT co-evolution problem. We conducted experiments
on 130 samples from Table 2 to evaluate the overall effectiveness of different approaches. These
130 samples can be categorized into two types: configurable samples, which consist of successfully
generated code validated by the environment, and configuration-failed samples, which fail to
compile due to missing dependencies or syntax errors. During the experiment all samples identified
as positive (requiring an update) entered REACCEPT’s repair phase. When calculating the joint
accuracy of the identification and update phases, we applied the formula Acc = TPC/TP. TP are
the total number of true positive samples which REAccCEPT correctly identified as requiring an
update. TPC refers to the number of samples where the generated code is successfully compiled
and functionally validated.
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Figure 6 shows the results when REAccEPT and baseline approaches aim to solve the PT co-
evolution problem completely, i.e., identifying and updating the tests automatically. We can observe
that REAccePT outperforms all baseline approaches, showing significant improvements across all
metrics. REACCEPT achieves an update accuracy of 60.16% in correctly identifying the obsolete
test code, surpassing KNN’s 8.51%, NMT’s 19.83%, and CEPROT’s 31.62% by 607%, 203%, and 90%,
respectively. In terms of syntactic and semantic performance, REACCEPT is also more outstanding
than the baseline method. The Levenshtein distance of REACCEPT is 240, obviously less than
CEPROT’s 312, KNN’s 524 and NMT’s 610, which means it can achieve better performance than
other methods with fewer edits. REACCEPT has a statement coverage of 41.1%, which is 20%, 119%
and 154% higher than CEPROT’s 34.2%, KNN’s 18.8% and NMT’s 16.2%. The dynamic validation of
REACCEPT ensures the quality of the test code, resulting in better statement coverage than other
methods. Regarding the CodeBLUE metric, REACCEPT also outperforms other approaches with a
score of 82.03%. This yields improvements of 118.7%, 154.4%, and 30.4% over KNN’s 37.63%, NMT’s
32.35%, and CEPROT’s 63.11%, respectively.

Specifically, in the identification phase,

ReEAccCEPT identifies more obsolete test code ™= . o - e
compared to KNN, NMT, and CHOSEN classi-

fiers. Although CEPROT surpasses REACCEPT
in the obsolete test identification phase,
REAcCEPT demonstrates significantly better
performance in the obsolete test update phase,
ultimately securing a notable overall advantage.
Note that both phases of REAccEpT are flexi-
ble and independent, allowing for the integra-
tion of more effective obsolete test identifica- Sk 10
tion techniques to further enhance REACCEPT’s 0%
performance. Overall, the results suggest that
REACCEPT is a useful tool that can signifi- Fig. 6. The overall effectiveness of different approaches
cantly reduce the required effort for the PT

co-evolution problem.
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4.3.2 RQ2: The effectiveness of the obsolete test identification. The above results suggest that
REACCEPT is the best approach overall. Next, we evaluated the performance of REACCEPT in the
two phases separately and compared it to the corresponding state-of-the-art approaches. Table 3
provides detailed statistics on REACCEPT’s performance during the obsolete test identification
phase, including True Positives, False Positives, True Negatives, and False Negatives. Next, Table 4
highlights the performance difference between REACCEPT and other baseline approaches (RG, KNN,
SITAR, NMT, CHOSEN, and CEPROT) using those predefined metrics, such as precision, recall,
and F1-score, for both positive and negative samples. We carried out experiments with 3-fold
cross-validation and calculated the average of the metrics as the experimental result to demonstrate
the reliability of REAccepPT. Note that accuracy reflects the overall correctness of an approach’s
predictions, irrespective of class labels, and is therefore reported as a single value in Table 4.

It can be observed that REAccePT significantly outperforms RG, KNN, NMT, and SITAR, marginally
outperforms CHOSEN, and shows comparable performance to CEPROT. Notably, REACCEPT excels
in the negative class, with a precision of 99.00%, recall of 97.92%, and F1 score of 98.46%. We found
that misidentification mainly results from a lack of comprehensive experience covering all complex
scenarios. Improving the quantity and quality of the training set can help mitigate such misiden-
tification. Additionally, utilizing more advanced LLM models could further enhance REACCEPT’s
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Table 4. Effectiveness of different techniques on the obsolete test
Table 3. REAccEPT’s identification re-  identification task
sult of 2231 Samples

