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Abstract
The increasing prevalence of software vulnerabilities continues to
pose serious threats to system security, underscoring the need for
accurate and scalable techniques for vulnerability detection and
classification. While Pre-trained Language Models (PLMs) have
shown strong potential in vulnerability analysis, most existing
methods provide no explicit guidance on which parts of the input
code are more likely to be vulnerable. As a result, the model must
infer token-level relevance without any indication of which parts
are important, making it harder to learn the characteristics of vul-
nerable code during training. To address this limitation, we propose
LOSVER (Line-level mOdifiability Signal-guided VulnERability an-
alyzer), a novel two-stage framework that enhances PLM-based
vulnerability analysis by incorporating line-level modifiability sig-
nals. In the first stage, LOSVER localizes modifiable lines. These are
code segments likely to be changed in the future due to instability
or complexity, which are often associated with vulnerabilities. In
the second stage, the model assigns greater importance to the pre-
dicted modifiable lines, allowing the PLM to focus on potentially
vulnerable regions during both training and inference. We evalu-
ated LOSVER with two widely used benchmark datasets: Devign,
for function-level vulnerability detection, and Big-Vul, for function-
level vulnerability classification with Common Weakness Enumer-
ation (CWE) ID labels. Experimental results show that LOSVER
improves detection accuracy on Devign by approximately 4 per-
centage points and increases the weighted F1-score for CWE ID
classification on Big-Vul by over 2 points, when applied on top
of the UniXcoder baseline. We also conducted experiments on the
PrimeVul dataset, which focuses on vulnerability–patch pairs, and
observed meaningful improvements in pair-wise detection. These
results demonstrate that integrating line-level modifiability signals
significantly enhances the effectiveness of PLM-based software
vulnerability analysis across both detection and classification tasks.

CCS Concepts
• Security and privacy → Software security engineering; •
Software and its engineering → Software defect analysis.
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1 Introduction
Software vulnerabilities represent critical weaknesses that can be
exploited to compromise the integrity, confidentiality, or availabil-
ity of software systems [25]. High-profile incidents such as the
Heartbleed vulnerability [1] and the Equifax data breach [47] ex-
emplify the potentially catastrophic consequences of undetected
and/or unmitigated vulnerabilities in deployed software systems.
Accordingly, timely and accurate vulnerability detection is essen-
tial for mitigating security risks and maintaining secure software
systems. Beyond detection, vulnerability classification, such as map-
ping vulnerable codes to Common Weakness Enumeration (CWE)
IDs, enables security teams to assess severity more systematically
and prioritize remediation efforts with greater efficiency.

Although manual code auditing remains a common practice, it
has become increasingly infeasible to scale due to the growing size
and complexity of modern software systems. This challenge has mo-
tivated a growing body of research focused on automated vulnera-
bility detection and classification techniques [42, 44]. Reflecting this
trend, the CodeXGLUE benchmark—curated by Microsoft to evalu-
ate machine learningmodels on code understanding tasks—includes
a dedicated vulnerability detection dataset [30]. This inclusion not
only highlights the practical importance of automated vulnerability
analysis but also provides a standardized foundation for advanc-
ing and comparing emerging techniques in software engineering
research.

The widespread adoption of deep learning in computer science
has led to substantial research on its application to software vul-
nerability analysis. A prominent strategy involves fine-tuning Pre-
trained Language Models (PLMs) such as CodeBERT [12] and UniX-
coder [17], which are specifically pre-trained for code-related tasks.
Although Large Language Models (LLMs) like GPT have demon-
strated remarkable general-purpose reasoning capabilities, PLMs
often exhibit superior performance in scenarios where input lengths
remain within model limits and a moderate amount of labeled data
is available for fine-tuning. Their domain alignment, efficiency,
and strong performance on task-specific benchmarks make them a
practical choice in many software engineering tasks [12, 15].

Within this line of work, many PLM-based methods for function-
level vulnerability analysis operate over entire functions, using
static inputs such as token sequences, abstract syntax trees (ASTs),
or historical bug data [10, 36]. While these features are informative,
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Figure 1: Example of unsafe memory allocation caused by a
single-line vulnerability.

they do not highlight which parts of the input are responsible
for the vulnerability. Figure 1 illustrates a representative example
in which a security vulnerability arises from a small portion of
code [7]. In particular, the use of g_malloc(sizeof(EmulEvent))
lacks safeguards against integer overflows and type mismatches.
Such manual memory allocations using sizeof(T) are susceptible
to subtle bugs. For example, if the size is miscalculated due to a type
mismatch or an overflow, the program may allocate insufficient
memory, potentially causing heap overflows or memory corruption.
To mitigate this issue, the vulnerable line is replaced with the safer
wrapper g_new(EmulEvent, 1), which performs overflow checks
and ensures type-safe memory allocation.

Despite the localized nature of many vulnerabilities, conven-
tional methods provide no explicit indication of which code re-
gions are vulnerable, so the model has to infer relevance from
uniformly treated inputs, making it difficult to recognize the nu-
anced, context-specific characteristics of vulnerable patterns. As
a result, vulnerability-related signals may be diluted or obscured,
thereby reducing the model’s detection effectiveness. This limita-
tion motivates the central research question: Can line-level guid-
ance that highlights the most relevant code regions help PLMs learn
vulnerability-specific characteristics and improve detection and clas-
sification performance?

To explore this question, we propose LOSVER, a two-stage frame-
work that incorporates line-level signals to focus the model’s atten-
tion on code regions more likely to contain vulnerabilities. Specifi-
cally, we use modifiability—the likelihood that a line will be mod-
ified in future commits—as a proxy for vulnerability relevance,
motivated by prior work showing that modified lines frequently cor-
respond to fault-inducing or vulnerable regions [32, 54]. In the first
stage, the Modifiable Line Localizer predicts which lines are likely
to be modified in future revisions. In the second stage, theWeighted
Vulnerability Detector/Classifier utilizes these line-level signals to
guide both detection and classification tasks by assigning greater
weights to the modifiable regions. This targeted approach enhances
the model’s ability to capture subtle and context-dependent vul-
nerability patterns, leading to improved performance across both
binary (e.g., vulnerability detection) and multi-class (e.g., CWE ID
classification) settings.

Our key contributions are as follows:

• Line-Level Signal-Guided Framework:A novel two-stage
framework is introduced that leverages predicted modifiable

lines to guide the model’s attention toward vulnerability-
relevant regions. These signals provide training-time su-
pervision and serve as inference-time cues, improving the
model’s ability to capture vulnerability characteristics.

