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In an era where mobile devices are ubiquitous, digital distribution platforms such as the Google Play Store
have become integral to our daily lives, hosting millions of applications and serving billions of users. Users can
leave reviews to provide developers with valuable feedback, including requests for new features and reports of
issues. These user reviews play a crucial role in software development, testing, and maintenance by informing
developers about user needs and potential problems, which motivates us to revisit a key problem: given user
reviews, how can we automatically identify the relevant code snippets from software codebases to assist developers
in addressing the reviews?

Existing practices to address this problem typically involve calculating the similarity between user re-
views and code snippets. However, we identify three key limitations. First, although existing methods show
promising results on individual projects, their high performance cannot be generalized across projects. Second,
the state-of-the-art approach models the problem as a one-to-one relationship between a user review and
code snippets, ignoring the one-to-many relationship that often exists. Third, the state-of-the-art approach
focuses solely on the direct relationship between reviews and code snippets, overlooking the interconnections
among code snippets themselves, which contain valuable information that can aid in accurately identifying
relevant code. To address these limitations and advance the state of the art, we propose YourCoLo, a novel
approach that fully leverages contextual information, one-to-many relationships, and inter-code connections.
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Specifically, YourCoLo is powered by three novel designs: (1) a prompt-enhanced mechanism to incorporate
rich project-level context into code localization, (2) a new loss function designed to handle the one-to-many
relationships between user reviews and multiple relevant code snippets, and (3) a ranking strategy that
considers interconnections among related code snippets. Our experimental evaluation shows that YourCoLo
substantially outperforms state-of-the-art models, surpassing CodeBERT, CodeLlama, and GraphCodeBERT
by 18.3, 9.3, and 7.7 percentage points at the method level and by 18.4, 7.7, and 7.0 percentage points at the file
level (in terms of mean reciprocal rank). In addition, YourCoLo also achieves improvements of 8.8 percentage
points and 6.8 percentage points in mean average precision (MAP) at the method and file levels, respectively,
compared to the state-of-the-art method. These results underscore YourCoLo’s effectiveness and its potential
to guide developers more accurately toward the code snippets most pertinent to user feedback.
CCS Concepts: • Software and its engineering→ Software evolution;
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1 Introduction
Recent reports [74] predict that by 2025, more than 7.49 billion people worldwide (that is, more
than 93% of the whole population) will use mobile devices, fueling the rapid growth of platforms
such as the App Store and Google Play. These platforms serve billions of users and host millions
of applications, where users can provide valuable feedback to the applications [31, 49, 58, 61, 81].
This feedback, which includes issue discovery and requests for new features, is often expressed in
the form of user reviews (URs) and plays a critical role in shaping software development, testing,
and maintenance practices. Prior studies have categorized URs into several types, most notably
problem discovery (PD), which reports bugs or unexpected behaviors, and feature request (FR),
which suggests new features or enhancements [47]. For instance, a user mentioned in a review:
“On of my decks has a lot of sub decks. In last version it is not possible to expand it and see sub decks.
Please fix it,” which is a typical PD highlighting a UI issue. For instance, a user mentioned in a
review: “Nice… But can you please also add the color feature? It’s easy for us to remember words
in color format,” which is an FR suggesting a new rendering feature. Developers can implement
this feature by connecting it to relevant rendering or display components in the code. This ap-
proach reduces the cost of requirements analysis and improves the traceability of requirement
changes [15, 70].

As mentioned by Harman and O’Hearn [24], developers are not short on bug reports or user
feedback; they are, in fact, overwhelmed by the sheer volume of URs [48]. In real-world devel-
opment scenarios, the process of selecting valuable URs is primarily performed through manual
review. Developers typically identify useful reviews based on practical criteria such as clear problem
descriptions, reproducibility, impact severity, and relevance to recent software versions. To manage
this flood of information and better support software development, we focus on a key challenge:
Given URs, how can we automatically identify relevant code snippets within software codebases to assist
developers in addressing these reviews? By pinpointing the exact code segments that need attention,
developers can save valuable time (which they would otherwise be spent searching for what to
revise) and direct their efforts more effectively toward improving the code. To address this challenge,
theUR-based code localization task [8] has been proposed.This task can be performed at different lev-
els of granularity, typically categorized into method-level and file-level localization, where URs are

ACM Transactions on Software Engineering and Methodology, Vol. 35, No. 6, Article 155. Publication date: May 2026.

https://doi.org/10.1145/3769010


Leveraging One-to-Many Relationships and Inter-Code Connections 155:3

used to identify either specific methods or relevant files. In this task, we directly links URs to the rele-
vant code elements rather than going through issues and pull requests (PRs), for twomain reasons.
The first is the coverage limitations of issue and PR-based linkage. In fact, according to the report by
Haering et al. [21], approximately 47% of URs appear before any related issue is created. This means
that using issues as an intermediary would result in the omission of nearly half of the genuine and
valuable user feedback, as these reviews never enter the GitHub issue or PR system. Developers do
not necessarily create an issue for every review, especially for those of lower priority or those whose
reproducibility has not yet been confirmed. Furthermore, issue/PR maintenance practices vary
greatly between projects, and many projects lack any systematic tracking of URs. The second reason
is to avoid process bottlenecks and ensure timely response. The study by Khatoonabadi et al. [33],
which analyzed 265,325 PRs from 10 popular and mature GitHub projects, reported that 4,450 valid
PRswere abandoned by contributors due to a lack of timely review and feedback, directly resulting in
the loss of intended code changes. This finding highlights that when feedback must pass through in-
termediate stages (issues and PRs) before reaching the code, the entire feedback pipeline is vulnerable
to disruption if any stage fails to respond promptly. By directly linking URs to code methods, we by-
pass potential bottlenecks such as issues and PRs and allow review information to flow immediately
into the code localization process. This approach ensures that user feedback is mapped to specific
methods or classes via the shortest possible path, thereby improving automation and timeliness in
feedback handling, which is particularly crucial in fast-iteration, rapid-decision mobile application
development environments.

Although UR-based code localization is related to two established tasks, bug localization [36] and
code search [5, 10, 75], it presents distinct characteristics and challenges that merit independent
investigation. Figure 1 compares these three tasks. Generally, all three tasks aim to return relevant
code snippets given the input, but the characteristics of the inputs are different. All three tasks aim
to return relevant code snippets based on given inputs. However, the nature of these inputs varies
significantly. Bug localization uses bug reports, often authored by developers or technical support
staff, which typically include rich details such as stack traces, error logs, screenshots, and even
suggested fixes [29]. In contrast, code search queries are concise natural language descriptions,
usually written by developers, that directly specify the desired functionality using technical jargon.
However, URs are fundamentally different. They rarely contain technical terms, program-specific
details, or additional diagnostic information such as execution logs or test cases. These differences
mean that we cannot directly apply approaches tailored for bug localization and code search to
UR-based code localization. Instead, methods must be designed specifically to interpret and connect
user feedback with the relevant code snippets.

Currently, Hu et al. [27] proposed the state-of-the-art (SOTA) UR-based code localization
approach: they use GraphCodeBERT to encode URs and code snippets into vectors. Then, they
computed the similarity between the UR vector and the code snippet vectors. The code snippet
with the highest similarity to the given UR is selected as the localized code. Although this approach
has achieved promising results, we identify its three key limitations. The first limitation is the lack
of cross-project generalization. Hu et al. show that, at the method level, the model fine-tuned to be
applicable across all projects showed a 6.7% lower mean reciprocal rank (MRR) performance.
Additionally, the accuracy of the top 5 and top 10 localization results decreased by 10% and
7.3%, respectively, compared to the models individually fine-tuned for each project. This suggests
that current models still rely heavily on project-specific fine-tuning to achieve favorable results.
However, such fine-tuning is often impractical in real-world scenarios due to the high cost of
collecting labeled data for each project. This hinders the adaptability and scalability of current
solutions. Therefore, establishing a cross-project general model is essential. A general model can
eliminate the need for per-project fine-tuning, significantly reducing time and resource overhead. It
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Fig. 1. Comparing the objectives, inputs, and outputs of bug localization, code search, and UR-based code
localization.

also simplifies deployment and maintenance across multiple projects while maintaining efficiency
as the number of projects grows. This direction aligns with the broader trend in large language
models (LLMs), where general-purpose models are increasingly favored over domain-specific fine-
tuned models to strike a balance between performance, cost, and flexibility. Second, the one-to-many
relationship between a UR and code snippets is overlooked. It is common for developers to update
multiple source code snippets to address a UR, leading to a one-to-many relationship between URs
and code snippets. However, the current SOTA [27] uses cross-entropy [67] as the loss function,
which can only handle one-to-one relationships. Third, Hu et al. [27] ignore the interconnection
among code snippets that correspond to the same UR. The code snippets that developers edit to
address a UR are usually related; for example, the corresponding function calls shall be modified
when updating the function parameters. Unfortunately, current methods fail to capture such
interconnection between multiple code snippets, thereby reducing the model’s effectiveness.

In this article, we propose yet another user review-based code localization (YourCoLo)
approach. The proposed tool has three novel designs to address each aforementioned limitation
of the baseline method [27]. First, we propose cross-project prompting fine-tuning (CPFT)
to improve the cross-project generalization ability. When fine-tuning the model on some pairs
of reviews and code snippets, CPFT adds the project information like project names (e.g., called
prompt in our paper) to the model input. Introducing project information such as project names
allows the model to explicitly recognize differences between projects, thereby reducing the negative
impact of cross-project data variability on model performance and enabling the model to better
handle data from different projects. Then, to account for the one-to-many relationship between the
UR and code snippets, we extend the cross-entropy loss to propose a cross-entropy loss based on
the probability distribution of all positive samples (CEAPS). It allows a model to be trained
to learn a UR’s connection with multiple relevant code snippets. Finally, we propose the locally
coupled priority sorting (LCPS) method to utilize the interconnection between code snippets
that are relevant to the same UR. To retrieve such interconnection, we analyze the Review2Code
dataset and perform statistical and frequency analysis on the code involved in each commit of each
project to identify code snippets that frequently change together and have strong interconnections.
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Intuitively, if a UR is highly relevant to code snippet A and the code snippets A and B tend to
change together, this review is also likely to be related to B. Specifically, we construct a coupling
dictionary by counting the frequency of co-modifications of code snippets within each commit. This
dictionary records how often each pair of code snippets appears together in the same commit. After
obtaining the interconnection, LCPS combines similarity and interconnection measures to re-rank
code snippets associated with URs, ultimately enhancing the accuracy of the code localization
task. We apply LCPS only in the inference phase, where it serves as a post-processing step to
refine the ranking without interfering with the semantic learning process during training. To
more clearly illustrate how our proposed methods address the identified challenges, we provide
the following mapping summary: To improve cross-project generalization, we introduce CPFT,
which incorporates project-level prompts into fine-tuning to help the model distinguish between
different projects. To capture the one-to-many relationship between URs and code snippets, we
propose CEAPS, a loss function that jointly optimizes all relevant code snippets for each review.
To leverage the interconnection among code snippets, we design LCPS, a re-ranking strategy that
utilizes co-change patterns from historical commits to enhance localization accuracy.