Method Ace. Positive Negative
Identification Prediction Total Prec. Rec. Fl. Prec. Rec. FIl.
Labe Pos. Neg. RG 48.68% 46.39% 49.72% 48.00% 51.08% 47.74% 49.35%
— KNN 74.73% 83.40% 72.30% 77.50% 90.56% 75.41% 82.29%
Positive 496 24 520 SITAR 84.17% 78.30% 38.90% 52.00% 84.83% 96.89% 90.38%
Negative 53 1658 1711 NMT 91.50% 82.00% 78.85% 80.39% 94.05% 95.09% 94.51%
CHOSEN  92.89% 89.29% 96.69% 92.84% 96.74% 89.45% 92.95%
Total 549 1682 2231 CEPROT  97.50% 98.30% 90.00% 94.00% 97.20% 99.60% 98.40%

REACCEPT 97.51% 91.69% 95.98% 93.79% 99.00% 97.92% 98.46%

identification performance. We would like to point out that, unlike REAccepT, which is designed
to fully address the PT co-evolution problem, some approaches (such as SITAR and CHOSEN)
only partially address the issue and can not automatically update the test code. Extending these
approaches to incorporate update functionality is also cumbersome due to their complex software
infrastructure. Furthermore, while CEPROT performs well in identifying the obsolete test code, it
turns out to be ineffective in updating those test cases, as we will show in the following research
question. Overall, the results show that REAcCEPT can effectively identify the obsolete test code.

4.3.3 RQ3: The effectiveness of the obsolete test update. Apart from the identification phase, we
also evaluated REACCEPT’s performance in terms of updating the identified obsolete test code. The
corresponding evaluation results are shown in Table 5. We can observe that REACCEPT significantly
outperforms all the baselines, in terms of all three metrics. The CSR of REACCEPT is 85.44%, which is
substantially higher than the best baseline’s 49.52%. Furthermore, the updated test code generated
by REAccEePT have a 71.84% chance of covering the updated product code, considerably higher than
the best baseline’s 35.92%. These results indicate that most of the test code generated by REAccepT
are not only syntactically correct but also appropriately validate the production code changes,
while existing techniques struggle to effectively update the test code. Overall, REAcCEPT achieved
an improvement of 825%, 222%, and 100% over KNN, NMT, and CEPROT, respectively.

It is apparent that prior work has largely overlooked the challenge of updating the obsolete
test code, possibly due to its complexity. KNN and NMT are general-purpose methods that can
be applied to various tasks, but their performance in PT co-evolution is not satisfactory enough.
CEPROT exhibits reduced accuracy when tackling test code containing numerous statements, as
the lengthy test code must be split into multiple smaller code blocks and updated separately. The
underlying issue, as noted by the authors, is that their model is limited in handling long sequence
tasks [22]. On the other hand, our approach REAcCEPT demonstrates significant improvements
over the state-of-the-art approaches when tackling such lengthy test code.

Performance Fluctuation: Due to the diverse outputs of the underlying LLM, we conducted
five repetitions of the experiment for each sample, analyzing the performance fluctuation when
updating the test code. On average, REACCEPT achieved a CSR of 79.81%, a TPS of 69.13%, and a
UCR of 65.63%. The mean absolute deviations for these metrics are 4.50%, 6.06%, and 6.14%, with
variances of 0.0021642, 0.0046904, and 0.0043988, respectively.

4.3.4 RQ4: Ablation studies. We conducted multiple ablation studies to evaluate the impact of the
following parameters on REACCEPT.

Proc. ACM Softw. Eng., Vol. 2, No. ISSTA, Article ISSTA055. Publication date: July 2025.



REACCEPT: Automated Co-evolution of Production and Test Code Based on Dynamic Validation and ... ISSTA055:17

Table 5. Dynamic performance of different techniques on the obsolete test update task

KNN NMT CEPROT REACCEPT
CSR TPS UCR CSR TPS UCR CSR TPS UCR CSR TPS UCR

springside4 66.67% 66.67% 0.00% 33.33% 33.33% 33.33% 66.67% 66.67% 66.67% 100.00% 100.00% 100.00%
commons-lang 62.50% 50.00% 12.50% 37.50% 25.00% 25.00% 62.50% 62.50% 62.50% 87.50% 87.50% 87.50%
dddlib 37.50% 37.50% 12.50% 12.50% 12.50% 12.50% 37.50% 37.50% 37.50% 25.00% 25.00% 25.00%
datumbox 22.22% 0.00% 0.00% 22.22% 22.22% 22.22% 44.44% 33.33% 33.33% 77.78% 77.78% 77.78%
openmrs-core 37.93% 24.14% 6.90% 31.03% 24.14% 20.69% 44.83% 31.03% 24.14% 82.76% 65.52% 65.52%
basex 47.83% 34.78% 8.70% 26.09% 26.09% 23.91% 52.17% 41.30% 36.96% 97.83% 84.78% 78.26%