• Task-Agonistic Applicability: The proposed framework
is applicable to both binary and multi-class classification
tasks, demonstrating effectiveness on vulnerability detection
(Devign [56]) and CWE ID classification (Big-Vul [11]).

• Empirical Validation of Line-Level Guidance: Quantita-
tive results demonstrate that incorporating predicted mod-
ifiable line signals significantly improves downstream per-
formance. Notably, detection accuracy increases by approxi-
mately 4 percentage points when using predicted modifiable
lines, and by up to 9.5 points when actual modified lines
are provided. This difference highlights the impact of lo-
calization quality and suggests further gains as localization
techniques improves.

The code implementation is provided for reproducibility [33, 34].
The remainder of this paper is organized as follows. Section

II reviews background and related work on vulnerability detec-
tion, classification, and fault localization. Section III introduces the
proposed methodology, including the preprocessing pipeline, the
Modifiable Line Localizer, and the Weighted Vulnerability Detec-
tor. Section IV outlines the experimental setup, covering datasets,
evaluation metrics, baselines, and implementation details. Section
V reports and analyzes the experimental results. Section VI dis-
cusses threats to validity, and Section VII concludes the paper with
suggestions for future work.

2 Background and Related Work
Accurately understanding and analyzing source code is fundamen-
tal to tasks such as vulnerability detection, classification, and fault
localization. While these tasks differ in output, they share a com-
mon foundation: understanding the semantics and structure of
code. Section II-A reviews the technical evolution from heuristic-
based approaches to the adoption of Large LanguageModels (LLMs).
Section II-B reviews task-specific advancements in vulnerability
detection, classification, and fault localization.

2.1 Technical Foundations: From Heuristics to
Larege Langage Models

Heuristic-Based Techniques. Early approaches to software analy-
sis relied on manually defined heuristics and rule-based techniques.
In vulnerability detection, static code metrics such as CK met-
rics [46] and Halstead complexity measures [6] were used to iden-
tify potentially vulnerable functions. In fault localization, methods
such as Spectrum-Based Fault Localization (SBFL) [2] and Mutation-
Based Fault Localization (MBFL) [38] prioritized faulty elements
using test execution data. While heuristic-based techniques are
lightweight and interpretable, these techniques required extensive
manual design and failed to generalize across diverse codebases
and defect types.

Machine Learning-Based Techniques.With the rise of ma-
chine learning (ML), various relative techniques were applied to
vulnerability analysis and fault localization tasks [5, 19, 41], us-
ing features like control flow, complexity metrics, and execution
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frequency. Though these models outperformed heuristics by learn-
ing correlations from data, their reliance on hand-crafted features
limited their ability to capture deeper semantic patterns in source
code [23].

Deep Learning-Based Techniques. Deep learning (DL) ap-
proaches advanced software analysis by removing the need for
handcrafted features, learning patterns directly from raw or struc-
tured code representations. Token-basedmodels (e.g., LSTMs, Trans-
formers) process code as sequences, whereas structure-based mod-
els use graphs such as Abstract Syntax Trees (ASTs) or Control
Flow Graphs (CFGs) to capture relational dependencies [4, 27, 42].
Although DLmodels can effectively learn meaningful code patterns,
their reliance on task-specific training data limits their ability to
capture broader code understanding or generalize across diverse
projects.

Pre-trained LanguageModels-BasedTechniques. Pre-trained
LanguageModels (PLMs) such as CodeBERT [12] andUniXcoder [17]
extend deep learning by first pre-training on large code corpora to
capture general syntactic and semantic knowledge, and then fine-
tuning on specific tasks like vulnerability detection or classification.
This two-stage process enables PLMs to achieve strong performance
even with limited task-specific labeled data [3, 51]. However, their
input size limitations and dependence on fine-tuning constrain
their applicability to larger-scale or cross-project scenarios.

Large Language Models-Based Techniques. LLMs such as
GPT-4o scale pre-training to massive natural language and code
corpora, enabling prompt-based adaptation without explicit fine-
tuning. They generalize well across projects and languages, partic-
ularly in scenarios involving general-purpose code understanding,
limited supervision, or long input contexts [24, 39, 40]. However,
their effectiveness on fine-grained, project-specific tasks remains
limited, and their large model size often incurs high computational
costs.

Rationale for Model Selection. Given the limited size and
scope of the target datasets, this study primarily adopts PLMs,
which are well-suited for fine-tuning on function-level tasks with
manageable context lengths. To assess generalizability, we addi-
tionally conduct zero-shot experiments using LLMs and evaluate
whether line-level guidance improves their performance too.

2.2 Task-Specific Advances in Vulnerability
Detection, Classification, and Localization

Vulnerability Detection. Although vulnerability detection and
defect prediction address different types of software issues, they fol-
low a similar approach—treating code snippets as inputs for binary
classification based on the presence or absence of faults. As defect
prediction is also an active and promising area of research, we ref-
erence relevant work from both areas to introduce recent advances
and highlight cutting-edge trends that inform our approach.

Recent works in vulnerability detection and defect prediction
explore diverse input representations to improve performance. For
example, Šikić et al. [45] and Liu et al. [28] leverage hybrid input
modalities such as ASTs, natural language, and token-level context
using Graph Convolutional Neural Networks (GCNNs) or multi-
channel neural architectures to improve defect prediction perfor-
mance. Ni et al. [36] introduce a multi-modal model (MVulD) that

integrates textual, graphical, and image-based representations for
vulnerability detection. More recently, CSLS [52] integrates global,
line-level, and structural semantics using custom preprocessing and
a specialized transformer atop UniXcoder, yielding strong results
in function-level vulnerability detection.

In parallel, strategies for adapting PLMs and LLMs have gained
increasing attention. Wang et al. [48] apply prompt tuning to PLMs,
enabling task-specific adaptation without full fine-tuning. Wang
et al.[49] enhance PLMs by injecting lightweight adapter modules
for parameter-efficient learning. Shestov et al. [43] fine-tune large-
scale LLMs like WizardCoder [31], showing improved performance
over PLM baselines.

These approaches enhance detection accuracy by extending in-
put modalities or leveraging model adaptation strategies. How-
ever, they typically treat input features uniformly during training,
without incorporating inductive biases that emphasize defect- or
vulnerability-prone regions. In contrast, LOSVER introduces a line-
level localization stage that identifies modifiable lines, which are
then assigned greater weight by the subsequent detector—resulting
in improved detection accuracy. This design is orthogonal to prior
advances and can be combined with any existing PLMs or adapta-
tion methods.