We evaluated the effectiveness of YourCoLo in the Review2Code dataset and compared Your-
CoLo with SOTA approaches [27]. Experimental results show that: (1) YourCoLo significantly
outperforms the baseline, achieving average MRR scores that surpass CodeBERT, CodeLlama, and
GraphCodeBERT by 18.3, 9.3, and 7.7 percentage points at the method level and by 18.4, 7.7, and 7
percentage points at the file level, respectively. YourCoLo achieves improvements of 8.8 percentage
points and 6.8 percentage points in mean average precision (MAP) at the method and file levels,
respectively, compared to the SOTA method. (2) All components, including CPFT, CEAPS, and
LCPS, of YourCoLo are effective. Removing each of these three components separately results in
mean MRR score decrease of 6, 5.1, and 1.3 percentage points at the method level, meanwhile, at
the file level, the decreases are 5.3, 6.1, and 0.5 percentage points, respectively.

In summary, the contributions of this work are as follows:

—We propose a novel UR-based code localization approach named YourCoLo to solve three
limitations of the SOTA approach.

—We analyze the Review2code dataset and perform statistical and frequency analysis on the
code involved in each commit of each project. These analyses provide valuable data support
for future research.

—We evaluated the effectiveness of YourCoLo and compared it with the SOTA approaches with
comprehensive experiments, and the results show that YourCoLo significantly outperforms
the SOTA approach.

The remainder of the article is organized as follows. We introduce related work in Section 2. In
Section 3, we provide details of each strategy in the YourCoLo approach. In Section 4, we describe
the dataset, baselines, metrics, and other settings. Section 5 reports and discusses the performance
of the proposed YourCoLo approach, analyzes the validity of each component, and evaluates
the influence of hyperparameters on the experimental results. Threats to validity are discussed in
Section 6, and Section 7 concludes the article and mentions future work.1

2 Related Work
2.1 UR
A UR [20, 26] is the user’s feedback and evaluation of a product, service, or system, usually based
on their experience with it. URs can be in the form of text, ratings, reviews, and so on, and usually

1Source code and data are available at the following link: https://github.com/Ch1Ku0/yourcolo.
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appear on product pages, app stores, or other platforms. In the field of software engineering, UR
plays an important role [58, 61, 80, 81], especially in code development for project maintenance and
evolution [37, 88]. Specifically, during the release planning phase and development activities, URs
can expose specific problems encountered by users in the use process, such as delays, inconvenience,
crashes, and so on, which provide themost direct feedback to the development team and help to solve
problemswith awide range of impacts [11]. In terms of the phase of testing activities, a critical part of
quality assurance for a new version of code, problems, or crash scenarios mentioned in URs provide
the test team with real usage scenarios, from which the importance of the UR can be seen [23, 60].

Consequently, we can see that URs serve as a direct source of user feedback and are widely
applied throughout the development process, providing both theoretical foundations and practical
demand for the proposed code localization method.

2.2 Code Localization
UR-Based Code Localization. Many approaches [8, 27, 59, 83, 85, 87] have been proposed to address
the UR-based code localization problem. URR [8] classifies URs and source code files into predefined
categories and then uses a retrieval tool to search and return the highest-scoring source files.
ChangeAdvisor [59] groups URs that express similar needs and then uses cosine similarity to
measure the similarity between source code snippets and these clusters. Where2Change [85] is
similar to ChangeAdvisor [59] in clustering and similarity calculation, but it additionally measures
the similarity between UR clusters and problem reports, which are detailed descriptions of software
issues submitted by users or developers to help fix bugs. ReviewSolver [83] leverages contextual
information in URs and correlates reviews with the bytecode of the app to locate functional errors in
mobile apps. RISING [87] is similar to ChangeAdvisor [59] and Where2Change [85], with two main
steps: clustering and similarity calculation. Additionally, it uses commit messages to bridge the
lexical gap between URs and source code snippets. Most recently, Hu et al. [27] propose a large-scale,
manually labeled 〈UR, Code〉 dataset named Review2Code, consisting of 68,359 pairs of URs and their
corresponding code, they evaluated the above methods, as well as CodeBERT and GraphCodeBERT
on the Review2Code dataset, with CodeBERT and GraphCodeBERT surpassing all other methods.

Bug Localization. Bug localization [29, 34, 35, 40, 45, 46, 52, 63, 84] aims to identify the buggy code
based on a given bug report, facilitating effective bug fix. In the realm of information retrieval
(IR) techniques for bug localization, the vector spacemodel (VSM) has been widely utilized due to
its simplicity and effectiveness, particularly in the early stages of research. For example, BugLocator
[86] employs the revised VSM to assess the textual similarity between bug reports and the source
code, ranking source code files based on this similarity. Similarly, Locus [79] represents one of the
earliest approaches to changeset-based bug localization by matching bug reports to specific hunks.
VSM has also been popular for vectorizing URs and source code [16, 82]. Some other studies use
topic models to measure the similarity between topic distributions in source code snippets and
bug reports [51, 62]. Despite these advancements, the mismatch between bug reports and source
code snippets continues to limit the performance of IR techniques. RAT [57] has shown that files
modified together in previous bug-fixing commits are more likely to be involved in subsequent
bugs. This insight has been used in various IR-based bug localization approaches. With the success
of deep learning (DL) in natural language processing, DL-based methods have been increasingly
applied to bug localization, including TRANP-CNN [36], which combines cross-project transfer
learning with convolutional neural networks to address the cold start problem, COOBA [89], which
uses adversarial transfer learning to transfer knowledge between projects while filtering out noise,
and Bug2Commit [50], an unsupervised model that utilizes multiple data dimensions associated
with bug reports and commits.
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Early research on bug localization proposes a basic framework for text-code matching, which
can be adapted to scenarios involving code localization based on URs. The success of DL in bug
localization serves as a direct inspiration to address UR-based tasks. However, locating code based
on URs is more open-ended, with textual expressions closer to conversational language, requiring
methodological innovation to address these challenges.

Code Search. The UR-based code localization task requires solving the semantic mapping between
natural language and code, similar to the core challenge of the code search task. The development of
code search has evolved from traditional IR techniques [25, 69] to DL techniques and can be divided
into four stages. Initially, IR-based code search methods were primarily based on keyword matching.
With the advancement of DL, research began to focus on constructing neural networks [5, 42, 73],
where queries and code were encoded into a shared embedding space to capture the semantic rela-
tionship between queries and code snippets [5, 17]. This progress led to the emergence of code pre-
trained models, such as CodeBERT [13], GraphCodeBERT [19], UniXcoder [18], and SPT-code [54],
which significantly improved code search effectiveness. Recent studies have further enhanced the
performance and fine-tuning efficiency of pre-trained models through techniques like contrastive
learning [38, 71], layer freezing [72], and adapter fine-tuning [77], making code search technology
more efficient and precise. As large-scale models gain prominence, GPT-based [65] models such as
Codex [7] and GPT-4 [1] have also been applied in the field of code search, demonstrating remarkable
performance. These models have further advanced the development of code search technology.

Research on code search provides important theoretical support for solving semantic mapping
between natural language and code. However, the task of UR-based code localization faces additional
challenges due to the non-technical nature and semantic ambiguity of URs.

2.3 Pre-Trained Models of Code
The development of code pre-trained models provides a stronger foundation for the advancement
of UR-based code localization. Several pre-trained models for programming languages [9, 13, 18, 19,
32, 32, 54] have been proposed, significantly advancing the development of code representation.
Similarly, the evaluation of pre-trained models has evolved rapidly. Niu et al. [53, 55] evaluate
and compare pre-trained models of source code on a wide range of code-related downstream
tasks. Ahmed and Devanbu [2] study the value of multilingual fine-tuning for pre-trained models
on a variety of tasks. CrossCodeBench [56] is proposed to evaluate the cross-task and in-context
learning capacity of code models. Among them, there are several pre-trained models widely studied,
used, and discussed by researchers. CodeBERT [13] is a pre-trained dual-modal encoder designed
for both code and natural language text. It not only captures the semantic relationship between
code and natural language but also effectively supports code localization tasks. GraphCodeBERT
[19] incorporates information about the structural and semantic relationships within the code,
improving the representation of the code by capturing complex dependencies. UniXcoder [18]
is designed for code understanding and generation tasks, which can effectively understand the
structure, syntax, and semantics of the code and effectively integrate the syntax structure of the code
with the semantic information. CodeLlama [66] is a specialized LLM designed for programming
tasks, focusing on code generation, comprehension, and analysis. It is trained on extensive datasets
of code and natural language, enabling it to handle natural language queries about code and
produce or understand code snippets effectively. CodeLlama aims to assist developers by providing
relevant code suggestions and insights based on their programming needs. Due to the architectural
characteristics of GPT [14], we cannot directly obtain a single global vector representation from its
output. Therefore, in this article, we generate a vector representing the entire input sequence by
performing a weighted average of the hidden states of the unfilled tokens. The advantage of this
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Fig. 2. The overview of YourCoLo’s technical design.

method is that it effectively aggregates the token vectors output by the model to generate a unified
vector representation of the entire sequence.

3 Proposed Approach
In this section, we provide the details of each strategy in the YourCoLo approach. The overall
process of the proposed approach YourCoLo is shown in Figure 2, including the training phase and
the inference phase. The first strategy is CPFT. During the training phase, we fine-tune the model
to obtain an encoder that generates UR vectors and code vectors. Prompts are added during the
fine-tuning process to provide the model with contextual information about the project, enhancing
its adaptability to fine-tuning across multiple projects. The second strategy is CEAPS in the training
phase so that the model can better understand the complex association between reviews and
multiple code snippets. The third strategy is LCPS in the inference phase, we analyze the historical
commit frequency of code, identify code snippets that are frequently co-modified, and use these
coupling relationships to optimize the ranking of initially matched code snippets.

3.1 CPFT
Considering the limitation that current approaches, such as UNIF [5], CAT [22], CodeBERT [13], and
GraphCodeBERT [19], which can only be fine-tuned for individual projects, the process of creating
separate fine-tuned models for each project is both costly and inefficient, as fine-tuning a universal
model across multiple projects leads to degraded performance. For example, Hu et al. [27] show that:
compared to models fine-tuned separately for each project, fine-tuning GraphCodeBERT across all
project data resulted in a 6.7% decrease in MRR performance, while fine-tuning CodeBERT under the
same conditions led to a 22.3% decrease. Furthermore, for GraphCodeBERT, the precision of the Top-
1 and Top-3 localization results decreased by 5% and 11.9%, respectively, while the accuracy of the
Top-5 and Top-10 results decreased by 10% and 7.3%, respectively. To address this issue, we propose
a strategy named CPFT. We design prompts that incorporate project-specific information, enabling
the model to generalize across multiple projects without the need for individual fine-tuning.

Prompts are structured inputs that are used to guide the behavior of the model or improve
its understanding by providing additional contextual information [44]. Prompts often include
instructions, placeholders, or specific tokens that frame the input in a way that highlights the task
objectives. For example, a prompt can indicate the type of task, the domain of the input, or specific
constraints that the model should follow.