Approach

Average 43.69% 31.07% 7.77% 30.10% 24.27% 22.33% 49.52% 39.82% 35.92% 85.44% 74.76% 71.84%

e Choice of LLMs: We evaluated the performance of REAccepT with gpt-3.5-turbo-0125, gpt-4-
0125-preview, gpt-4-turbo-2024-04-09 and gpt-40-2024-05-13 to understand the impact of
different LLMs.

e Temperature: We evaluated the performance of REAccepT with different temperatures (rang-
ing from 0 to 1), which controls the randomness of the generated response from the LLMs.

o Top-p: We evaluated the performance of REAccepT with different values for nucleus sampling
(ranging from 0 to 1) that is used to control the diversity of the generated text. Note that a
top-p value of x causes the LLMs to generate text using tokens with probabilities higher than
X.

e RAG and DV(dynamic validation): We compared two variants without RAG, i.e., zero-shot,
and without dynamic validation.

e Embedding model: We evaluated the performance of REAccepT with three different embed-

ding models, including 1) text-embedding-3-large, 2) text-embedding-3-small, and 3) text-

embedding-ada-002. to compare their impact on PT co-evolution tasks.

Iteration number for the update phase: The dynamic validation process will keep executing

until generating valid test code or reaching a pre-defined cutoff. By default, we limited the

iteration number to 8. We aimed to evaluate whether this threshold has a significant impact
on REACCEPT.

Figure 7 presents the results of our ablation study, from which several conclusions can be drawn.

Different LLMs. All three GPT-4 versions outperformed GPT-3.5, and the differences among
the GPT-4 versions were minimal. Specifically, gpt-4-0125-preview improves CSR, TPS and UCR
by 8.74%, 14.57% and 13.59% over gpt-3.5-turbo-0125. The performance of gpt-4-0125-preview
and gpt-4-turbo-2024-04-09 is almost equal. Surprisingly, the latest model, gpt-40-2024-05-13,
showed a decrease of 2.92%, 3.89%, and 2.91% in CSR, TPS, and UCR respectively, compared to
gpt-4-0125-preview.

Temperature. The updated test code’s CSR and TPS decline as the temperature increases,
peaking at 0. In contrast, UCR reaches its lowest value at a temperature of 0.5.

Top-p. We observed that a higher top-p improves the performance of REAcceprT. A low top-p
value limits the number of output candidates, which may result in missing keywords or identifiers
in the test code. Increasing the top-p value helps retain essential candidate tokens in LLMs.

RAG and DV. The use of RAG improves the relevance of its output to code changes, significantly
improving CSR, TPS, and UCR. Furthermore, dynamic validation results guide LLMs in optimizing
low-quality test code, leading to substantial improvements in these metrics.

Embedding model. When using text-embedding-ada-002 for tokenization, REACCEPT success-
fully fixed the most samples compared to the other two embedding models. Although released
earlier, text-embedding-ada-002 achieved the highest scores on all three metrics.
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Fig. 7. Ablation study results

o CSR: text-embedding-ada-002 achieved the highest rate at 85.44%, surpassing text-embedding-
3-small (78.64%) by 6.80% and text-embedding-3-large (82.52%) by 2.92%.

o TPS: text-embedding-ada-002 reached 74.76%, outperforming text-embedding-3-small (67.96%)
by 6.80% and text-embedding-3-large (72.82%) by 1.94%.

e UCR: text-embedding-ada-002 recorded 71.84%, improving upon text-embedding-3-small
(66.02%) by 5.82% and text-embedding-3-large (68.93%) by 2.91%.

Number of iterations. To determine the necessary iterations for PT co-evolution, we analyzed
all 103 samples, with REAcCEPT successfully updating 74 of them. Figure 7f illustrates the first
occurrence of a correct patch when REAccepT tackles a sample. We observed that 50.49% samples
(UCR) were successfully updated in the first iteration. CSR and TPS reach 52.42% and 67.96% in the
first iteration. Five samples required three or more iterations for a correct update, and all samples
were successfully updated within six iterations. These results highlight the importance of having a
sufficient number of iterations to complete the updating process.

