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Traditionally, software vulnerability detection research has focused on individual small functions due to
earlier language processing technologies’ limitations in handling larger inputs. However, this function-level
approach may miss bugs that span multiple functions and code blocks. Recent advancements in artificial
intelligence have enabled processing of larger inputs, leading everyday software developers to increasingly
rely on chat-based large language models (LLMs) like GPT-3.5 and GPT-4 to detect vulnerabilities across entire
files, not just within functions. This new development practice requires researchers to urgently investigate
whether commonly used LLMs can effectively analyze large file-sized inputs, in order to provide timely insights
for software developers and engineers about the pros and cons of this emerging technological trend. Hence,
the goal of this paper is to evaluate the effectiveness of several state-of-the-art chat-based LLMs, including the
GPT models, in detecting in-file vulnerabilities. We conducted a costly investigation into how the performance
of LLMs varies based on vulnerability type, input size, and vulnerability location within the file. To give enough
statistical power (f > .8) to our study, we could only focus on the three most common (as well as dangerous)
vulnerabilities: XSS, SQL injection, and path traversal. Our findings indicate that the effectiveness of LLMs
in detecting these vulnerabilities is strongly influenced by both the location of the vulnerability and the
overall size of the input. Specifically, regardless of the vulnerability type, LLMs tend to significantly (p < .05)
underperform when detecting vulnerabilities located toward the end of larger files—a pattern we call the
‘lost-in-the-end’ effect. Finally, to further support software developers and practitioners, we also explored the
optimal input size for these LLMs and presented a simple strategy for identifying it, which can be applied to
other models and vulnerability types. Eventually, we show how adjusting the input size can lead to significant
improvements in LLM-based vulnerability detection, with an average recall increase of over 37% across all
models.
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1 Introduction

In the rapidly evolving field of software development, the integration of large language models
(LLMs) has shifted from a novel concept to a mainstream practice. As generative artificial intelligence
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(AI) technologies continue to advance, tools like ChatGPT, Copilot, and similar models are now
embedded as first-class citizens into development environments, assisting with tasks such as code
generation, bug fixing, and security analysis. According to Sonatype’s 2023 report [40], 97% of
developers and security professionals now rely on LLMs in their workflows, marking a significant
shift in how software vulnerabilities are detected and patched.

Indeed, the integration of LLMs addresses a critical challenge identified in the 2022 GitLab
Survey [17], which noted that developers often fail to detect security-relevant bugs early and
do not prioritize bug fixing adequately. This typically leads to frequent vulnerabilities that are
challenging for humans to detect. Instead, LLMs have been found to be quite effective in supporting
vulnerability detection [5, 16, 43, 51]. This efficacy is primarily attributed to their capability to
interpret code semantics “like a human” [30], an advantage not typically possessed by fuzzers and
classical static analyzers.

Historically, the detection of software vulnerabilities has primarily focused on analyzing indi-
vidual functions due to limitations in earlier natural language processing and machine learning
models [8, 9, 23, 31, 31, 48, 50, 51]. However, this narrow scope can overlook vulnerabilities that
span across multiple functions or different parts of a file (as in the example shown in Figure 1),
leading to an incomplete or missed detection [44].

Recent advancements in LLMs have significantly expanded their capacity to process large portions
of code, now reaching lengths of millions of characters [7, 12, 34, 49]. These models can now analyze
entire files or even entire repositories. As a result, software developers are increasingly relying on
chat-based LLMs like GPT-3.5 and GPT-4 to detect vulnerabilities across whole files. Given this
growing reliance, it is crucial to assess whether these commonly used state-of-the-art chat-based
LLMs can effectively identify vulnerabilities in large, file-sized inputs. Such an evaluation will
provide software developers and engineers with timely insights into the strengths and limitations
of this emerging technology, helping them make informed decisions about its use.

In-file vulnerability detection is crucial because many vulnerabilities involve multiple functions.
Of the top-10 most dangerous security vulnerabilities in 2024 [29], at least six frequently span
functions: ‘Out-of-bounds Write’ (#2) and ‘Out-of-bounds Read’ (#6) involve buffer allocation and
bounds checking in different file areas, ‘Cross-site Scripting’, ‘SQL Injection’, and ‘Path Traversal’
(#1, #3, #5) span input sanitization handling across modules, ‘Use After Free’ (#8) involves memory
allocation, freeing, and reuse in separate areas, and ‘Missing Authorization’ (#9) spans missing
authorization checks across access points.