As shown in Figure 3, CPFT’s prompt consists of two parts: the first placeholder is filled with
the project name to which the sample belongs, and the second placeholder is filled with a UR or
code sequence. This structure provides the model with an explicit context about the project at the
beginning of the prompt, allowing it to better distinguish between projects.
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Fig. 3. The templates of UR prompt and code prompt.

Fig. 4. Prompt components for enhancing model understanding of project context, semantic matching, and
code representation.

The motivation for this design is twofold. First, by explicitly identifying the project, the model
gains a clear context about differences and associations across projects, reducing the negative
impact of cross-project data variability on model performance, and improving its understanding
of cross-project relationships. Second, the inclusion of a UR or code sequence in the second half
helps the model focus on semantic matching, emphasizing that URs and code snippets should
align semantically. This dual-purpose prompt structure enhances the model’s ability to learn
project-specific nuances while maintaining semantic consistency.

As shown in Figure 4, we chose manually designed and fixed prompts that are inserted directly
into the input of the model without further optimization.The prompt and UR snippet is concatenated
and input into the model, and then a vector for similarity calculation is generated through the model
encoding. The same process is applied to the prompt and the code snippet. This approach enables
quick application in UR-based code localization tasks. Since these prompts rely on domain-specific
knowledge, such as project names, or simple heuristics, such as the mapping description between
URs and code snippets, they do not require large amounts of training data.

By adding prompt information specific to each project to the training data, we provide a clear
context that helps the model better understand and differentiate between projects, guiding it to
prioritize relevant information during inference. As a result, this approach is able to strengthen the
model’s cross-project generalization.

3.2 CEAPS
A key feature of UR-based code localization is the one-to-many relationship, where a single UR
often corresponds to multiple code changes. As shown in Figure 5, there are multiple code snippets
related to the issues mentioned in the UR. However, the SOTA approach [27] uses cross-entropy
[67] as the loss function, which overlooks this one-to-many relationship. Figure 6 illustrates a
practical example, where URs and code snippets are presented along with their corresponding pairs.
Notably, there is a one-to-many relationship between URs and code snippets. For instance, review A1
corresponds to both code snippets 21 and 24, and the same applies to review A4, which corresponds
to 21 and 24 as well. The cross-entropy loss function only considers a match between A1 and 21,
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Fig. 5. An example illustrating the one-to-many relationship between a UR and code snippets.

Fig. 6. The actual relationships between the review and code set within a batch during model training.

ignoring that A1 and A4 are the same UR. As a result, the matching relationship between A1 and 24,
and A4 and 21 is neglected in the loss calculation, which can lead to a suboptimal performance of
the model.

To address this issue, we propose a method called CEAPS. CEAPS modifies the cross-entropy
loss function to ensure that all relevant code snippets (positive samples) are considered in the loss
calculation, thereby preventing the loss of important positive samples. This modification enables
the model to properly account for the one-to-many relationship between URs and code snippets
during loss computation. The following are the details of the CEAPS method.

Similarity Calculation and Probability Distribution Transformation. For each review A8 and code 2 9 ,
their similarity score B (A8 , 2 9 ) is calculated using the inner product of their vector representations.
This results in a similarity matrix:

% (2 9 , A8 ) =
4B (A8 ,2 9 )∑"
:=1 4

B (A8 ,2: )
, (1)

where % (2 9 , A8 ) is the probability of matching between the code snippet 2 9 and the review A8 , B (A8 , 2 9 )
is the similarity score and" is the number of code snippets.

Tag Definition. Define a binary label matrix . , if the reviews A8 are related to code snippet 2 9 , we
set .8 9 = 1, otherwise, .8 9 = 0, for all samples in a batch. A matrix is generated as shown in Figure 6.

Loss Calculation. The loss is calculated by the probability distribution % (2 9 , A8 ) and the label
matrix . . The formula is as follows.

!(A8 ) = −
"∑
9=1

.8 9 log(% (2 9 , A8 )) . (2)

The following takes review A1, as an example to illustrate the loss calculation process. For the
review A1, which is matched by the codes 21 and 24, the loss should be evaluated as follows:

!A1 = −
[
.A1,21 log(% (21, A1)) + .A1,22 log(% (22, A1))

+.A1,23 log(% (23, A1)) + .A1,24 log(% (24, A1))
+.A1,25 log(% (25, 21))

]
. (3)
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Both .A1,21 and .A1,24 are equal to 1, indicating that the review A1 is matched to the codes 21 and
24. In contrast, .A1,22, .A1,23, and .A1,25 are all 0, indicating that there is no relationship between
review A1 and codes 22, 23, 25.

Total Loss. Finally, the loss of all reviews in the batch is averaged to obtain the overall loss of the
batch. # indicates the batch size.

!batch =
1
#

#∑
8=1

!(A8 ). (4)

The final loss is calculated using the CEAPS method, which considers all code snippets associated
with each UR.Themodified loss function better reflects the actual one-to-many relationship between
URs and code snippets and avoids the problem of information loss in one-to-one matching.

3.3 LCPS
Existing models used by the SOTA approach [27], such as CodeBERT [13] and GraphCodeBERT
[19], also fail to capture the interconnection between code snippets that correspond to the same
UR, resulting in suboptimal performance. This limitation arises because code snippets that are
frequently modified together or share a strong contextual relationship may not be prioritized
appropriately in the results.

Inspired by the work on refactoring-aware traceability models for bug localization [57] and
cross-task artifact dependency mining [3], we recognize the potential of incorporating historical
commit data to measure and enhance the coupling strength between code snippets. The former
demonstrates that accounting for co-modification patterns and maintaining accurate code history
through refactoring-aware techniques can significantly improve the effectiveness of localization
approaches. Meanwhile, the latter highlights the importance of leveraging historical developer
interactions to uncover dependencies across different tasks, which inspires us to consider frequent
co-occurrences of code modifications as an indicator of strong semantic relationships. Building
on these insights, we also draw inspiration from AmaLgam [78], which leverages version history
to improve bug localization. Like AmaLgam, we emphasize the significance of historical commit
data in assessing code relationships. Our approach enhances code snippet ranking by analyzing co-
modification patterns, and we evaluate it on real-world datasets, following AmaLgam’s empirical
validation methodology, to measure the impact of historical data on ranking effectiveness. By
integrating these ideas, we refine code ranking by prioritizing historically coupled code snippets,
ultimately improving the accuracy of our localization method.

Therefore, we aim to incorporate historical commit data to measure and enhance the coupling
strength between code snippets, thereby improving the accuracy of localization results. We propose
a LCPS method to improve the correlation ordering of code snippets through coupling optimization
in a local scope. To better target more snippets of code associated with reviews, this method
introduces the code’s historical commit frequency as a cofactor, which serves as a measure of how
often code snippets have been modified together in the past, as a basis for re-ranking the results of
code localization. By analyzing the cooperative modification of the code in the history submission
and using the historical commit frequency between code snippets as a measure of code coupling,
the initially matched code snippets can be reordered to optimize the localization results.

The LCPS method is divided into two parts: the first involves statistics and analysis of the dataset
and the second focuses on re-ranking.

3.3.1 Statistical Analysis of the Dataset. Given that there often exist multiple code snippets
corresponding to a single UR, it is important for a UR-based code localization method to identify
and capture such an interconnection between multiple code snippets.
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However, the URs come from Google’s App Store (Google Play), while the code is sourced from
GitHub, making them from two separate platforms. Furthermore, reviews are selected to ensure
they are posted after the corresponding code commits, preventing any data leakage into the model
training process [27].

Consequently, there is no direct connection between code commits and URs. This makes it
challenging to infer the coupling relationships between code snippets directly from the reviews.
URs are often subjective descriptions expressed in natural language, lacking the technical detail or
relevance needed for this task. For example, a review might describe a user experience issue (e.g.,
“mail does not sync”) without addressing the underlying code implementation. Reviews typically
focus on symptoms rather than the root cause, further complicating the direct mapping to specific
code snippets.

In contrast, historical commit data represents an objective accumulation of information recorded
during the development process. Commit records to actual collaborative code modifications, captur-
ing the true logical or functional relationships between code reviews. By analyzing the frequency
of these co-modifications, it becomes possible to identify patterns that reflect developer intent
and technical dependencies. This objectivity makes historical commit data a reliable source for
extracting coupling relationships between code snippets. While the UR-based code localization
task’s primary goal remains driven by URs, the frequency of collaborative changes in historical
commits can serve as an added feature to enhance the prioritization of code snippets.

Figure 8 shows the statistical analysis of our dataset. The first step is to count the code snippets
involved in each commit based on commit information from the samples in the training dataset.
Figure 9 shows a sample from K-9 Mail project, this sample includes the fields “commit_id,”
“method_path,” and “method_name.” The “commit_id” field represents the unique commit hash for
each commit, while “method_path” and “method_name” indicate the filename and method name
involved in the sample, respectively.

We perform statistics based on the “commit_id” field in each sample. Code snippets with the
same “commit_id” are grouped together, creating a dictionary where each “commit_id” serves as
the key, and the value is the list of method names associated with that commit, thereby obtaining
the Function List.

We analyze the coupling relationships between the code snippets in each commit in the Function
List. For example, as shown in Figure 7, the method synchronizeMailboxSynchronous calls the
moveToSpam method, indicating a calling relationship between them. Additionally, there may be
different types of coupling relationships between these simultaneously committed code snippets,
including but not limited to:

—Calling Relation: One snippet of code may call another, so they are logically closely related.
—Data Dependency: Different pieces of code may share the same data structure or global
variables, and modifying one piece may require tweaking another.

—Co-Change Frequency: Multiple code snippets are often modified in the same commit, reflecting
their coupling in maintenance and evolution.

—Location Proximity: Snippets of code in the same class or file, even though they have no calling
relationship, are often modified at the same time because of the requirements of the same
functional module.

The next step is to count the number of historical co-modifications between code snippets in
each commit. We perform statistical analysis on the code methods involved in each commit. We
first define a coupling dictionary Frequent_dict, where the key of the dictionary is a tuple of the
paths (file path + method name) of the two code snippets, and the value is the number of times
they occur in the same commit. For each commit, if two pieces of code appear together in the
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Fig. 7. Example of a coupling relationship between two code snippets, in which one snippet calls the other.

Fig. 8. The process of creating coupling dictionary Frequent_dict.

Fig. 9. One sample from K-9 Mail project.
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Table 1. Review2code Dataset Statistics

Name Reviews Methods Files Commits Frequent_dict Length Pairs

<UR., M.> <UR., F.>

K-9 Mail 3,209 2,741 371 913 46,817 33,351 16,502
AntennaPod 595 1,498 378 570 23,467 9,279 4,777
Cgeo 658 1,623 477 853 12,635 5,420 2,952
Anki 1,211 2,118 361 1,076 57,830 13,276 5,624
Termux 1,085 189 52 151 999 7,033 3,585

Total 6,758 8,169 1,639 3,563 141,748 68,359 33,440

Fig. 10. Top five entries from the Frequent_dict of app K-9 Mail.

same commit, we assume that there is some coupling between them. Each pair of code snippets
〈code1_path, code2_path〉 that appear in the same commit is counted. Finally, the dictionary
stores the number of common changes for each pair of code snippets in the format 〈(code1_path,
code2_path): frequency〉, where code1 and code2 represent the two code snippets, and frequency
represents the number of times they occur together in the commit.