Vulnerability Classification. Vulnerability classification as-
signs vulnerable code to standardized categories such as CWE IDs.
Recent work increasingly employs deep-learning models to learn
patterns from code and associated metadata. Early work by Huang
et al. [21] combines traditional feature extraction with deep neural
networks to classify vulnerabilities based on textual descriptions.
DeKeDVer [9] integrates a Recurrent Convolutional Neural Net-
work (RCNN) and a Graph Neural Network (GNN) to capture both
textual features and code structure.

Fu et al. [14] present AIBugHunter, which fine-tunes a BERT-
based model using a multi-objective classification strategy with
separate token representations and classification heads for CWE
IDs and CWE Types. In parallel, Fu et al. [15] evaluate ChatGPT
models across several vulnerability-related tasks, reporting that
despite their scale, LLMs underperform compared to task-specific
PLMs like CodeBERT—especially in scenarios where fine-tuning is
not possible.

These studies highlight the importance of modality integration
and task-specific adaptation in vulnerability classification. How-
ever, existing models largely overlook the internal structure of code,
assigning equal importance to all lines when constructing repre-
sentations for classification. LOSVER complements these efforts
by introducing line-level guidance, providing additional context
that aids in disambiguating vulnerability types, particularly for
fine-grained classification tasks such as CWE ID prediction.

Fault Localization. Although the primary focus of our work is
vulnerability analysis, our approach incorporates line-level signals
that indicate which parts of the code are likely to be modified. This
naturally aligns with the objectives of fault localization, where the
aim is to identify code elements responsible for faults—particularly
at line granularity. Fault localization techniques thus serve as a foun-
dation for our first-stage model. Ji et al. [22] fine-tune PLMs by treat-
ing fault localization as a sequence generation problem, where the
model takes line-numbered code as input and generates the faulty
line number and corresponding code fragment. CodeAwareFL [55]
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fine-tunes a graph-based PLM GraphCodeBERT [18], using code
snippets and variable propagation chains to predict the suspicious-
ness of individual statements. Yang et al. [54] propose LLMAO, an
LLM-based fault localization approach that fine-tunes only adapter
layers atop LLMs.

Summary. This section provided a conceptual overview of the
technical evolution from heuristics to ML-, DL-, PLM-, and LLM-
based techniques (Section II-A), followed by the task-specific review
of recent advances, primarily focusing on DL-, PLM-, and LLM-
based methods (Section II-B).

3 Methodology
We propose a novel line-level modifiability signal-guided vulnera-
bility detection and classification approach composed of two main
stages: modifiable line localization and weighted vulnerability de-
tection (Figure 2). Each stage is handled by a separately fine-tuned
model to optimize performance.

The process begins with data preprocessing and filtering. Al-
though not the main focus of this work, the preprocessing and
filtering steps are essential for generating reliable line-level labels
and ensuring consistent input formats across both stages.

The Modifiable Line Localizer identifies lines within a function
that are likely to be modified in future commits, regardless of
whether the function is labeled as vulnerable. By learning rele-
vance signals across both vulnerable and non-vulnerable examples,
the localizer highlights code regions associated with higher risk
or instability. These line-level signals are then passed to the next
stage to inform detection model.

The Weighted Vulnerability Detector is responsible for deter-
mining whether the target function contains any vulnerabilities. It
incorporates the modifiable line list produced by the localizer to
apply greater attention weights to those lines during representa-
tion aggregation. By focusing on these likely error-prone lines, the
model improves its capacity to identify vulnerable patterns within
the code.

Although the explanation and structure are centered on vulnera-
bility detection, which is a binary classification task, the framework
can be readily adapted for multi-class classification by replacing
the final sigmoid layer with a linear classifier. This adjustment en-
ables the model to predict among multiple vulnerability classes,
while retaining the overall structure—including the modifiable line
weighting mechanism—unchanged.

3.1 Data Preprocessing and Filtering
To fine-tune the Modifiable Line Localizer, line-level labels indicat-
ing modifiability are first required. These labels were obtained by
repurposing an existing dataset originally labeled at the function-
level for vulnerability detection. Each function in the dataset cor-
responds to the pre-commit version of the code and is labeled as
vulnerable if the associated commit fixes a security issue, and non-
vulnerable otherwise. As the dataset includes commit hashes, we
retrieved the corresponding post-commit versions and identified
modifiable lines by comparing them to the pre-commit code. Lines
were considered modifiable if they were either deleted or modified
in the commit. Newly added lines in the post-commit version were

not considered, as it is difficult to attribute responsibility to spe-
cific locations in the pre-commit code. Since modifiability labels
are assigned to the original version, inserted lines have no clear
correspondence, making it ambiguous to determine what motivated
their addition.

In addition, we excluded cases where identifying modified lines
was inherently ambiguous—such as function merges, complete
deletions, or substantial changes in function semantics—as these
lacked a clear or consistent mapping. To further ensure the validity
of our evaluation, we also filtered out samples in which none of
the modified lines appeared within the PLMs input-token limit.
Since the goal of this study is to assess whether model performance
improves when attention is focused on more relative code regions,
including samples where all modification signals are truncated
would undermine the analysis. For fairness, this filtered dataset
was used consistently across all models, including PLM baselines
and other state-of-the-art methods during replication.

3.2 Modifiable Line Localizer
To train the Modifiable Line Localizer, input code is tokenized using
the PLM’s tokenizer, and sequences exceeding the model’s token
limit are truncated. Since the localizer aims to estimate the probabil-
ity of each line beingmodified in the future, newline token positions
are tracked during tokenization to preserve line boundaries. The
PLM’s encoder then generates token-level embeddings in the orig-
inal token order. We denote by 𝐶𝑛,𝑘𝑛 the embedding of the token
at position 𝑘𝑛 in 𝑛, where 𝑛 is the line number and 𝑘𝑛 is the token
index within that line. These embeddings are subsequently grouped
based on the recorded newline positions, aggregating important
information at the line-level.

There are multiple ways to classify each line’s modifiability
with embedded tokens. Yang et al. [54] directly utilized the embed-
dings corresponding to newline tokens, based on the assumption
that these special tokens implicitly encode information about the
preceding line. In contrast, we incorporate both a line represen-
tation—similar in spirit to Yang et al.—and an additional context-
aware representation to enrich each line’s embedding.

(1) Line Representation: This representation directly utilizes the
embeddings of each line after passing through the PLM’s
encoder. While the encoder processes the entire function to
produce embeddings for each token, it does not explicitly
consider line-level dependencies, which means this repre-
sentation alone might lack sufficient contextual awareness.