This leads to important questions: Can LLMs safely detect vulnerabilities within files that are
up to the size of their context windows, or do intrinsic limitations exist that necessitate the use of
smaller inputs? If smaller inputs are required, how small must they be? This study seeks to answer
these questions, offering practitioners a clearer understanding of the capabilities and limitations of
LLMs in detecting vulnerabilities within large code-bases.

We thus conducted several empirical studies involving open-source LLMs like Mixtral 8x7b,
Mixtral 8x22b, and Llama 3 70B, as well as well-known commercial models such as GPT-3.5, GPT-4,
and GPT-4o. These chat-based models were employed off-the-shelf (i.e., without customization, as
a typical software developer might use them) and tested across a range of scenarios involving real-
world security vulnerabilities from the public Common Vulnerabilities and Exposures (CVE) catalog
[28], which lists software vulnerabilities categorized under the Common Weakness Enumeration
(CWE), a standardized system for identifying software weaknesses.

To assess the vulnerability detection capabilities of these LLMs in this realistic setting, we used a
balanced dataset, which we compiled from the CVE catalog by following established best practices
in the vulnerability localization literature [8, 9, 31, 43, 45, 48]. Specifically, the dataset we assembled
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comprises over 750 files containing vulnerabilities, along with over 750 “non-vulnerable” files
obtained by applying the patches for these vulnerabilities as provided in the CVE catalog.

We ensured that the dataset was constructed such that each file represented a unique vulnerability
instance. Before expanding the study to multi-file systems or entire repositories, we first focused
on single-file vulnerability detection.

Additionally, to achieve sufficient statistical power (f > .8) in our study, we considered only
three common CWE types: cross-site scripting (XSS), SQL injection, and path traversal. These were
the only CWE types for which we identified at least 100 distinct vulnerability instances, a number
determined by a priori power analysis [13].

We then used this dataset to measure the effectiveness of each LLM at detecting vulnerabilities
using precision, recall, accuracy, and F1 score metrics. Afterwards, we examined how file size and
the position of the vulnerability within the file impact the effectiveness of the LLMs. This part of
the study involved two key experiments. The first experiment assessed the correlation between
input size and the models’ detection accuracy across the over 750 real-world vulnerabilities we
collected from the CVE catalog. The second experiment, referred to as the ‘code-in-the-haystack’
experiment, specifically investigated how relocating the same vulnerable lines of code within files
of varying sizes affects the models’ detection capabilities. Through these experiments, we identified
and quantified a ‘lost-in-the-end’ issue, where well-known LLMs such as ChatGPT tend to miss
vulnerabilities located at the end of long files.

This finding contrasts with the common trend identified in the literature, where LLMs are
often observed to suffer from a ‘lost-in-the-middle’ issue (i.e., they process information well at the
beginning and end, but not in the middle), rather than a ‘lost-in-the-end’ problem [1, 22, 24, 26, 47].
While we did not analyze additional types of vulnerabilities, the trends observed suggest that the
‘lost-in-the-end’ issue may also affect other vulnerability types. Regardless, the three vulnerabilities
we studied are among the most prevalent and dangerous in web security, making our findings
highly relevant to the community.

Building on these findings, we empirically investigated how small an input code needs to be to
maximize the probability of detecting a vulnerability with one of the considered LLMs, thereby
mitigating the ‘lost-in-the-end’ issue. This involved using simple file chunking strategies to adjust
the dataset file sizes and analyzing how these changes influenced the models’ ability to correctly
identify vulnerabilities. By observing the resulting detection scores, we identified more effective
input configurations for each LLM and vulnerability type.

This knowledge should help practitioners better understand how to effectively use LLMs, such
as ChatGPT and Llama, in practice for vulnerability detection.

2 Background and Related Work

This section compares our study with other research on language models for vulnerability detection
and explores the relationship to prior natural language processing research, focusing on the ‘lost-
in-the-middle’ issue and how input size affects LLMs performance.