The statistics of the total commits and the length of the Frequent_dict dictionary involved in
each app project can be seen in Table 1. We show the top five entries from the Frequent_dict of the
app K-9 Mail in Figure 10. On the left side of the figure is the dictionary key, representing each pair
of code snippets. Each code path consists of a file path and function name, joined with a “#.” The
number on the right indicates how many times a pair of code snippets appears together.

3.3.2 Re-Ranking. After constructing the coupling dictionary Frequent_dict, the core idea of
this method is to insert the  methods that are most coupled to the current  code methods into
subsequent positions (i.e.,  +1 to 2 positions); there may be duplicates in the newly inserted  
code snippets because the strongest coupling of different code snippets may be the same one, so
the newly inserted  code snippets are de-processed on the basis of retaining the original order.
Thus, forming a strongly coupled code snippet on a local scale. This value  is called a coupling
window, reflecting the role of the value  in controlling the number of coupling snippets in the
sequencing window.

4 Experimental Setups
In this section, we describe the dataset, baselines, metrics, and other settings.

4.1 Dataset
Regarding the dataset, we adopt Review2Code [27], a large-scale human-labeled 〈UR, Code〉 ground-
truth dataset, introduced for the first time. We chose this dataset for evaluation because this dataset
is the most recent proposed for the UR-based code localization task.
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Review2Code provides detailed statistical data from five open source mobile applications. The
URs in the dataset are collected from Google’s App Store (i.e., Google Play), while the code is
sourced from GitHub. In the dataset, URs that appear after the corresponding code commit time
are selected to ensure that they do not participate in the model’s training process, thereby avoiding
potential data leakage. In practice, the model is designed to handle new URs to predict relevant
code, making the reviews selected during testing more reflective of real-life scenarios [27].

We analyze the samples in this dataset, counting the number of commits in each mobile applica-
tion project and the historical frequency of commits between code snippets. The dataset includes
information on URs (Reviews), Code Methods (Methods), Files, and Pairings. In total, the dataset
contains 68,359 〈UR, Method〉 pairs and 33,440 〈UR, File〉 pairs collected from five popular Android
applications. In total, it includes 1,639 code files, 8,169 methods, and 3,563 commits. The dataset is
divided into 70–20–10 proportions for training, validation, and testing in the experiments, following
the same settings as study [27]. Detailed information is presented in Table 1.

4.2 Baseline
We first adopt BM25 and TF-IDF, which are classical IR methods for ranking code snippets based
on their lexical relevance to URs. BM25 is a probabilistic ranking function, while TF-IDF is the core
weighting scheme used in the VSM with cosine similarity as the similarity metric. Both methods
serve as strong traditional baselines in IR-based retrieval tasks. Beyond these, we further include
several representative approaches from related domains. First, we incorporate CodeMatcher [43],
a recent IR-based code search method that combines traditional keyword-based retrieval with
deep semantic understanding. To bridge the semantic gap between natural language queries and
code snippets, CodeMatcher employs a fuzzy matching strategy based on important keywords,
followed by a sequential matching-based re-ranking mechanism. Its effectiveness has been validated
on a large-scale dataset covering approximately 41k repositories, where it demonstrated SOTA
performance. We also include BLUiR [68], a classic and structured IR-based bug localization method.
BLUiR extracts program constructs by building abstract syntax trees (ASTs) from source code and
applies the Okapi BM25 model to compute the similarity between bug reports and candidate code
changes. BLUiR is widely recognized in the software engineering community for its effectiveness
in integrating structural information into IR and has laid the foundation for a line of research in
IR-based bug localization. Since its original implementation is not publicly available, we carefully
re-implemented it based on the technical descriptions in the seminal paper to ensure fair and valid
comparisons. We also include FLIM [41], a SOTA bug localization method that leverages pre-trained
language models, such as CodeBERT, to capture deep semantic representations of both bug reports
and code elements. FLIM integrates these representations into a learning-to-rank framework, which
takes the semantic embeddings of bug reports and code elements as input features and trains a
ranking model to prioritize code elements that are most likely relevant to a given bug report. In
the bug localization task, FLIM outperforms traditional IR-based methods such as BugLocator
[86] and BLUiR [68], IR combined with machine learning methods such as AdaptiveBL [12], and
DL approaches such as DreamLoc [64], TRANP-CNN [30], and LS-CNN [28], achieving SOTA
performance. Finally, we select CodeBERT [13] and GraphCodeBERT [19] as baselines, given their
strong performance reported by Hu et al. [27]. Notably, GraphCodeBERT has achieved SOTA
performance on the user-based code localization task.

Additionally, we select CodeLlama [66] as another baseline. As pre-train research continues to
progress, LLMs have demonstrated strong capabilities across a wide range of tasks. CodeLlama, in
particular, has shown remarkable performance on code-related tasks such as code generation, code
review, and code completion [4, 6, 39]. However, no studies to date have applied CodeLlama to
UR-based code localization tasks. By including it as a baseline, we aim to evaluate its performance in
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this context and provide a more comprehensive comparative analysis. The version of CodeLlama we
select is CodeLlama-13B, which has 13 billion parameters. It strikes a balance between performance
and computational cost, capturing complex semantics better than smaller versions (e.g., CodeLlama-
7B) while requiring fewer resources than larger ones (e.g., CodeLlama-34B), making it suitable for
most research environments.

In our experiments, for models with encoder architecture, that is, CodeBERT and GraphCode-
BERT, the fine-tuning scheme and dataset follow the approach of Hu et al. [27] and then we use
them to encode URs and code snippets into vectors. Specifically, both models encode the input
(URs and code) into a shared semantic space, separately. We obtain the representation vector of
the [CLS] token in the output vector as the representation vector of the entire input sequence. For
CodeLlama, which uses a decoder architecture, we generate a vector for the entire input sequence
by performing an average of the hidden states of the unfilled tokens. After obtaining the vectors for
URs and code snippets, we calculate their similarity, and the code snippet most similar to a given
UR is selected as a result of code localization. CodeLlama adopts the same fine-tuning scheme and
dataset as CodeBERT and GraphCodeBERT.

4.3 Metrics
To evaluate the performance of the models, we use the MRR and Top-: as metrics.

(1) MRR is a commonly employed metric in IR to assess the effectiveness of ranking systems.
Calculating MRR involves taking the reciprocal rank of the first relevant document retrieved for
each query and computing the average of these reciprocal ranks across all queries in the evaluation
dataset. Concretely, it is calculated as:

"'' =
1
|& |

|& |∑
8=1

1
'0=:8

, (5)

where & is a query set and '0=:8 denotes the rank of the correct code snippet associated with the
8th query.

(2) MAP is a widely used metric in IR for evaluating the performance of ranking systems,
particularly when multiple relevant documents may exist for each query. The calculation of MAP
involves computing the average precision (AP) for each query and then taking the mean of these
values across all queries in the evaluation dataset. Specifically, it is defined as:

"�% =
1
|& |

|& |∑
8=1

�%8 , (6)

where & denotes the set of queries, and �%8 is the Average Precision of the 8th query.
The Average Precision �%8 measures the ranking quality by averaging the precision scores at the

ranks where relevant documents appear. It can be formulated as:

�%8 =
1
|'8 |

#∑
:=1

%8 (:) · A4;8 (:), (7)

where |'8 | is the total number of relevant documents for query 8 , # is the number of retrieved
documents, %8 (:) denotes the precision at rank : , and A4;8 (:) is an indicator function that equals 1
if the document at rank : is relevant to query 8 and 0 otherwise.

In summary, MAP takes into account both the precision and the rank positions of relevant
documents, offering a comprehensive evaluation of the overall ranking performance across multiple
queries.

ACM Transactions on Software Engineering and Methodology, Vol. 35, No. 6, Article 155. Publication date: May 2026.



Leveraging One-to-Many Relationships and Inter-Code Connections 155:17

Fig. 11. A concrete code localization example excerpted from the experiments, showing the localization results
for a query set of five URs.

(3) Top-: is the proportion of reviews whose retrieved top-: code snippets contain at least one in
the ground truth:

)>?-: (*') =
∑

DA ∈*' 8B�>AA42C (DA, C>?-:)
|*' | , (8)

where |*' | is the total number of UR and the 8B�>AA42C (DA, C>?-:) function returns 1 if at least one
of top-: code snippets actually is relevant to the review ur and returns 0 otherwise.

Next, we use a concrete example to illustrate how a single result of code localization through a UR
in the test dataset contributes to the overall metric calculation. Assume that the test dataset contains
& = 5 URs. Figure 11 presents a concrete example of UR-based code localization, where the correct
code snippet ranks second in the localization results. So the'0=: is 1/2, the 8B�>AA42C (DA, C>?-1) = 0,
the 8B�>AA42C (DA, C>?-3) = 1, the 8B�>AA42C (DA, C>?-5) = 1. Suppose the ranks of the correct results
in the remaining four code location results for the URs are 1, 2, 6, and 5, respectively. The MRR is
calculated as follows:

"'' =
1
5

(
1
2
+ 1
1
+ 1
2
+ 1
6
+ 1
5

)
. (9)

The calculation process of �% of UR 1 is as follows:

�% =
1
5

(
1
2
+ 2
3
+ 3
8
+ 4
11

+ 5
19

)
≈ 0.4337. (10)

The �% of the remaining UR is 0.333, 0.625, 0.125, and 0.25, and the calculation process for"�%
is as follows:

"�% =
1
5
(0.4337 + 0.7556 + 0.3213 + 0.1219 + 0.2227). (11)

The calculation process of Top-5 is as follows:

)>?-5 =
1
5
(1 + 1 + 1 + 0 + 1). (12)

4.4 Other Settings
We chose GraphCodeBERT and UniXCoder as the backbone model of YourCoLo, respectively,
with the only difference being the backbone model used. GraphCodeBERT and UniXCoder are
both widely used pre-training models that perform well in various downstream tasks, such as code
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completion, code search, and code generation. They have been widely recognized and applied in
both academia and industry.

For baselines, the code and hyper-parameters setup are completely derived from the source code
in the GitHub repository of Hu et al. [27].

We set the coupling window size  to 3. The maximum sequence lengths of the code snippets
and URs are 256 and 128. The batch size is 32. The learning rate is set to 2e-5, and the epoch is set
to 30. The GPUs used in the experiment are 2×NVIDIA-3090Tis.

5 Results and Discussion
In this section, we report and discuss the performance of our proposed YourCoLo approach,
analyze the validity of each component of the YourCoLo approach, and evaluate the influence of
the hyperparameters involved on the experimental results. This is done by answering the following
three research questions (RQs).

(1) RQ1: How well does YourCoLo perform?
(2) RQ2: How much do different components contribute to the code localization performance?
(3) RQ3: What is the impact of different hyperparameters?