(2) Context-Aware Representation: This representation captures
broader contextual relationships by utilizing an attention-
based adapter. Specifically, we usemulti-head attentionwhere
line embeddings act as queries, and the full function is used
as keys and values. This allows each line to attend to rele-
vant context in the function, resulting in an enriched line
embedding of the same dimensionality. We denote the result-
ing context-aware embedding by CC𝑛,𝑘𝑛 , where 𝑛 is the line
number and 𝑘𝑛 indicates the token index within that line.

The final classifier takes the concatenation of both the line rep-
resentation and the context-aware representation as input. This
combined input undergoes layer normalization and GELU activa-
tion to enhance stability and introduce non-linearity. A linear layer
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Figure 2: LOSVER overview framework for vulnerability detection.

then maps these processed features to a binary value that represents
the future modifiability of each line. Since the modifiability labels
are highly imbalanced—with far fewer positive instances—training
is guided by a customized focal loss that assigns greater weight to
positive examples.

3.3 Weighted Vulnerability Detector
Conventional PLM-based vulnerability detectors often use special-
ized classification heads (e.g., RobertaForSequenceClassification),
which aggregate encoded representations into a single scalar and ap-
ply a sigmoid to predict vulnerability [53]. In contrast, our method
adopts a weight-aware aggregation strategy guided by line-level
modifiability signals.

Similar to the Modifiable Line Localizer, the Weighted Vulnera-
bility Detector first tokenizes the input function and truncates it
to fit the token limit, following the requirements of the underlying
PLM. Newline token positions are recorded during tokenization
to preserve line boundaries. The tokenized input is then passed
through the PLM encoder to obtain token-level embeddings.

To incorporate modifiability signals, each line is assigned a scalar
weight𝑤𝑛 depending on its predicted modifiability status:

𝑤𝑛 =

{
5, if line 𝑛 is predicted as modifiable
1, otherwise

(1)

A scaling factor of 5 was chosen, based on experiments with
several values (2, 5, 10, and 20), as it consistently yielded the best
performance across datasets. It was neither too low to dilute modifi-
ability signals nor too high to suppress surrounding context. Based
on this choice, line-level weights are then broadcast to the tokens in
each line to construct a token-level weight vector {𝑤𝑖 }, where each
token 𝑖 inherits the weight of its corresponding line. A softmax
operation is then applied across all token positions to compute

normalized attention scores:

𝛼𝑖 =
exp(𝑤𝑖 )∑
𝑗 exp(𝑤 𝑗 )

(2)

The resulting attention scores 𝛼𝑖 are applied to the first dimen-
sion of each token’s embedding—denoted 𝐶𝑖 [0]—which serves as
a scalar proxy for token-level vulnerability relevance. This dimen-
sion is explicitly trained to encode vulnerability relevance, enabling
scalar-weighted aggregation with minimal additional complexity.
These weighted values are then summed to obtain a single repre-
sentation for the function:

𝑠 =
∑︁
𝑖

𝛼𝑖 ·𝐶𝑖 [0] (3)

Lastly, the weighted sum 𝑠 is passed through a sigmoid activation
to produce the final vulnerability probability. Training is supervised
using binary cross-entropy loss, which was also employed in prior
PLM-based classification tasks [12, 17, 50].

4 Experimental Setup
4.1 Research Questions
We design the following research questions (RQs) to evaluate the
effectiveness and generality of LOSVER.

• RQ1: Does LOSVER improve vulnerability detection perfor-
mance over base PLMs and prior state-of-the-art methods?
This question evaluates whether the proposed line-level guid-
ance improves detection accuracy beyond existing models.

• RQ2: How much does LOSVER’s detection performance
improve with increasing accuracy of line-level localization?
This question examines whether improved localization en-
hances detection, suggesting room for further gains.

• RQ3: Does LOSVER also enhance performance on vulnera-
bility classification, particularly in multi-class settings such
as CWE ID prediction?
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This explores the generality of the benefits of LOSVER in fine-
grained classification tasks beyond binary detection.

4.2 Datasets
We evaluate LOSVER on three widely used datasets: Devign [56]
and PrimeVul [8] for vulnerability detection, and Big-Vul [11] for
vulnerability classification. Devign and Big-Vul were preprocessed
and filtered to align with our methodology, whereas PrimeVul was
preprocessed but not further filtered to avoid excessive data reduc-
tion. Table 1 summarizes the dataset sizes before and after applying
the filtering procedures.

Devign (Vulnerability Detection). Devign is one of the most
widely used benchmark dataset for vulnerability detection, com-
posed of function-level C/C++ code snippets annotated with binary
vulnerability labels (0 for non-vulnerable, 1 for vulnerable). Al-
though Devign originally includes four projects, only two (FFmpeg
and QEMU) are publicly available and used in our experiments.
Notably, Devign is also part of Microsoft’s official CodeXGLUE [30]
benchmark. Following the preprocessing and filtering procedure
described earlier, the dataset size was reduced from 27,318 to 19,771
instances when using the UniXcoder tokenizer with 512-token in-
put limit. We followed the original 8:1:1 train/validation/test split
provided by CodeXGLUE and applied our filtering procedure to
each subset individually.

Big-Vul (Vulnerability Classification). Big-Vul is a large-scale
dataset constructed from 348 GitHub repositories, originally de-
signed for general vulnerability research. Each instance includes
pre-commit and post-commit versions of function-level source code,
along with various vulnerability-related annotations, including the
Common Weakness Enumeration (CWE) ID. In this work, we use
Big-Vul for multi-class vulnerability classification based on the
CWE ID.

To prepare Big-Vul for our classification experiments, we applied
the following additional filtering steps:

• Only vulnerable functions were retained, as the objective is
to classify the type of vulnerability.

• Rare CWE IDs (those with fewer than 20 examples) were
excluded to ensure a minimal amount of training data per
class. Samples with blank CWE IDs were grouped into an
additional category ‘others’ and retained.

• Instances showing no code differences between the pre- and
post-commit versions were removed.

Following these procedures, the dataset was reduced from 10,900
to 6,924 instances (based on the UniXcoder tokenizer with 512-token
input limit), covering 36 CWE ID categories. Figure 3 presents the
distribution of these CWE ID labels. Note that, although classes
with fewer than 20 instances were initially excluded, the subsequent
removal of samples with no modified lines within the token limit
led to a few classes falling below this threshold. This filtering order
was chosen to maintain a consistent set of CWE ID labels across all
PLMs and token limit configurations.