2.1 Vulnerability Detection via LLMs

There has been extensive research on the application of language models for vulnerability detection
in software development and maintenance, primarily involving small specialized models operating
at a function-level granularity [8, 9, 23, 31, 48, 50, 51]. The recent advent of ChatGPT has shifted
some focus to the use of LLMs, but still at a function-level granularity [38, 41, 42, 51].

The majority of the aforementioned studies used vulnerability datasets extracted from the CVE
catalog, a practice we also adopt in our research. The CVE MITRE catalog is a public database
managed by the MITRE Corporation that lists and describes software and firmware vulnerabilities,
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assigning them unique identifiers for standardized handling. The catalog classifies vulnerabilities
using the Common Weakness Enumeration, which categorizes software and hardware weaknesses
with security implications. Each CWE entry details a specific type of vulnerability, helping organi-
zations to better identify, understand, and mitigate potential threats. An example of CVE entry of
type CWE-22, wherein the fix spans multiple functions. is shown in Figure 1.

1 @@ -52,9 +52,13 @Q public function createElements(array $formData)
54 54 $callbackValidator = new Zend_Validate_Callback(function ($value) {
55 = if (openssl_pkey_get_private($value) === false) {
55 + if (
56 + substr(ltrim($value), 0, 7) === 'file://'
57 + || openssl_pkey_get_private($value) === false
58 + ) {

56 59 return false;

Q@ -126,20 +130,19 @@ public static function beforeAdd(ResourceConfigForm $form)

126 130 $configDir = Icinga::app()->getConfigDir();
127 131 $user = $form->getElement('user')->getValue();
128 132
129 — $filePath = $configbDir . '/ssh/' . $user;
130 =
133 + $filePath = join(DIRECTORY_SEPARATOR, [$configDir, 'ssh', shal($user)]);

Fig. 1. GitHub commit for CVE-2022-24715, showing a security patch to prevent a path traversal.

Studies such as the one by Ullah et al. [43] have shown significant non-robustness in advanced
models like PaLM2 and GPT-4. Changes in function or variable names, or the addition of library
functions, can cause these models to yield incorrect answers in 26% and 17% of cases, respectively.
This highlights the need for further advancements before LLMs can serve as reliable security
assistants. Although Ullah et al.’s work [43] studies code augmentation, unlike ours it does not
explore the relationship between bug positions and the LLMs’s ability to identify vulnerabilities.

Instead, Chen et al. [5] found that ChatGPT’s performance varies across different vulnerabilities
and bugs, and multi-round conversations often worsens detection rates. However, they do not
investigate the underlying reasons for this, which we attribute to the ‘lost-in-the-end’ problem,
where more context leads to information being lost.

A more recent work by Zhou et al. [51] has shown that with specific prompts (containing
examples of the bug), ChatGPT can outperform smaller specialized models like CodeBERT [14]
and CodeT5 [46] in detecting vulnerabilities. However, their analysis is limited to function-level
detection and simple yes-or-no questions without explicit localization of the main line of code
responsible for the vulnerability. Our study extends to in-file detection, using post-fix code as
negatives, making the detection task more challenging and realistic.

Zhou et al. [51] try several prompts to understand their impact in vulnerability detection, also
suggesting that vulnerabilities belonging to less common CWE types (e.g., CWE-22; path traversal)
are also less likely to be identified by LLMs. Indeed, according to Zhou et al. [50], vulnerability
data exhibit a long-tailed distribution in terms of CWE types: a small number of CWE types have
a substantial number of samples (e.g., CWE-79; XSS), while numerous CWE types have very few
samples. However, with our experiments we empirically show that with LLMs, the most frequent
weaknesses (e.g., CWE-79) are actually those less likely to be identified by the model compared to
less frequent ones (e.g., CWE-22).
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2.2 ‘Lost-in-the-Middle’ Issue and Input Size Impact on LLMs

Although many modern LLMs, including ChatGPT, can process extensive inputs, they often struggle
to effectively manage information within lengthy contexts. This challenge has been highlighted in
many other studies sometimes referring to a ‘lost-in-the-middle’ issue [24]. ‘Lost-in-the-middle’
refers to a phenomenon in large language models where information presented in the middle of a
long input sequence is more likely to be overlooked or forgotten compared to information at the
beginning or end.

These problems seem to happen because these language models do not know well how to identify
relevant details amid fairly large contexts, and this has an impact on their ability to consistently
apply contextual knowledge over extended sequences of information, reasoning over code and
locating vulnerabilities.