5.1 RQ1: How Well Does YourCoLo Perform?
Method. The BM25 algorithm does not require any model fine-tuning. In this setup, URs serve as
queries, while code snippets serve as documents, enabling the retrieval of relevant code based
on URs. For both CodeBERT and GraphCodeBERT, we adopt the training method described in
previous studies [27], where the model is fine-tuned on data from a single project. This training
scheme is referred to as train on single (ToS). This is because previous research has shown that
fine-tuning using data from all projects does not yield the same results as fine-tuning using data
from a single project. Therefore, we chose the method that performs best for code localization in our
previous work: fine-tuning a model individually for each project using data from a single project. In
contrast, for both CodeLlama and our proposed YourCoLo approach, the model is fine-tuned using
prompt-enhanced data from all projects. This training scheme is referred to as train on all (ToA).
This approach aims to demonstrate that our proposed method is applicable to all projects and does
not need to be fine-tuned individually for each project. Finally, we test the models obtained through
the different methods outlined above on each project.

Results. As shown in Table 2, for the overall performance of code localization, YourCoLo(UniXcoder)

outperforms other benchmark models in most cases, especially in the performance of high Top- 
values (Top-10, Top-20), MRR, and MAP. At the method level, YourCoLo(UniXcoder) significantly
outperforms the other models in all applications, especially on Termux application, where Your-
CoLo(UniXcoder)’s MRR reached 0.752, the Top-20 reached 0.825, and YourCoLo(UniXcoder)’s MAP achieved
0.443. At the file level, YourCoLo(UniXcoder) also achieved the highest MRR and MAP value for most
applications. In K-9 Mail, AntennaPod, YourCoLo(UniXcoder) has significantly improved in the accuracy
of the Top-20 and maintains a lead in MRR.

Discussion. Classical IR techniques such as BM25 and TF-IDF yield relatively low performance,
highlighting their limitations in bridging the semantic gap between URs and code snippets. Although
both methods are robust in traditional lexical matching, they fall short in capturing the contextual
or structural of code. In contrast, CodeMatcher, a recent IR-based code search method, demonstrates
superior performance over BM25 and TF-IDF. Despite not employing DL, CodeMatcher effectively
incorporates keyword extraction and fuzzy matching strategies, followed by a sequential re-ranking
mechanism. This hybrid yet lightweight design enables it to better align user queries with relevant
code segments. Interestingly, BLUiR, a classic IR-based bug localization method that integrates
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Table 2. The Performance of Different Methods on Locating Code at Method Level and File Level

APP Name Model Scheme Method Level File Level

Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP

K-9 Mail

BM25 None 0.012 0.024 0.046 0.077 0.127 0.036 0.01 0.052 0.14 0.196 0.314 0.454 0.13 0.031
TF-IDF None 0.006 0.018 0.031 0.04 0.105 0.026 0.007 0.046 0.096 0.155 0.255 0.445 0.107 0.047
CodeMatcher None 0.062 0.1 0.115 0.15 0.23 0.092 0.051 0.096 0.174 0.227 0.37 0.517 0.159 0.069
BLUiR None 0.006 0.009 0.015 0.046 0.077 0.02 0.006 0.062 0.199 0.249 0.373 0.504 0.16 0.072
FLIM ToS 0.082 0.156 0.238 0.302 0.348 0.144 0.127 0.128 0.321 0.401 0.507 0.622 0.231 0.15
CodeBERT ToS 0.118 0.246 0.299 0.411 0.508 0.205 0.181 0.178 0.355 0.421 0.583 0.698 0.28 0.187
GraphCodeBERT ToS 0.29 0.421 0.486 0.579 0.698 0.369 0.232 0.336 0.539 0.614 0.732 0.832 0.437 0.269
CodeLlama ToS 0.28 0.401 0.49 0.576 0.67 0.34 0.22 0.32 0.502 0.623 0.75 0.852 0.423 0.236
YourCoLo(GraphCodeBERT) ToA 0.227 0.342 0.404 0.473 0.554 0.313 0.21 0.267 0.442 0.523 0.641 0.76 0.377 0.218
YourCoLo(UniXcoder) ToA 0.364 0.445 0.492 0.651 0.785 0.441 0.344 0.417 0.535 0.632 0.791 0.866 0.5 0.355

AntennaPod

BM25 None 0.033 0.033 0.067 0.083 0.117 0.054 0.013 0.05 0.117 0.183 0.367 0.5 0.132 0.036
TF-IDF None 0.016 0.066 0.066 0.083 0.1 0.045 0.014 0.033 0.116 0.233 0.3 0.45 0.111 0.023
CodeMatcher None 0.033 0.1 0.15 0.183 0.25 0.062 0.005 0.05 0.15 0.2 0.35 0.567 0.156 0.061
BLUiR None 0.016 0.033 0.05 0.1 0.133 0.038 0.009 0.083 0.183 0.3 0.383 0.516 0.181 0.076
FLIM ToS 0.009 0.027 0.137 0.201 0.431 0.067 0.063 0.036 0.091 0.284 0.467 0.66 0.14 0.073
CodeBERT ToS 0.083 0.2 0.217 0.317 0.4 0.162 0.08 0.133 0.35 0.433 0.483 0.617 0.257 0.136
GraphCodeBERT ToS 0.183 0.333 0.417 0.483 0.55 0.258 0.111 0.317 0.45 0.617 0.683 0.75 0.394 0.204
CodeLlama ToS 0.172 0.321 0.403 0.49 0.523 0.237 0.137 0.312 0.436 0.602 0.687 0.722 0.392 0.198
YourCoLo(GraphCodeBERT) ToA 0.166 0.266 0.333 0.383 0.5 0.237 0.123 0.293 0.416 0.516 0.653 0.716 0.382 0.175
YourCoLo(UniXcoder) ToA 0.216 0.3 0.4 0.583 0.683 0.311 0.192 0.3 0.416 0.516 0.716 0.816 0.403 0.255

Cgeo

BM25 None 0.015 0.06 0.09 0.09 0.181 0.056 0.018 0.045 0.121 0.167 0.242 0.409 0.112 0.02
TF-IDF None 0.015 0.045 0.075 0.121 0.151 0.048 0.016 0.09 0.136 0.196 0.303 0.424 0.15 0.06
CodeMatcher None 0.045 0.06 0.121 0.151 0.257 0.076 0.011 0.121 0.212 0.333 0.393 0.454 0.174 0.081
BLUiR None 0.015 0.045 0.045 0.06 0.075 0.036 0.01 0.075 0.136 0.212 0.287 0.53 0.156 0.073
FLIM ToS 0.03 0.03 0.03 0.045 0.106 0.036 0.029 0.03 0.06 0.166 0.363 0.56 0.106 0.098
CodeBERT ToS 0.076 0.182 0.227 0.228 0.379 0.125 0.09 0.091 0.197 0.242 0.379 0.606 0.15 0.115
GraphCodeBERT ToS 0.152 0.273 0.333 0.439 0.561 0.224 0.129 0.212 0.379 0.485 0.682 0.788 0.306 0.192
CodeLlama ToS 0.149 0.273 0.301 0.43 0.589 0.215 0.132 0.21 0.385 0.458 0.681 0.789 0.299 0.187
YourCoLo(GraphCodeBERT) ToA 0.106 0.257 0.257 0.378 0.469 0.203 0.124 0.181 0.378 0.439 0.56 0.742 0.303 0.136
YourCoLo(UniXcoder) ToA 0.197 0.333 0.454 0.56 0.667 0.311 0.179 0.272 0.5 0.651 0.727 0.863 0.419 0.263

Anki

BM25 None 0.024 0.032 0.04 0.065 0.098 0.042 0.014 0.057 0.106 0.163 0.303 0.459 0.122 0.058
TF-IDF None 0.016 0.032 0.049 0.065 0.106 0.039 0.014 0.049 0.081 0.147 0.327 0.557 0.118 0.074
CodeMatcher None 0.032 0.122 0.147 0.213 0.237 0.082 0.016 0.065 0.27 0.385 0.557 0.59 0.18 0.093
BLUiR None 0.016 0.024 0.024 0.024 0.049 0.026 0.008 0.057 0.155 0.229 0.368 0.573 0.155 0.084
FLIM ToS 0.036 0.064 0.128 0.192 0.348 0.078 0.068 0.073 0.211 0.293 0.431 0.651 0.186 0.101
CodeBERT ToS 0.107 0.27 0.344 0.433 0.533 0.193 0.102 0.287 0.508 0.631 0.787 0.869 0.392 0.256
GraphCodeBERT ToS 0.189 0.385 0.434 0.525 0.598 0.274 0.121 0.295 0.541 0.607 0.77 0.861 0.396 0.213
CodeLlama ToS 0.179 0.381 0.421 0.502 0.588 0.257 0.156 0.285 0.523 0.602 0.732 0.865 0.396 0.197
YourCoLo(GraphCodeBERT) ToA 0.147 0.237 0.27 0.36 0.467 0.219 0.106 0.237 0.5 0.565 0.68 0.79 0.375 0.198
YourCoLo(UniXcoder) ToA 0.279 0.368 0.434 0.516 0.622 0.359 0.196 0.377 0.565 0.663 0.778 0.86 0.491 0.277

Termux

BM25 None 0.045 0.11 0.201 0.293 0.513 0.131 0.102 0.09 0.284 0.44 0.66 0.89 0.242 0.124
TF-IDF None 0.036 0.110 0.174 0.311 0.513 0.121 0.083 0.174 0.302 0.44 0.706 0.899 0.302 0.203
CodeMatcher None 0.201 0.339 0.422 0.522 0.541 0.28 0.09 0.247 0.495 0.651 0.743 0.743 0.362 0.175
BLUiR None 0.027 0.082 0.119 0.174 0.247 0.085 0.063 0.128 0.266 0.422 0.651 0.834 0.269 0.157
FLIM ToS 0.146 0.247 0.293 0.385 0.495 0.217 0.17 0.165 0.33 0.422 0.541 0.67 0.278 0.183
CodeBERT ToS 0.284 0.367 0.505 0.67 0.817 0.344 0.263 0.385 0.624 0.752 0.881 0.982 0.446 0.29
GraphCodeBERT ToS 0.376 0.477 0.56 0.688 0.807 0.433 0.32 0.477 0.697 0.789 0.908 0.963 0.559 0.422
CodeLlama ToS 0.368 0.472 0.558 0.682 0.808 0.429 0.31 0.473 0.689 0.787 0.906 0.958 0.551 0.397
YourCoLo(GraphCodeBERT) ToA 0.238 0.339 0.376 0.467 0.614 0.323 0.253 0.348 0.559 0.651 0.816 0.926 0.48 0.294
YourCoLo(UniXcoder) ToA 0.422 0.532 0.651 0.752 0.825 0.52 0.443 0.532 0.724 0.798 0.926 0.981 0.631 0.49

Bold numbers indicate the best performance for each metric in the table.