PrimeVul (Vulnerability Detection). PrimeVul is a recently
introduced dataset that provides function-level vulnerable–patch
pairs. It includes two variants: a full version, where clean functions
greatly outnumber vulnerable ones, and a paired version, where
each vulnerable function is explicitly paired with its corresponding

Table 1: Dataset Sizes Before and After Filtering

Dataset Original After Filtering

Devign 27,318 19,771
Big-Vul (Vulnerable functions only) 10,900 6,924

PrimeVul (paired version) 5,480 pairs 5,480 pairs

Figure 3: Distribution of CWE ID classes after all filtering
steps, based on the UniXcoder tokenizer with a 512-token
input limit.

fixed version in a one-to-one manner. In this work, we use only
the paired dataset to directly evaluate detection performance on
matched pairs. Unlike Devign and Big-Vul, no additional filtering
was applied, as further reduction would make the dataset too small
formeaningful training. The keymotivation of PrimeVul is that high
accuracy or F1-score does not necessarily indicate that a model truly
understands vulnerabilities; rather, correctly predicting both the
vulnerable and the patched functions provides stronger evidence
of effective detection [8]. Following the original split provided in
the PrimeVul paper, our experiments use 4,354 training pairs, 562
validation pairs, and 564 test pairs.

4.3 Models and Baselines
To evaluate the effectiveness and generalizability of the proposed ap-
proach, we applied it across multiple Pre-trained Language Models
(PLMs). Each experiment used the same PLM for both the Modi-
fiable Line Localizer and the Weighted Vulnerability Detector to
ensure consistency. We additionally compared LOSVER against
two prior methods—CSLS [52] and AIBugHunter [14]—both re-
evaluated using our filtered datasets.

Pre-trained Language Models.

• UniXcoder: We selected UniXcoder [17] as our primary PLM
due to its strong performance and frequent usage in prior
studies [8, 52]. We used the base-nine version (2023) with
both 512- and 1,024-token input limits for compatibility and
full-capacity evaluation.

• CodeT5+: We used the 220M encoder-only variant [50], as
classification and detection tasks do not require generation
capabilities. While not used as the primary PLM, CodeT5+
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has also achieved state-of-the-art results across a wide range
of software engineering tasks [16, 37].

• CodeBERT: We included CodeBERT [12], a 125M RoBERTa-
based encoder, as a foundational baseline. This enables fair
comparison with prior studies that used earlier-generation
PLMs.

Large Language Models.

• GPT-4o: We evaluated GPT-4o in a zero-shot setting to in-
vestigate whether it also benefits from explicit modifiable
line annotations without task-specific fine-tuning. This ex-
periment assesses whether line-level guidance can enhance
vulnerability detection performance even without parameter
updates.

4.4 Evaluation Metrics
Binary Classification. For vulnerability detection, we follow stan-
dard practice in prior work [48, 50, 52] and report accuracy as the
primary evaluation metric, given the approximately balanced class
distribution (roughly 45:55). Additional metrics such as precision,
recall, and F1-score are also included to provide a more complete
picture of performance. These metrics are defined as follows:

Accuracy =
𝑇𝑃 +𝑇𝑁

𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (4)

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (5)

F1-score =
2 · Precision · Recall
Precision + Recall

(6)

In addition, for experiments on the PrimeVul dataset, we adopt
the pair-wise evaluation protocol proposed in its original study [8].
This protocol treats each vulnerable–patch pair as a single unit,
emphasizing whether the model can simultaneously identify the
presence and absence of vulnerabilities in a textually similar context.
Four outcomes are defined:

• Pair-wise Correct Prediction (P-C): Both elements of the
pair are predicted correctly.

• Pair-wise Vulnerable Prediction (P-V): Both elements
are incorrectly predicted as vulnerable.

• Pair-wise Benign Prediction (P-B): Both elements are
incorrectly predicted as benign(clean).

• Pair-wise Reversed Prediction (P-R): The vulnerable and
patched elements are incorrectly predicted with opposite
labels.

Multi-Class Classification. For vulnerability classification, the
dataset is substantially imbalanced across 36 CWE ID labels. We
report theweighted F1-score as the main metric, along with preci-
sion, recall, and accuracy to better reflect model performance across
all classes. The weighted F1-score is defined as:

Weighted F1-score =
𝐾∑︁
𝑖=1

𝑁𝑖

𝑁
· F1𝑖 (7)

where 𝐾 is the number of classes, 𝑁𝑖 is the number of samples
in class 𝑖 , 𝑁 is the total number of samples, and F1𝑖 is the F1-score
for class 𝑖 .

Line-Level Evaluation Metrics. To evaluate the performance
of the Modifiable Line Localizer, we employ top-𝑁 accuracy (top-1,
top-3, and top-5) and F1-score. Top-𝑁 accuracy measures whether
the ground-truth modified lines are included among the top-𝑁 lines
ranked by predicted modifiability scores, providing a practical indi-
cation of the model’s ability to prioritize semantically critical lines
that are likely to change. In contrast, the F1-score captures overall
classification performance at the line level by balancing precision
and recall. Together, these metrics provide a comprehensive assess-
ment of the predicted line-level signals, which subsequently guide
downstream detection and classification tasks.

4.5 Implementation Details
To ensure experimental consistency and reproducibility, we fixed
the random seed to 123456 across all runs, following best practices
in prior work [35, 52]. All models—including the Modifiable Line
Localizer and the Weighted Vulnerability Detector/Classifier—were
trained using the same hyperparameters: a learning rate of 2e-
5, a batch size of 8, and the AdamW optimizer with decoupled
weight decay [29]. Gradient accumulation was employed to stabilize
optimization, and a linear learning rate scheduler with a 10% warm-
up ratio was used to prevent abrupt updates during early training
stages.

The Modifiable Line Localizer was trained for 40 epochs for
both detection and classification tasks. The Weighted Vulnerabil-
ity Detector was trained for 8 epochs for detection and 16 epochs
for classification, as the latter required longer convergence due to
its multi-class nature. Best-performing checkpoints were selected
based on primary validation metrics: F1-score for localization, ac-
curacy for detection, and weighted F1-score for classification.

For the vulnerability classification task, since the Big-Vul dataset
does not provide a predefined train-test split, we employed 5-fold
cross-validation to ensure robustness. Each fold maintained the
original class distribution across 36 CWE ID categories. In each
iteration, 4 folds were used for training, and the remaining fold was
evenly divided into validation (½ fold) and test (½ fold) sets. Final
results were reported as the average performance across all 5 folds.

For experiments involving GPT-4o, we used UniXcoder to first
predict modifiable lines, delegating only the final vulnerability de-
tection phase to the LLM. This hybrid setup leverages the strength
of supervised PLMs in line-level localization [20], while compen-
sating for the known limitations of general-purpose LLMs like
GPT-4o, which struggle with fine-grained code-level tasks without
task-specific supervision. To guide the LLM, we injected a special
token <!> before each predicted modifiable line. Identical prompts
were used for both the baseline and the modifiability-informed
variants to ensure fair comparison. Each experiment was repeated
three times, and results are reported as average performance to
mitigate stochastic variance. The full prompt template is available
in our replication package.