4.4 Discussion

It was observed that REACCEPT’s performance on dddlib is not as strong as expected. After an
in-depth investigation on dddlib, it turns out that the root cause of such performance downgrade
lies in the unsuccessful updated samples. The dddlib project contains two successfully configured
commits with four samples each. In commit 32f7a3d1d6d33c31e154fe893ab8ea3b73b32389, out of
the four samples, only the first sample is successfully updated, while the remaining three contain
compilation errors. Upon analyzing these samples, we found that all samples have similar modified
structures but different identifiers, i.e., variable names and method names used in the test cases,
leading to the retrieval of a suboptimal sample. A similar result occurs when REAccepT tackling
the other commit 566855¢10bb0d875e493ef0c5d4d075¢80c20a78, in which one out of the four samples
is correctly updated. Therefore, in the RAG process for the update task, leveraging similarities in
code and modification structures may be more effective than relying solely on textual similarity.

To better clarify the effect of dynamic validation in optimizing the test code generation, we
conducted a case study on a successfully updated sample from datumbox-framework. As shown in
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Example: datumbox-framework 082e6c44f04813d2164d6f7d8c878484edfff219 committed on Jan 8, 2016
Production Method Diff Test Method Diff

1 | -public static double UniformCdf(int k, int n) { 1 @Test
2 | +public static double UniformCdf(int k, int n) { 2 | public void testUniformCdf() {
3 if(k<@ || n<1) { 3 logger.info("UniformCdf");
4 throw new IllegalArgumentException("All 4 double x = 3.0;
the parameters must be positive and n larger 2 goutﬁe z = ieeé
han 1."): ouble b = 10.0;
5 than ) 7 double epresulé = 0.125;
5 Kk = Math.min(k, n); 8 - double result : ContinuousDistributions.
7| - double probabilitySum = k*Uniform(n); DSOS (x, 2, b);
P Lty iina 2 9 |+ double result = ContinuousDistributions.
8 | + double probabilitySum = k*UREForm(n); UnFOrmCAE (x, a, b);
P . , @, b);
9 return probabilitySum; 10 assertEquals(expResult, result,
1ol } TestConfiguration.DOUBLE_ACCURACY. HIGH),
1| 3
Test Method Updated by REACCEPT
Without Dynamic Validation, First Iteration Compile Error After Dynamic Validation, Second Iteration Compile Error
1 1
2 | public void testUniformCdf() { 2 | public void testUniformCdf() {
3 logger.info( H 3 logger.info( H
4 int k = 3; 4 double k = 3.0;
5 int n = 10; 5 double n = 10.0;
6 double expResult = 0.125; 6 double expResult = 0.125;
7 double result = ContinuousDistributions. 7 double result = ContinuousDistributions.
uniformCdf(k, n); uniformCdf(k, n);
8 assertEquals(expResult, result 8 assertEquals(expResult, result,
TestConfiguration.DOUBLE_ACCURACY. HIGH) TestConfiguration.DOUBLE_ACCURACY, HIGH)
9|} 9|}
After Dynamic Validation, Third lteration Test Error After Dynamic Validation, Fourth Iteration Test Pass
1 1
2 | public void testUniformCdf() { 2 | public void testUniformCdf() {
3 logger.info( )5 3 logger.info( )
4 double k = 3.90; 4 double x = 3.0;
| s (| mmsa
6 ouble expResult = 0.125; ouble = .05
7 double result = ContinuousDistributions. 7 double expResult = 0.125;
uniformCdf(k, n, n); 8 . double result = ContinuousDistributions.
8 asse(‘tEqua}s(epresult, result, uniformCdf(x, a, b);
;estConflguratlon.DOUBLEJ&CCURAC‘LHIGH); 9 T tgssirtEqui}S(E;gsgigliécaszgitgmm
9 estConfiguration. - | H
10| }

Fig. 8. Impact of dynamic validation on updating obsolete test code

Figure 8, developers renamed the method in the production code, resulting in a compilation error
when launching the existing test code. To fix such an error, the test code must be refactored to
invoke the method through the correct method name uniformCdf. After REAccePT identified this
obsolete test code, it proceeded to the updating task using the LLM.