AST-based structural information with BM25 scoring, performs worse than BM25 and TF-IDF in our
experiments. Also originating from the field of bug localization, the FLIM method achieves better
performance than BLUiR in the UR based code localization task, indicating that combining DL tech-
niques with traditional IR methods is more effective than relying solely on traditional IR. Although
FLIM uses CodeBERT as a feature extractor, its performance is inferior to directly fine-tuning Code-
BERT. This is because FLIM’s learning-to-rank model requires a lot of high-quality relevance labels,
and the amount of data available for UR-based code localization is relatively limited compared to the
datasets typically employed by FLIM in bug localization tasks, which may hinder the model’s ability
to learn stable ranking patterns. In contrast, end-to-end fine-tuning can better leverage pre-trained
weights to effectively adapt to limited data. Our proposed approach, YourCoLo, achieves the best
performance across all methods and outperforms the previous SOTA approach, in which Graph-
CodeBERT was fine-tuned on a single project in earlier benchmarks. This solves the performance
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Fig. 12. The number of PD-type and FR-type reviews in its test dataset for each app project.

reduction problem on multiple projects seen in previous models. Compared to earlier fine-tuning
methods, YourCoLo can fine-tune a universal model that is applicable to multiple projects.

In order to further analyze the model’s performance, we evaluated its performance separately
on the two major types of URs in the Review2Code dataset: PD and FR. Specifically, the reviews
in the test sets of the five app projects were manually classified into two sub-test sets according
to their type (PD or FR). We then compiled a summary chart, as shown in Figure 12, presenting
for each app project the number of PD-type and FR-type reviews contained in its test set. Then
our method was tested on the PD and FR sub-test sets for each app project, and the corresponding
experimental results were recorded.

As shown in Table 3, at the method level, our model achieves higher MRR and MAP on PD-type
reviews in projects such as Cgeo and Anki, whereas in projects like K-9 Mail, AntennaPod, and
Termux, FR-type reviews achieve higher MRR. To summarize the overall trend across projects, we
computed the weighted average of the metrics across the five app projects, using the number of
reviews in each project as the weight. At the method level, the weighted averages show that our
model performs slightly better on PD-type reviews (MRR = 0.425, MAP = 0.319) than on FR-type
reviews (MRR = 0.401, MAP = 0.277), likely because PD-type reviews include concrete problem
descriptions and error reproduction details. At the file level, the performance gap is smaller,
with PD-type reviews achieving MRR = 0.512 and MAP = 0.358, and FR-type reviews achieving
MRR = 0.491 and MAP = 0.322. These results indicate that our model is robust at coarser granularity
and can effectively localize code files based on both review types. Overall, these results demonstrate
that our method can handle both PD and FR reviews. PD-type reviews provide slightly more useful
information for method-level localization, while FR-type reviews are still effectively leveraged,
particularly at the file level.

In the experimental results, YourCoLo outperforms the SOTA approach. However, numerical
improvement alone does not guarantee that the observed gain is statistically meaningful rather
than due to randomness. As shown in Table 4, to assess whether the improvement of YourCoLo
over the SOTA method in terms of MRR is statistically significant, we conducted a non-parametric
significance test based on the 678 URs in the test set. For each review, we computed the MRR scores
produced by YourCoLo and the SOTA method, resulting in paired samples for comparison. We
formulated the null hypothesis (H0) that there is no significant difference in MRR scores between
the two methods, against the alternative hypothesis (H1) that a significant difference exists. We first
applied the Shapiro–Wilk test on the distribution of per-review MRR differences (i.e., YourCoLo
MRR minus SOTA MRR) to check for normality; the test indicated that the differences are not
normally distributed.Therefore, we employed theWilcoxon signed-rank test, which does not assume
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Table 3. Performance of YourCoLo on Two Types of URs: PD and FR

APP Name Review Type Method Level File Level

Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP

K-9 Mail PD 0.352 0.436 0.497 0.657 0.802 0.433 0.348 0.408 0.535 0.638 0.807 0.877 0.49 0.358
FR 0.388 0.462 0.481 0.638 0.75 0.455 0.336 0.435 0.537 0.62 0.759 0.842 0.517 0.35

AntennaPod PD 0.16 0.24 0.36 0.4 0.52 0.258 0.177 0.28 0.44 0.44 0.56 0.76 0.385 0.25
FR 0.257 0.342 0.457 0.514 0.6 0.35 0.2 0.314 0.4 0.514 0.714 0.743 0.41 0.258

Cgeo PD 0.261 0.38 0.5 0.642 0.809 0.377 0.213 0.357 0.523 0.667 0.785 0.904 0.482 0.314
FR 0.083 0.25 0.375 0.416 0.416 0.196 0.122 0.125 0.458 0.625 0.625 0.792 0.306 0.173

Anki PD 0.294 0.441 0.529 0.573 0.676 0.395 0.201 0.382 0.573 0.691 0.779 0.838 0.52 0.296
FR 0.222 0.333 0.389 0.518 0.592 0.315 0.187 0.351 0.518 0.592 0.759 0.907 0.457 0.252

Termux PD 0.379 0.569 0.696 0.797 0.848 0.509 0.444 0.518 0.746 0.784 0.898 0.962 0.621 0.47
FR 0.5 0.6 0.667 0.7 0.8 0.581 0.442 0.633 0.767 0.767 0.833 1 0.7 0.543

Weighted Average PD 0.328 0.444 0.531 0.653 0.775 0.425 0.319 0.412 0.573 0.665 0.803 0.882 0.512 0.358
FR 0.318 0.414 0.470 0.581 0.669 0.401 0.277 0.394 0.534 0.617 0.749 0.856 0.491 0.322

Bold numbers indicate the best performance for each metric in the table.

Table 4. Statistical Test Results between YourCoLo and
the SOTA Approach

Evaluation Metric MRR MAP

Test Sample Size 678 678

Normality Test Shapiro-Wilk Shapiro-Wilk

Normality Result Not normal Not normal

Significance Test Wilcoxon signed-rank Wilcoxon signed-rank

Wilcoxon Statistic 51,059.5 60,653.5

p-value <0.0001 <0.0001

normality and is suitable for paired samples. The test results demonstrate that the improvement
of YourCoLo over the SOTA method is statistically significant, with a Wilcoxon W statistic of
51,059.5 and a p-value less than 0.0001. Similarly, to examine whether the improvement in terms
of MAP is statistically significant, we repeated the same procedure. We computed the per-review
MAP scores for both methods, formulated the same null and alternative hypotheses, and applied
the Shapiro–Wilk test on the distribution of MAP differences. The test similarly indicated that the
differences are not normally distributed. Consequently, we also used the Wilcoxon signed-rank test
for MAP, which showed that the improvement of YourCoLo over the SOTA method is statistically
significant, with a Wilcoxon W statistic of 60,653.5 and a p-value less than 0.0001.

The functions of the YourCoLo approach differ between the UniXcoder and GraphCodeBERT
models. Using UniXcoder as the backbone, YourCoLo(UniXcoder) achieves the best performance for
code localization. In contrast, YourCoLo(GraphCodeBERT), which uses GraphCodeBERT as the backbone,
does not perform as effectively. This suggests that our proposed YourCoLo approach is particularly
well suited for the UniXcoder model. UniXcoder emphasizes joint modeling of code and natural
language, effectively handling both types of data during the pre-training phase. This capability
allows it to better utilize contextual information when understanding code [18]. On the other hand,
GraphCodeBERT focuses mainly on representing code with graph structures, integrating syntactic
and semantic information to capture structured code features [19].

We use prompts to tag projects so that the model can recognize the features of different projects
as they fine-tune, allowing for more efficient training on cross-project datasets. In doing this, the
prompt acts as a project identifier to help the model recognize the relationship between URs and
code snippets across projects.Themodel needs to focus on the prompt to some extent to differentiate
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Fig. 13. The attention heat distribution of GraphCodeBERT and UniXcoder for the code snippet with the
added prompt.

between the features of different projects. Both models are based on the Transformer architecture
and rely on the attention mechanism [76], with their primary task still being to match URs with
code content. Therefore, most of the attention should be focused on the association between the
review and code content.

In order to further explore the different focus and use of the prompt by GraphCodeBERT and
UniXcoder, we show in Figure 13 the attention heat distribution of GraphCodeBERT and UniXcoder
for the code snippet with the added prompt. For GraphCodeBERT, there are two adjacent diagonal
lines of attention, indicating that GraphCodeBERT is primarily focused on the relationship between
each token and its neighboring tokens. In the upper left corner, we can see that on each side of the
main diagonal, there is a shorter diagonal line of attention, which reflects GraphCodeBERT’s focus
on the added prompt. This shows that GraphCodeBERT allocates some of its attention to the prompt
information, suggesting that adding the prompt affects the original distribution of the attention
weights. This interference disrupts the main task of aligning URs with code snippets, resulting in
less effective code localization. In contrast, UniXcoder integrates the prompt more seamlessly into
the model’s input without altering the original attention distribution. As a project-specific context,
the prompt aids the model in identifying the relationship between URs and code snippets across
different projects, enhancing the model’s cross-project generalization ability.�

�

�

�

Summary. Our proposed approach YourCoLo (with UniXcoder as the backbone) significantly
outperforms current baselines, especially in achieving superior localization results across multiple
application projects without having to fine-tune each project individually. Specifically, YourCoLo
outperforms the current SOTA method by 7.7% and 7.0% in MRR, and by 8.8% and 6.8% in MAP,
at the method and file levels, respectively.

5.2 RQ2: How Much Do Different Components Contribute to the Code Localization
Performance?

In this section, we design experiments to verify the improvement in task performance of each part
of YourCoLo. In this experiment, we use the UniXcoder model as the backbone of YourCoLo.

5.2.1 How Much Does CPFT Contribute to the Code Localization Performance?
Method. In this section, we conduct comparative experiments involving five different training
schemes to evaluate the performance of our proposed CPFT method, which are shown in Table 5.
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Table 5. Comparison of Five Different Training Schemes to Investigate the Impact of CPFT on Method-Level
and File-Level Code Localization Performance

Method Fine-Tuning Scope Prompt Augmentation Training Method

ToS_GraphCodeBERT Single project No Individual model for each project
ToA_GraphCodeBERT All projects No Universal model for all projects
ToS_CPFT_w/o_prompt Single project No Individual model for each project
ToA_CPFT_w/o_prompt All projects No Universal model for all projects
ToA_CPFT All projects Yes Universal model for all projects

Table 6. Decomposition of the Proposed Prompt Template and Its Design Rationale, Detailing
Each Part’s Content and Purpose

Part Content Purpose

partial_1 This code belongs to the + project_name + project. Provide project background information as con-
text for the model

partial_2 The user’s review and the corresponding code must have
the same meaning to match.

Explicitly inform the model that the goal is seman-
tic matching

partial_3 so the code + code_content + can be represented as Guide the model to perform vectorization/repre-
sentation learning

For the column “Prompt Augmentation,” “No” means that the training sample is not augmented
using a prompt, while “Yes” indicates that the training sample is augmented using a prompt, as
illustrated in Figure 4. “Partial prompt” means that only the initial part of the prompt in Figure 4 is
used, which indicates the project to which the review or code snippet belongs. For example, in the
case of the Cgeo project, the prompt is: “This user review/code belongs to the Cgeo project.” It should
be noted that the first two training schemes in Table 5 are designed to enrich the experimental
results and to demonstrate that using CPFT is more suitable for fine-tuning a universal model
that works for most projects. The latter three training schemes in Table 5 aim to explore how
much does CPFT contribute to the code localization performance. ToS_CPFT_w/o_prompt and
ToA_CPFT_w/o_prompt are designed to explore the differences between fine-tuning using data from
a single project and fine-tuning using data from all projects. ToA_CPFT_w/o_prompt and ToA_CPFT
are designed to investigate the effects of fine-tuning using all project data, with a focus on the
influence of prompt template. In the first two schemes listed in Table 5, the same Cross-Entropy
loss function and hyperparameter settings are applied, and the LCPS method is not applied during
the inference process. In the last three schemes listed in Table 5, the same CEAPS loss function
and hyperparameter settings are used, and the LCPS method is not applied during the inference
process.