Experiments were conducted on Tesla V100-PCIE-32GB GPUs
within a shared academic cluster. Due to CPU bottlenecks and
scheduling constraints, full GPU capacity was not consistently
utilized. For reference, end-to-end training with UniXcoder (512-
token limit) for the vulnerability detection task took 12 hours on a
single GPU, including both localization and detection stages.
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5 EXPERIMENTAL RESULTS
RQ1: Does LOSVER improve vulnerability
detection performance over base PLMs and prior
state-of-the-art method?
To assess LOSVER’s effectiveness, we applied it to three state-of-the-
art PLMs—CodeBERT [12], CodeT5+ [50], and UniXcoder [17]—and
evaluated their performance on the vulnerability detection task
(Devign [56]). Table 2 summarizes the results across all models,
including baseline PLMs, LOSVER-enhanced variants, the state-
of-the-art CSLS method [52], and two versions of GPT-4o: with
and without modifiability guidance. Across all PLMs, LOSVER pro-
vided consistent performance gains, achieving absolute accuracy
improvements of 2–4 percentage points over the base models. For
instance, with a 512-token input limit, integrating LOSVER with
UniXcoder increased the accuracy from 65.94% to 69.94%, and the
F1-score from 0.5234 to 0.6337. These results highlight LOSVER’s
model-agnostic design: it generalizes across both encoder-only and
encoder-decoder PLMs without requiring architectural changes or
task-specific adjustments.

Notably, the 512-token variant of UniXcoder outperformed its
1,024-token variant. This phenomenon likely stems from dataset
filtering procedure: functions whose modifiable lines appeared be-
tween tokens 513 and 1,024were retained for the 1,024-token setting
but excluded under the 512-token setting, resulting in a harder eval-
uation set for the former. To verify this, UniXcoder was additionally
trained and evaluated with a 1,024-token limit on the 512-token fil-
tered dataset . It achieved the best performance among all settings,
with an accuracy of 70.56%, precision of 0.7087, recall of 0.5569, and
an F1-score of 0.6237. A detailed discussion of this filtering-induced
data bias is provided in Section VI.

We also replicated CSLS using its publicly available implementa-
tion and our filtered version of the Devign dataset. The reproduced
accuracy was 67.06%, lower than the originally reported 70.57%.
This discrepancy likely stems from dataset size reduction during
filtering, whichmay have limited generalization performance. Repli-
cation on the original Devign dataset likewise failed to reproduce
the reported score, possibly due to subtle differences in experimen-
tal setup or tuning details that were not fully specified.

To examine LOSVER’s applicability beyond fine-tuned PLMs,
we conducted zero-shot experiments with GPT-4o, using line-level
signals produced by UniXcoder to guide LLM-based vulnerability
detection. Adding special tokens <!> before predicted modifiable
lines increased the F1-score from 0.3007 to 0.3711, while accuracy
remained around 54%. This suggests that LOSVER’s line-level sig-
nals can provide useful guidance even to large-scale LLMs without
task-specific tuning. Nonetheless, the performance gap between
GPT-4o and fine-tuned PLMs highlights the limitations of LLMs
in project-specific tasks such as vulnerability detection when used
without supervision.

We further evaluated LOSVER on the PrimeVul dataset [8], which
consists of vulnerability–patch pairs. For this experiment, UniX-
coder with a 512-token limit was used as the base model. As shown
in Table 3, LOSVER improved the pair-wise correct prediction (P-C)
from 0.1011 to 0.1401, an absolute gain of about 4 percentage points.
Other metrics such as F1-score and accuracy also exhibited modest

improvements. Despite these gains, the P-C remains in the low
teens, indicating that while LOSVER provides benefits, the model
still struggles to capture the joint characteristics of vulnerable and
clean code segments in this paired setting.

RQ1 Summary. LOSVER consistently improves detection
performance across all evaluated PLM baselines and outper-
forms the state-of-the-art method, CSLS. Although the im-
provements on GPT-4o are modest, LOSVER still provides
meaningful guidance for LLMs. Similarly, on the PrimeVul
dataset, LOSVER shows limited but positive gains, suggest-
ing potential utility even on small paired datasets.

RQ2: How much does LOSVER’s detection
performance improve with increasing accuracy
of line-level localization?
To assess the sensitivity of LOSVER to modifiability signal quality,
we first evaluated the standalone performance of the Modifiable
Line Localizer using the UniXcoder model with a 512-token input
limit. On the filtered Devign dataset, the localizer achieved top-1,
top-3, and top-5 accuracies of 55.1%, 70.5%, and 78.4%, respectively,
along with an F1-score of 86.1%. These results substantially outper-
form LLMAO [54], a recent LLM-based fault localization approach
(Table 4). Although replication was attempted on our filtered data,
the publicly released implementation of LLMAO failed to converge
and produced invalid outputs; thus, results are reported as pub-
lished. These findings validate the effectiveness of our localization
stage. Nevertheless, the predictions remain imperfect, motivating
an investigation into whether further improvements in line-level
accuracy could enhance downstream detection outcomes.

Six experimental conditions were created by gradually replacing
incorrect predictions with ground-truth modifiable lines:

• Baseline (0% corrected): Using localizer’s original predicted
modifiable lines

• 20% to 80% corrected: Gradually replacing 20%, 40%, 60%,
and 80% of the localizer’s incorrect predictions (both false
positives and false negatives) with ground-truth modified
lines

• Oracle (100% corrected): Replacing all predicted modifiable
lines with the ground-truth modified lines

In all settings, only the modifiable line inputs to the Weighted
Vulnerability Detector were altered. All other configurations were
held constant. As shown in Table 5, detection accuracy improved
steadily with localization quality: gains of 1.4%, 2.4%, 3.8%, 5.7%,
and 7.8% were observed under the 20% to 100% correction settings,
relative to the baseline.