In the first iteration, the LLM renamed the UniformCdf method called in the test code. However,
due to the influence of the non-changed part of the production code, the LLM incorrectly called the
uniformCdf method, reasoning a Java compilation error and inconsistent semantics compared to
the original one. In the second iteration, the LLM accepted the results of the dynamic validation
and modified the actual argument type of uniformCdf. But it didn’t modify the length of the actual
argument list, the compilation error still occurred. In the third iteration, the LLM attempted to
pass an extra n into the actual argument list and the compilation was successful. However, when
executing the test, a test error was raised for the formal argument a in the uniformCdf method
needed to be less than b. In the fourth iteration, the LLM finally modified the formal argument
when calling uniformCdf correctly so that the test code can be executed successfully.

This example highlights the advantages of using dynamic validation with an LLM to update test
code, significantly enhancing both the quality and practical performance of the test code.

4.5 Threats to Validity

4.5.1 Internal Validity. Although we’'ve summarized general experience to guide the LLM, its
quantity and quality are still not comprehensive enough. In complex or unique cases, this experience
may not cover all possible code change scenarios. Expanding and enhancing the quality of this
experience, could further improve identification accuracy.

In addition, despite utilizing RAG and dynamic validation to guide LLM in updating the obsolete
test code, there are still some update failures. We use code diff as the code change representation,
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which is LLM-friendly. However, during knowledge retrieval, focusing solely on textual similar-
ity may overlook code structure and change types. Introducing a vector representation of AST
differences for a more fine-grained, structured search could enhance the effectiveness.

Furthermore, during the identification phase, we observed that LLMs exhibited a cognitive bias
toward the negative class. LLMs often overestimate the need for test code updates when assessing
the effect of production code changes. To mitigate this bias, we increased the proportion of negative
samples in the training set, improving REAcCEPT’s performance during identification.

4.5.2  Data Validity. We collected co-evolution samples from SITAR, CHOSEN, and CEPROT, mined
using heuristic rules. Upon reviewing some code change pairs, we found that the production and
test code only have dependencies, with uncorrelated changes and mismatched class or method
names. These production code changes are insufficient for the LLM to effectively update the obsolete
test code, resulting in low test coverage.

4.5.3 External Validity. The LLM used in our experiments is gpt-4-0125-preview. While it has
moderate NLP and code understanding capabilities, its performance is average in the current
competitive LLM landscape. We believe that using more advanced models could significantly
improve identification accuracy and effectiveness.

5 Related Work

Previous work has proposed various techniques to model correlations in the code base [10, 28, 35,
36, 44, 48, 51-53, 60]. Commonly, these methods define heuristic rules to create traceability links.
Zaidman et al. [60] were among the first to study PT co-evolution patterns in two open-source
projects, using software visualization techniques to illustrate co-evolution trends. White et al. [56]
proposed TCtracer, which automatically establishes traceability links between production and test
code at the method and class levels. Huang et al. [23] introduced a new approach that gauges the
likelihood of co-evolution through extracted code changes, code complexity, and certain semantic
features.

In recent years, numerous studies on identifying and updating PT co-evolution relations have
emerged [40, 45, 49, 55]. Wang et al. [54] studied the factors influencing test code updates. The
proposed SITAR model uses historical PT co-evolution data to identify obsolete test code. Liu
[34] proposed a machine-learning-based method called Drift, which predicts obsolete test cases at
the method level. Hu [22] introduced a novel deep-learning-based method, CEPROT, to identify
obsolete test cases and automatically update them. Sun et al. [52] explored the validity of common
assumptions for collecting and labeling PT co-evolution samples. They also proposed a two-stage
strategy-based method, CHOSEN, for identifying PT co-evolution. Yaraghi et al. [58] proposed
a method called TARGET that utilizes pre-trained models in conjunction with program testing
to repair broken test cases. TARGET may be applicable to PT co-evolution problems, but we did
not find an open-source implementation of TARGET to compare with REAccePT. In addition,
TARGET only partially validates the generated test cases by compiling and executing them, while
our approach considers more metrics related to the quality of test code.

6 Conclusion

In this work, we propose REACCEPT, a novel approach that leverages LLMs and dynamic validation
to fully automate PT co-evolution. The evaluation results on a dataset of 537 collected Java projects
show that REAccEPT achieves significant improvements. In the future, we intend to investigate
additional strategies to improve REAccEPT further.
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