To investigate the impact of different components of our designed prompt template on model
performance, we decomposed the complete prompt template into three distinct parts as Table 6.
We then conducted an ablation study by systematically removing each part to observe the effect on
retrieval performance. Specifically, we compared the full prompt template (partial_1 + partial_2 +
partial_3) against several ablated versions (e.g., removing partial_1, partial_2, or partial_3 individu-
ally). The same CEAPS loss function and hyperparameter settings are used, and the LCPS method is
not applied during the inference process. The performance was measured using standard evaluation
metrics, including MRR, MAP, and Top-K. This design allows us to analyze the contribution of each
prompt component to the final results.

Results. The evaluation results of the five methods on the test datasets of the five projects
are shown in Table 7. At the method level, ToA_CPFT performed best overall, outperforming
other fine-tuning methods with respect to Top-1, Top-3, MRR, and MAP. ToS_CPFT_w/o_prompt
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Table 7. Code Localization Performance on Five Applications under Different Training Schemes at the
Method and File Levels

Training Scheme Method Level File Level

Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP

ToS_GraphCodeBERT 0.238 0.378 0.446 0.543 0.643 0.312 0.183 0.327 0.521 0.615 0.755 0.839 0.418 0.279
ToA_GraphCodeBERT 0.226 0.333 0.401 0.503 0.605 0.291 0.167 0.334 0.502 0.609 0.737 0.833 0.418 0.278
ToS_CPFT_w/o_prompt 0.256 0.392 0.470 0.555 0.648 0.338 0.223 0.339 0.543 0.640 0.737 0.836 0.439 0.274
ToA_CPFT_w/o_prompt 0.221 0.368 0.430 0.517 0.599 0.312 0.201 0.318 0.535 0.624 0.727 0.827 0.431 0.256
ToA_CPFT 0.296 0.396 0.448 0.540 0.623 0.376 0.251 0.380 0.542 0.632 0.740 0.840 0.484 0.312

Bold numbers indicate the best performance for each metric in the table.

Table 8. Ablation Experiments to Assess the Impact of Individual Prompt Components

Training Scheme Method Level File Level

Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP

ToA_CPFT 0.296 0.396 0.448 0.540 0.623 0.376 0.251 0.380 0.542 0.632 0.740 0.840 0.484 0.312
ToA_CPFT_w/o_prompt 0.221 0.368 0.430 0.517 0.599 0.312 0.201 0.318 0.535 0.624 0.727 0.827 0.431 0.256
ToA_CPFT_w/o_prompt_partial_1 0.230 0.310 0.450 0.470 0.590 0.328 0.218 0.292 0.519 0.613 0.717 0.835 0.438 0.244
ToA_CPFT_w/o_prompt_partial_2 0.247 0.353 0.425 0.503 0.608 0.347 0.235 0.321 0.524 0.619 0.737 0.832 0.444 0.253
ToA_CPFT_w/o_prompt_partial_3 0.275 0.373 0.442 0.520 0.650 0.364 0.243 0.373 0.531 0.620 0.738 0.840 0.473 0.278

Bold numbers indicate the best performance for each metric in the table.

performed better than ToS_GraphCodeBERT and ToA_GraphCodeBERT without prompt, but worse
than ToA_CPFT with prompt. ToA_CPFT performed better than ToS_CPFT_w/o_prompt. At the file
level, ToA_CPFT has significant advantages over other methods at Top-1, Top-3, Top-5, MRR, and
MAP, indicating that prompt-enhanced cross-project models are effective not only at the method
level but also at larger granularity (file level).

As shown in Table 8, at the method level, removing either partial_1 or partial_2 leads to a
significant decrease in both MRR and MAP metrics, whereas removing partial_3 results in a
relatively small decline. This indicates that the third part has a comparatively minor impact.
Similarly, at the file level, removing partial_1 or partial_2 also causes a notable drop in MRR and
MAP scores. These results suggest that different parts of the prompt contribute differently, with
partial_1 and partial_2 being the most critical components.

Discussion. When fine-tuning a universal model on data from all projects without using prompt,
the model’s performance decreases compared to fine-tuning a separate model for each project using
data from a single project (also without using prompt). We also find that utilizing the full prompt
template yields the best performance, whereas using only a partial prompt template leads to a
performance decline. These results indicate that different parts of the prompt contribute unevenly,
with partial_1 and partial_2 being the most critical components. This suggests that our designed
prompt template is well-structured and complete. These findings demonstrate the effectiveness
of the CPFT method, as fine-tuning using prompt augmentation data from all projects leads to
improved performance.

5.2.2 How Much Does CEAPS Contribute to the Code Localization Performance?
Method. In this section, we compare CESPS and CEAPS. CESPS refers to the original cross-entropy
loss function, which calculates the loss based on a single positive sample. CEAPS is our newly
designed loss function that leverages the probability distribution of all positive samples. For these
experiments, prompts are added to enhance the data and fine-tune a model using all project data.
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Table 9. Code Localization Results on Five Apps Comparing Two Loss Calculation Methods, CEAPS and
CESPS, Evaluated at Method Level and File Level

APP Name Loss Type Method Level File Level

Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP

K-9 Mail CESPS 0.345 0.442 0.492 0.582 0.654 0.421 0.298 0.383 0.538 0.623 0.728 0.797 0.477 0.327
CEAPS 0.364 0.445 0.485 0.579 0.66 0.431 0.316 0.417 0.532 0.607 0.722 0.8 0.494 0.343

AntennaPod CESPS 0.186 0.321 0.38 0.452 0.537 0.263 0.156 0.31 0.402 0.512 0.647 0.728 0.381 0.215
CEAPS 0.216 0.3 0.333 0.433 0.55 0.29 0.179 0.3 0.416 0.533 0.65 0.733 0.396 0.234

Cgeo CESPS 0.136 0.227 0.287 0.348 0.439 0.212 0.135 0.181 0.348 0.454 0.545 0.727 0.3 0.198
CEAPS 0.197 0.333 0.409 0.485 0.545 0.295 0.171 0.272 0.5 0.636 0.697 0.848 0.417 0.254

Anki CESPS 0.195 0.375 0.45 0.535 0.597 0.279 0.162 0.316 0.538 0.601 0.71 0.856 0.375 0.219
CEAPS 0.279 0.369 0.434 0.508 0.59 0.357 0.172 0.377 0.549 0.622 0.713 0.836 0.483 0.263

Termux CESPS 0.377 0.487 0.55 0.67 0.82 0.442 0.376 0.487 0.7 0.752 0.91 0.961 0.578 0.456
CEAPS 0.422 0.532 0.577 0.697 0.77 0.505 0.419 0.532 0.715 0.761 0.917 0.972 0.628 0.467

Bold numbers indicate the best performance for each metric in the table.

All other experimental settings are kept constant, with the only difference being the loss calculation
method. The LCPS method is not used during the inference process.

Results. The experimental results are shown in Table 9. At the method level, MRR improves with
the use of CEAPS. For most applications, CEAPS’s Top-1, Top-3, and Top-5 accuracies are better
than or equal to those of CESPS in most cases. Especially in K-9 Mail, Cgeo, and Termux, CEAPS
showed significant improvements in Top-1 and Top-3. At the file level, MRR improved with the use
of CEAPS, K-9 Mail from 0.477 to 0.494, and Termux from 0.578 to 0.628. MAP improved with the
use of CEAPS, Termux from 0.376 to 0.419. Overall, CEAPS achieved the best results for almost all
apps in MRR, MAP, and Top-1. CEAPS outperforms CESPS in most cases, reflecting its advantage in
handling one-to-many relationships between URs and code snippets.

Discussion. By calculating loss based on the probability distribution of all positive samples, CEAPS
can better capture general matching information, thereby enhancing the model’s localization
capability.

5.2.3 How Much Does LCPS Contribute to the Code Localization Performance?
Method. In this section, we re-rank the matched code snippets with and without the LCPS method,
where LCPS leverages coupling relationships to optimize the re-ranking of initially matched code
snippets. In the experiment, the loss function used in the fine-tuning stage, the training data, and
other experimental settings are the same for both approaches; the only difference is that one uses
re-ranking, while the other does not.

—LCPS: Re-rank the matched code snippets with the LCPS method.
—w/o_LCPS: No re-ranking method is used.

Results. The experimental results are shown in Table 10. At the method level, the results show
that the LCPS method has a certain degree of improvement compared with w/o_LCPS in the
Top-5, Top-10, and Top-20 indexes, while K-9 Mail and Termux show a relatively significant
improvement: LCPS’s performance on the Top-10 and Top-20 improved from 0.579 to 0.651 and
from 0.66 to 0.785, respectively. At the file level, LCPS’s performance is significantly improved
compared with w/o_LCPS, especially in Top-10 and Top-20, and Termux and K-9 Mail’s re-ranking
effect is particularly prominent. K-9 Mail increased from 0.722 to 0.791 in Top-10. The re-ranking
method LCPS has limited improvement in Top-1 and Top-3, and according to the characteristics
of the method, the local coupling is improved while keeping the original sorting order basically
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Table 10. Code Localization Performance on Five Apps Comparing Results with LCPS Re-Ranking and
without Re-Ranking

APP Name Re-Rank Method Level File Level

Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP Top-1 Top-3 Top-5 Top-10 Top-20 MRR MAP

K-9 Mail LCPS 0.364 0.445 0.492 0.651 0.785 0.441 0.344 0.417 0.535 0.632 0.791 0.866 0.5 0.355
w/o_LCPS 0.364 0.445 0.485 0.579 0.66 0.431 0.316 0.417 0.532 0.607 0.722 0.8 0.494 0.343

AntennaPod LCPS 0.216 0.3 0.4 0.583 0.683 0.311 0.192 0.3 0.416 0.516 0.716 0.816 0.403 0.255
w/o_LCPS 0.216 0.3 0.333 0.433 0.55 0.29 0.179 0.3 0.416 0.533 0.65 0.733 0.396 0.234

Cgeo LCPS 0.197 0.333 0.454 0.56 0.667 0.311 0.179 0.272 0.5 0.651 0.727 0.863 0.419 0.263
w/o_LCPS 0.197 0.333 0.409 0.485 0.545 0.295 0.171 0.272 0.5 0.636 0.697 0.848 0.417 0.254

Anki LCPS 0.279 0.368 0.434 0.516 0.622 0.359 0.196 0.377 0.565 0.663 0.778 0.86 0.491 0.277
w/o_LCPS 0.279 0.369 0.434 0.508 0.59 0.357 0.172 0.377 0.549 0.622 0.713 0.836 0.483 0.263

Termux LCPS 0.422 0.532 0.651 0.752 0.825 0.52 0.443 0.532 0.724 0.798 0.926 0.981 0.631 0.49
w/o_LCPS 0.422 0.532 0.577 0.697 0.77 0.505 0.419 0.532 0.715 0.761 0.917 0.972 0.628 0.467

Bold numbers indicate the best performance for each metric in the table.

unchanged. Second, LCPS can improve the overall MRR, especially at the file level. LCPS can
improve the MAP at the method level.