We further examined this phenomenon on the PrimeVul dataset.
Using UniXcoder with a 512-token limit, LOSVER achieved only
0.1401 pair-wise correct prediction when relying on the localizer’s
predicted lines. However, replacing them with the ground-truth
modified lines increased the score dramatically to 0.3316 (Table 3).
This gap can be attributed to the small size and paired nature of
PrimeVul, where no filtering was applied and many samples con-
tained modified lines beyond the 512-token window. Consequently,
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Table 2: Vulnerability Detection Results From Devign Dataset. PLM-based results are from a single run with fixed seed; GPT-4o
results are averaged over three runs (± std)

Methods Token Limit Accuracy Precision Recall F1-score

CodeBERT 512 64.51 0.6166 0.4423 0.5151
LOSVER (CodeBERT) 512 66.67 0.6750 0.4202 0.5180

CodeT5+ 512 65.46 0.6471 0.4524 0.5325
LOSVER (CodeT5+) 512 69.29 0.6781 0.5593 0.6130

UniXcoder 512 65.94 0.6685 0.4301 0.5234
LOSVER (UniXcoder) 512 69.94 0.6741 0.5979 0.6337

UniXcoder 1024 65.60 0.6267 0.5307 0.5747
LOSVER (UniXcoder) 1024 68.61 0.6516 0.6089 0.6295

CSLS (UniXcoder) [52] 512 67.06 0.6330 0.5769 0.6037
CSLS (UniXcoder) 1024 66.02 0.6421 0.5063 0.5662

GPT-4o - 53.47 ± 0.25 0.5203 ± 0.0069 0.2114 ± 0.0008 0.3007 ± 0.0016
GPT-4o (w/ special tokens) - 54.36 ± 0.48 0.5325 ± 0.0086 0.2848 ± 0.0128 0.3711 ± 0.0130

Table 3: Vulnerability Detection Results on the PrimeVul dataset (paired); 512-token limit used

Methods P-C P-V P-B P-R Accuracy Precision Recall F1-score

UniXcoder 0.1011 0.2695 0.6152 0.0142 0.5434 0.5664 0.3706 0.4480
LOSVER (predicted lines) 0.1401 0.4539 0.3741 0.0319 0.5541 0.5501 0.5940 0.5712

LOSVER (ground-truth lines) 0.3316 0.4415 0.2021 0.0248 0.6534 0.6237 0.7730 0.6904

Table 4: Line-Level Localization Performance on the Filtered
Devign Dataset

Method Top-1 Top-3 Top-5

Modifiable Line Localizer (UniXcoder, ours) 55.1% 70.5% 78.4%
LLMAO [54] 28.1% 39.0% 60.3%

Table 5: Ablation Study: Effect ofModifiable Line Localization
Accuracy

Methods Accuracy Precision Recall F1-score

LOSVER baseline (UniXcoder) 69.94 0.6741 0.5979 0.6337
LOSVER w/ 20% corrected 70.91 0.6807 0.6235 0.6509
LOSVER w/ 40% corrected 71.62 0.6737 0.6737 0.6737
LOSVER w/ 60% corrected 72.63 0.6920 0.6678 0.6797
LOSVER w/ 80% corrected 73.95 0.7145 0.6678 0.6904
LOSVER w/ 100% corrected 75.37 0.7366 0.6748 0.7044

the localizer achieved only limited performance on PrimeVul (Top-
1/3/5 accuracies of 17.5%, 28.9%, and 35.1%). This weakness is largely
due to the characteristics of the dataset: although the training split
contains 8,708 functions, each instance is paired with its patched
counterpart, effectively reducing the diversity to 4,354 unique cases.
Moreover, truncation at 512 tokens often removed the actual modi-
fied lines, leaving the localizer with little or no signal to learn from
in several instances. These factors collectively limited its ability to

capture line-level patterns, and supplying the ground-truth lines
therefore yielded substantial improvements.

These results demonstrate that the effectiveness of LOSVER is
closely tied to the accuracy of line-level localization. On Devign,
progressively correcting predicted lines steadily improved detec-
tion, and the 100% correction (oracle) condition reached 75.37%
accuracy—an absolute improvement of 5.43 percentage points over
the 69.94% LOSVER baseline—establishing a practical upper bound
on the framework’s potential. A similar pattern was observed on
PrimeVul, where replacing predicted lines with ground-truth mod-
ified lines increased pair-wise correct prediction from 0.1401 to
0.3316 and substantially boosted overall detection performance.
These findings validates the weighted aggregation design and high-
lights that further improvements in localization techniques can lead
to substantial downstream gains.

RQ2 Summary. Detection accuracy increases monoton-
ically as localization accuracy improves. On Devign, re-
placing incorrect modifiability predictions with ground-
truth lines yielded up to a 7.8% relative improvement (5.43
percentage points) in accuracy. On PrimeVul, providing
ground-truth modified lines raised pair-wise correct pre-
diction from 0.1401 to 0.3316, demonstrating that accurate
line-level guidance is critical for effective vulnerability de-
tection.
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RQ3: Does LOSVER also enhance performance on
vulnerability classification, particularly in
multi-class settings such as CWE ID prediction?
To evaluate LOSVER’s effectiveness beyond binary detection, we
applied it to a multi-class vulnerability classification task using
CWE ID labels. While AIBugHunter [14] also evaluated on Big-
Vul, their experiment used a single arbitrary data split. In contrast,
we employed a more rigorous 5-fold cross-validation setup on our
filtered version of Big-Vul to ensure robustness and fair comparison.

Three configurations were evaluated: (1) AIBugHunter [14], (2)
CodeBERT [12], CodeT5+ [50], and UniXcoder [17] as base PLMs,
and (3) each PLM combined with LOSVER. As shown in Table 6,
LOSVER consistently improved classification performance across
all models. The best result was achieved by LOSVER (UniXcoder,
512-token), which achieved a weighted F1-score of 73.17%, outper-
forming the base UniXcoder (71.10%) and AIBugHunter (69.16%).

Additionally, CodeT5+ showed relatively lower performance in
the classification task compared to detection. One possible reason
is the smaller dataset size used for classification, which included
approximately 7,000 samples, in contrast to around 20,000 samples
used for detection. Given CodeT5+’s larger parameter count (220M),
the model may require more data to fully utilize its generalization
capacity. In comparison, UniXcoder and CodeBERT have approxi-
mately 125M parameters each, making them less sensitive to data
scarcity in this context.

RQ3 Summary. LOSVER consistently improves weighted
F1-score on CWE ID classification across every PLM back-
bone evaluated and outperforms the recent state-of-the-art
method, AIBugHunter. These findings demonstrate that
LOSVER provides a robust and generalizable enhancement
for multi-class code classification tasks as well, including
CWE ID classification.