To identify and analyze the ‘lost-in-the-middle’ issue, researchers have recently started to use
the ‘needle-in-the-haystack’ experiment. In this approach, a specific piece of information, known
as the ‘needle’, is hidden within a large block of irrelevant or filler text, referred to as the ‘haystack’.
The model is then tasked with finding and retrieving this specific information. This method was
recently popularized online by specialized blogs [11] and it is now used to assess the memory
capabilities of LLMs. Since its introduction, several gray-literature papers (i.e., non-peer-reviewed
arXiv preprints) have adopted the needle-in-the-haystack method to evaluate LLMs’ ability to recall
information and effectively use input memory. Notable examples include works by An et al. [1], Li
et al. [22], Liu et al. [24], Machlab and Battle [26], Xu et al. [47].

Typically, the standard needle-in-the-haystack experiment only requires a LLM to identify a
specific piece of information within the input and does not involve reasoning over the entire
content, as required in vulnerability detection. Therefore, we performed an adaptation (which we
named ‘code-in-the-haystack’) of this approach specifically for vulnerability localization, requiring
reasoning over an entire code context. This context is not just random text or code, but related
code taken from the same file and repository.

Our results indicate that the LLMs we considered for vulnerability localization do not really
suffer from the ‘lost-in-the-middle’ issue but rather from a ‘lost-in-the-end’ issue. This is aligned
with the findings of Levy et al. [21] which show that large input sizes can hinder the reasoning
capabilities of LLMs. However, Levy et al. [21] focused on general reasoning tasks unrelated to
coding, whereas our study builds on this by exploring the impact of input size on the ability of
LLMs to detect specific kinds of vulnerabilities within large code contexts.

3 Research Questions

Recent advancements in artificial intelligence have made it possible for LLMs to process entire
files or even repositories, rather than just small code segments. As the popularity of chat-based
LLMs continues to grow and the use of these LLMs for in-file vulnerability detection becomes more
widespread among software developers, it is crucial to assess their effectiveness across various
vulnerability types to inform practitioners of the pros and cons of these technological trends. This
urgency led us to our initial research question:

RQ1: To what extent can popular chat-based LLMs detect vulnerabilities within
entire files?

To address this question, we first obtained a dataset containing an equal distribution of vulnerable
and patched (i.e., without the vulnerability) files for different CWE types. As detailed in Section
4, the dataset was extracted from the CVE catalog (which includes known vulnerabilities and
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their fixes/patches; cf. Section 2.1), by selecting all vulnerabilities wherein the patch targets a
single file of code. Following the methodology described in Section 5, we then instructed popular
state-of-the-art LLMs such as GPT-4 to find and return any line within the dataset files that may
lead to a vulnerability of a given CWE type. This approach allowed us to compute metrics such as
precision, recall, accuracy, and F1 score for each LLM and CWE type.

Once we determine the effectiveness of these models in detecting vulnerabilities within files, we
can investigate the reasons behind their errors to inform practitioners about best practices. To do
this, we decided to examine whether the position of the vulnerability or the file size impacts the
LLMs’ performance, specifically assessing whether they experience any ‘lost-in-the-middle’ issues
(cf. Section 2.2). This leads to our next question:

RQ2: To what extent input size and vulnerability position affect LLMs’ ability to
detect vulnerabilities?

To answer it, we conducted two experiments. The first experiment (cf. Section 6.1) used the
dataset from RQ1 to examine the correlation between input size, the position of the vulnerability,
and the correctness of the LLM’s output, focusing only on the files containing a vulnerability.

However, this first experiment presented a problem: the distribution of actual file sizes and
vulnerability locations follows a tailed distribution, and this could distort the results. Therefore,
we conducted a second experiment (whose methodology is detailed in Section 6.2), which com-
plements the previous one by uniforming the distribution of vulnerability locations and file sizes.
Consequently, this second experiment was designed to more effectively determine whether a given
LLM suffers from a ‘lost-in-the-middle’ or ‘lost-in-the-end” problem.