Discussion. The re-ranking method LCPS has limited improvement in Top-1 and Top-3, and
according to the characteristics of the method, the local coupling is improved while keeping the
original sorting order basically unchanged. Second, LCPS can improve the overall MRR, especially
at the file level. LCPS demonstrates that using the historical commit frequency between code
snippets as a measure of code coupling to assist in re-ranking can improve code localization results.�

�

�



Summary. Experimental results demonstrate that the CPFT method addresses cross-project
generalization issues, the CEAPS method excels in handling one-to-many mapping relationships,
and the LCPS method enhances code localization performance. Each method proves to be effective
in its respective aspect.

5.3 RQ3: What Is the Impact of Different Hyperparameters?
Method. In this section, we study the impact of the hyperparameter: coupling window  . In the
experimental process, we use the UniXcoder model as the backbone of YourCoLo, as it yielded the
best results, and set different  values for the experimental analysis to observe changes in various
indicators of code localization under different  values.

Results. As shown in Figures 14 and 15, the MRR and MAP metrics show that the optimal values
of  for most projects are between 3 and 5 at the method and file levels. The value of  has a greater
impact on Termux and K-9 Mail, but less so on Anki. For Top-1, the value of  has little effect,
as the code snippet ranked first remains unchanged in the final localization results, regardless of
the value of  . For Top-3, K-9 Mail and Anki perform stably across the values of  , while other
projects peak at  = 2. As  increases, the effect decreases for Top-3 due to the fixed first three
elements. For Top-5, performance varies by project, with K-9 Mail and Termux peaking at  = 2
and AntennaPod at  = 3. At the file level, most projects perform best at  = 4 or 5. For Top-10, the
 value significantly impacts performance at the method level, with a more stable improvement
at the file level. For Top-20, the performance of the method level improves with  up to 5, then
stabilizes or decreases, while the performance of the file level shows continuous improvement with
higher values of  .

Discussion. The coupling information of some app projects is concentrated in a small range of
values  , which shows the effectiveness of local coupling. The file level, on the other hand, is
more dependent on a larger  value, indicating that connections between files usually require a
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Fig. 14. The effect of coupling window K value on the result of method-level code localization.

Fig. 15. The effect of coupling window K value on the result of file-level code localization.

larger window to capture. The design of the coupling window should be adjusted according to the
characteristics of the project. For projects with a strong coupling relationship, adjusting  can
bring about a large improvement, while for projects with a weak coupling relationship, increasing
 can have a limited effect on the results.�



�
	

Summary. The optimal value of  varies for each app project, and even within the same project,
the best  value differs between method-level and file-level code localization. Most app projects
achieve the best code localization results when the value of  is in the range of 3 to 5.

5.4 Case Study
We present some cases to demonstrate the effectiveness of our proposed YourCoLo approach. If
the retrieved method belongs to the ground truth, it is highlighted in green.

The first case study focuses on the comparison of code localization capabilities among models at
the method level. As shown in Figure 16, CodeBERT and CodeLlama perform comparably, each
locating three correct methods. Although GraphCodeBERT performs better, correctly locating
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Fig. 16. A case study: the comparison of code localization capabilities among models at the method level.

Fig. 17. A case study: the comparison between GraphCodeBERT and YourCoLo at method level and file level.

four target methods (buildEnvironment, setupIfNeeded, onServiceConnected, onStartCommand), A
non-target method, determineZipUrl, is incorrectly located. YourCoLo performs best, accurately
locating five code methods. In this case, YourCoLo demonstrates a stronger semantic understanding
of URs and code methods than other models.

The second case study focuses on the comparison between GraphCodeBERT and YourCoLo at the
method level and the file level. As shown in Figure 17, in terms of method level, GraphCodeBERT
successfully located some of the error methods, such as handleSendFailure and moveOrDelete-
SentMessage. However, some prediction results such as checkServerSettings, upgradeDatabasedb, and
sendPendingMessagesSynchronous_withCertificateFailure_shouldNotify are not in the ground truth.
In contrast, YourCoLo performs better at the method level. It successfully locates all methods
in the ground truth, demonstrating higher performance. In file-level localization, GraphCode-
BERT successfully locates some of the relevant documents, such as MessagingController.Java
and MessagingControllerTest.Java, but it also gives incorrect files, such as ImapBackend.Java and
StoreSchemaDefinition.Java. YourCoLo also performs well at the file level, completely covering all
relevant files in ground truth, showing its high accuracy in locating code at the file level.

The third case study focuses on demonstrating how YourCoLo can optimize the ranking of
matched code snippets, improving their rank in the final results. As shown in Figure 18, the first five
methods names in the original results do not appear in the ground truth, and the first code snippet
that matches the UR is ranked 35th. Through optimization of YourCoLo, we identify the most
relevant code snippets from the coupling dictionary for the top five snippets in the original results.
The addLatestLogs method does not have a corresponding entry in the coupling dictionary.We insert
the matched code snippets from the coupling dictionary into positions 6 through 9 of the original
results. After re-ranking, the doInBackgroundInternal method is moved to the ninth position.
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Fig. 18. A case study: YourCoLo can optimize the ranking of matched code snippets in the Cgeo app.

Fig. 19. A case study: YourCoLo can enhance the coupling of code localization results in the Termux app.

The fourth case study focuses on how YourCoLo can enhance the coupling of code localization
results. As shown in Figure 19, only two of the top seven method names in the original results
appear in the ground truth. Through optimization of YourCoLo, we identify the most relevant
code snippets from the coupling dictionary for the top five snippets. The getFontSize method does
not have a corresponding entry in the coupling dictionary. We insert the matched code snippets
from the coupling dictionary into positions 4 and 5 of the original results. After re-ranking, three
of the top seven method names in the final results appear in the ground truth.

As shown in Figure 20, we can see that both app/src/main/java/com/termux/view/TerminalView.java
and terminal-view/src/main/java/com/termux/view/TerminalView.java contain the onCreateInputCon-
nection method. The content of these two methods is identical, but they are located in different files.
However, only the onCreateInputConnection method in terminal-view/src/main/java/com/termux/
view/TerminalView.java is the ground-truth method. YourCoLo is confused by method snippets
identical to the ground-truth method but originating from different files during similarity computa-
tion, causing the true ground-truth method to be ranked lower. Similarly, as shown in Figure 21, we
can see that both main/src/cgeo/geocaching/connector/ec/ECLogin.java and main/src/cgeo/geocaching/
connector/gc/GCLogin.java contain the getLoginStatus method. Although their implementations
differ, both serve the function of detecting login status and are highly related functionally. How-
ever, only the getLoginStatus method in main/src/cgeo/geocaching/connector/gc/GCLogin.java is the
ground-truth method. YourCoLo is also misled by method snippets that are functionally similar to
the ground truth but come from different files. Our method still struggles to accurately distinguish
the responsibilities of functionally similar or identical methods residing in different files, leading to
interference in localization results.

As shown in Figure 22, we can see that the ground-truth methods are concentrated in two files
(core/src/main/java/de/danoeh/antennapod/core/service/playback/PlaybackService.java and core/src
/main/java/de/danoeh/antennapod/core/feed/FeedMedia.java). However, our method does not lever-
age file-level information for pre-filtering, resulting in a large number of candidate methods and
reduced localization performance. This demonstrates that when ground-truth methods are con-
centrated in a few files, operating only at the method level can impair both ranking accuracy and
computational efficiency.
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Fig. 20. A case study: YourCoLo is confused by method snippets that are identical to the ground-truth
method but come from different files during similarity computation, causing the actual ground-truth method
to be ranked lower.

Fig. 21. A case study: YourCoLo is confused by method snippets that are functionally similar to the ground-
truth method but come from different files during similarity computation, causing the actual ground-truth
method to be ranked lower.

The three case studies above illustrate the importance of incorporating file-level semantic in-
formation and project module knowledge to narrow the scope of code localization, addressing
both the challenge of distinguishing functionally similar or identical methods across different
files and the concentration of most ground-truth methods in a small number of files. Building on
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Fig. 22. A case study: YourCoLo method does not leverage file-level information for pre-filtering, resulting in
an excessive number of candidate methods being considered, which affects the localization performance.

these insights, our future work will focus on leveraging file-level semantic information and project
module knowledge to provide richer contextual cues about file and module affiliations. In addition,
we plan to adopt a hierarchical localization strategy that first performs coarse-grained filtering at
the file level to identify potentially relevant files, followed by fine-grained method-level localization
within these files. By combining contextual information with this two-stage approach, we aim
to more accurately differentiate methods based on their organizational roles within the project,
reduce noise from irrelevant methods, improve computational efficiency, and significantly enhance
the model’s ability to localize code accurately in complex, modularized software systems.

6 Threats to Validity
Construct Validity. We use MRR as an evaluation metric for the UR-based code localization task.
However, since reviews often correspond to multiple code snippets, MRR may not fully capture the
performance of the models in such one-to-many scenarios, leading to potential construct validity
threats. To mitigate this, we also adopt Top-K as an additional metric. In future work, we plan to
incorporate more evaluation metrics to comprehensively assess the model’s performance.

Internal Validity. The hyperparameter  (coupling window size) poses an internal threat since it
significantly affects code localization results. To mitigate this, we explore the values of  ranging
from 1 to 10 in Section 5.3. In future work, we will further investigate the effect of larger  values
on the final results.

External Validity. Although our proposed YourCoLo approach achieves good results on multiple
projects, its generalizability to other environments remains uncertain due to dataset limitations.
Specifically, it has only been evaluated on a dataset comprising Java projects, and its performance
on projects written in other programming languages or in different domains has not been assessed.
To address this limitation, we plan to extend our evaluation to datasets from a broader range of
programming languages and application contexts in future work. This will help further validate the
effectiveness of our approach and enhance its applicability across diverse environments.

7 Conclusion and Future Work
In this article, we propose a novel approach named YourCoLo to address three key challenges in
UR-based code localization. To improve the cross-project generalization ability, we propose to use
prompts when fine-tuning to provide project information to the model. Then, we introduce a new
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loss calculation method to take into account the one-to-many relationship between URs and code
snippets. Finally, in order to identify and utilize the interconnection between multiple code snippets
corresponding to the same UR, we analyze the dataset and propose a new code snippet re-ranking
method. Experimental results show that YourCoLo significantly outperforms the previous SOTA,
with gains of 7.7 and 7 percentage points in average MRR at the method and file levels, respectively,
and improvements of 8.8 and 6.8 percentage points in MAP at the corresponding levels. We also
show that each component presented in YourCoLo has a positive effect on the overall result.
Finally, we conduct some case studies to demonstrate the superior performance of YourCoLo.

In future work, we plan to incorporate richer contextual information (e.g., function call graphs
and file-level features) and develop an enhanced UR-based code localization approach to further
improve localization accuracy.
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