6 THREATS TO VALIDITY
6.1 Internal Validity
Modifiable Line Definition. In this study, modifiable lines were
identified using a straightforward heuristic: lines that were deleted
or edited in the post-commit version were treated as modifiable.
While this approach effectively captured critical indicators for train-
ing, it did not encompass all meaningful types of modifications.
Notably, our approach did not treat newly added lines as modifi-
able, since they lack clear counterparts in the pre-commit code and
thus cannot be reliably mapped across the dataset. In our prelim-
inary experiments, a heuristic that marked lines preceding inser-
tions as modifiable increased the number of labels by 18.9% but
degraded detection accuracy by roughly two percentage points,
suggesting that the added supervision was noisy. Consistent with
prior works [13, 54], we therefore rely on deleted and edited lines
as more stable indicators. Nevertheless, exploring more effective
ways to define modifiable lines remains an important direction, and
future work could include CWE-type analyses to assess the type-
specific impacts of different strategies for identifying modification
signals.

Filtering-Induced Dataset Bias. To isolate the impact of mod-
ifiable lines, we filtered out samples in which no modifiable lines
fell within the model’s input-token limit. This procedure enabled
a clearer analysis of how modifiability signals impacted detection
performance but introduced a potential data inclusion bias. Specifi-
cally, longer functions—whose modified lines fell beyond shorter
token limits (e.g., 512)—were excluded more frequently, but retained
under longer limits (e.g., 1,024). These longer functions generally
exhibited greater semantic complexity, thereby increasing classi-
fication difficulty. As a result, UniXcoder with a 512-token limit
achieved better performance than its 1,024-token variant on both
classification and detection tasks. CSLS also showed stronger detec-
tion performance under the 512-token setting. Despite this tradeoff,
the filtering procedure ensured fair comparison within each token
limit.

6.2 External Validity
Dataset Distribution Bias. The primary dataset used in this study,
Devign [56], is included in the CodeXGLUE benchmark [30] and has
become a widely adopted standard for evaluating vulnerability de-
tection models. However, it contains vulnerabilities at an unusually
high frequency, and non-vulnerable samples often include general
defects. This differs from real-world code, where vulnerabilities
are rarer. Nevertheless, the primary objective of this work is to
advance model design and evaluate methodological effectiveness
under controlled experimental settings, rather than to replicate the
exact distribution of vulnerabilities in production software.

Function-Level Granularity. We acknowledge the inherent
limitations of function-level vulnerability detection. Many vulnera-
bilities depend on inter-procedural or system-wide context, making
some cases undecidable when restricted to single functions. Despite
this limitation, function-level analysis remains the dominant para-
digm due to data availability and continued research interest [8, 26].
We view our work as advancing this paradigm, while noting that
the proposed line-level guidance mechanism could be extended to
broader contexts (e.g., file- or module-level analysis) by applying
similar attention principles at higher granularities.

7 Conclusion
This paper introduced LOSVER, a novel two-stage framework that
enhances software vulnerability detection and classification by
leveraging line-level modifiability signals. The framework inte-
grates two PLM-based components: a Modifiable Line Localizer,
which combines line-specific representations with context-aware
attention over the PLM encoder, and a Weighted Vulnerability De-
tector/Classifier, which emphasizes high-risk code lines during
representation aggregation. This explicit line-level guidance ad-
dresses limitations in prior PLM-based approaches that process
all code uniformly at the input level, enabling more focused and
interpretable vulnerability analysis.

Empirical evaluations on benchmark datasets demonstrate that
LOSVER consistently improves performance across multiple PLMs.
For instance, applying LOSVER to UniXcoder increased vulnera-
bility detection accuracy from 65.94% to 69.94% on Devign, and
classification F1-score on the Big-Vul dataset from 71.10% to 73.17.
LOSVER also outperforms prior state-of-the-art methods such as
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Table 6: Comparison Results of Different Models for Vulnerability Classification. Results are reported as mean ± standard
deviation, based on 5-fold cross-validation

Methods Token Limit Accuracy Precision Recall Weighted F1-score

AIBugHunter [14] 512 67.90 ± 3.02 0.6790 ± 0.0302 0.6747 ± 0.0285 0.6916 ± 0.0259

CodeBERT 512 68.37 ± 1.59 0.6878 ± 0.0137 0.6837 ± 0.0159 0.6798 ± 0.0145
LOSVER (CodeBERT) 512 70.15 ± 1.54 0.7055 ± 0.0142 0.7015 ± 0.0154 0.6969 ± 0.0158

CodeT5+ 512 67.29 ± 1.29 0.6782 ± 0.0135 0.6729 ± 0.0129 0.6690 ± 0.0136
LOSVER (CodeT5+) 512 70.52 ± 1.33 0.7108 ± 0.0080 0.7052 ± 0.0133 0.7029 ± 0.0119

UniXcoder 512 71.55 ± 1.22 0.7220 ± 0.0142 0.7155 ± 0.0122 0.7110 ± 0.0120
LOSVER (UniXcoder) 512 73.77 ± 1.59 0.7376 ± 0.0190 0.7377 ± 0.0159 0.7317 ± 0.0172

UniXcoder 1024 71.03 ± 1.84 0.7173 ± 0.0195 0.7103 ± 0.0184 0.7065 ± 0.0185
LOSVER (UniXcoder) 1024 73.43 ± 2.41 0.7364 ± 0.0252 0.7343 ± 0.0241 0.7293 ± 0.0248

CSLS [52] and AIBugHunter [14] on both tasks. Ablation studies
further reveal that enhanced line-level localization quality yields
additional gains, with detection accuracy reaching 75.37% when
ground-truth modified lines are provided. On the PrimeVul dataset,
providing ground-truth lines increased pair-wise correct prediction
from 0.1011 to 0.3316, further confirming that highlighting modifi-
able lines and assigning greater weight to them is a valid and effec-
tive approach. These results validate the core design of LOSVER
and underscore the benefits of leveraging localized guidance in
vulnerability analysis. By directing model attention to semanti-
cally critical code regions, LOSVER enhances the effectiveness and
interpretability of PLMs, while offering a flexible and extensible
foundation for line-aware code modeling.

While LOSVER demonstrates strong performance under con-
trolled settings, it does not come without limitations. First, this
study did not include statistical significance testing. Incorporating
such analysis in future work would support more rigorous empirical
comparisons. Its generalizability to other programming languages
and real-world software systems also remains to be validated. Addi-
tionally, the dataset filtering procedure—used to align modifiability
signals with model input limits—complicating cross-token-limit
comparisons and highlighting the need for more controlled evalua-
tion in future studies.

There is a multitude of potential research areas building on this
work. These include extending the framework beyond vulnerability
analysis to other software engineering tasks such as defect predic-
tion, automated code review, and test case prioritization, where
localized guidance could be beneficial. Another promising direc-
tion is adapting the method to LLM-based few-shot or in-context
learning scenarios by incorporating line-level cues through prompt
engineering.
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