Finally, building on the insights from RQ2, we aimed to establish best practices for practitioners
when using mainstream LLMs in cases where they suffer from the ‘lost-in-the-middle’ issue or
similar problems. If these LLMs have intrinsic limitations that hinder the safe detection of vulner-
abilities in files approaching the size of their context windows, we seek to provide practitioners
with guidance on the maximum input size that still ensures reliable detection capabilities. This led
to the formulation of our third research question:

[ RQ3: If smaller inputs are required, how small must they be?

We hypothesize that the optimal input size could be determined by analyzing how variations in
input size affect the LLM’s ability to accurately identify the location of a vulnerability. To test this,
we divided the vulnerable files into chunks of varying sizes, following the methodology presented
in Section 7 and adapting the experimental method from RQ1 to assess file chunks rather than
entire files. After determining the optimal input size for an LLM and CWE type, practitioners can
chunk files accordingly, improving vulnerability detection likelihood within their code.

4 Dataset Construction

To address RQ1, we need a dataset with an equal distribution of vulnerable and non-vulnerable files,
categorized by CWE type, where each vulnerability fix affects only a single file. This ensures that
the LLM has sufficient context to understand the vulnerability. As no such dataset was available in
the related literature (see Section 2), we created one ourselves by extracting data from the CVE
catalog, as has been done in related studies [8, 9, 31, 43, 45, 48]. Indeed, the CVE catalog contains
thousands of entries, each linking to a specific vulnerability and its corresponding patch (i.e., the
vulnerability fix).
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Table 1. Dataset Statistics: file counts, median file and function sizes (in chars), global statistics for 2022
(frequency and danger of CWE in the National Vulnerabilities DB).

CWE-ID No. Func. Func. File File Size Danger NVD

Files perFile Size Size Quartiles Score  Count
CWE-22 105 8 1,073 7,534 (3,715-14,839) 14.11 1,010
CWE-89 146 8 948 6,255 (3,213-19,007) 22.11 1,263
CWE-79 543 9 1,005 8,654 (3,819-17,331) 45.97 4,740

Methodology. Following an established procedure in vulnerability localization research [8, 9,
31, 43, 45, 48], we labeled the file before the patch as the “vulnerable” file and the file after the
patch as the “non-vulnerable” file. This ensures that the pre-fix code contains a vulnerability that
the LLM must detect, while the post-fix code should be free of the same vulnerability. Although
Rice’s theorem [39] suggests it is impossible to determine whether a piece of code is entirely free
of vulnerabilities, we use these “non-vulnerable” files only for answering RQ1, which benchmarks
LLMs. This does not affect our core findings and contributions which stem from RQ2 and RQ3.

We initiated the data extraction process by scraping all CVE entries from March 2018 to March
2024, covering a period of six years. These entries were filtered to include only those referring
to single GitHub commits affecting a single source code file, excluding documentation files. For
instance, if a commit targeted one code file and two documentation files, it was included, whereas
commits containing multiple code files were not. Eventually, we only considered files written in:
PHP, TypeScript, JavaScript, HTML, Java, Go, Python, Ruby, and C.

Consequently, we excluded file extensions associated with documentation or data, such as txt,
svg, md, xml, and json. We also excluded file extensions associated with C++, including header
files. Since RQ1 is on in-file vulnerability localization, this focus on single-file changes ensures
that the quality of the findings is not compromised by the fact we did not consider more files per
vulnerability, such as entire repositories or C++ software (comprising both .cpp and .h files).

Since this dataset will be used for several statistical tests (e.g., logistic regressions), we included
only CWE types with at least 100 CVE entries to ensure the tests have sufficient power (f > .8), as
indicated by an a priori power analysis [13]. This analysis assumes a uniform distribution of bug
positions, a large effect size of bug position or file size on vulnerability detection, and an a < .05.
This choice eventually ensures that our results are representative and based on a sufficient number
of vulnerabilities, as all metrics in our experiments are computed separately for each CWE type.

Results. Using the methodology provided above, we retrieved 794 vulnerable files across three
CWE types. For additional statistics, see Table 1. These types, ordered by prevalence of single-file
patches in the CVE catalog, are:

e CWE-79: XSS, the second most dangerous' CWE type in 2022 and the category with the
highest number of single-file patches.

o CWE-89: SQL Injection, the third most dangerous CWE type.

o CWE-22: Path Traversal, ranked eighth, but the category with the third highest number of
single-file patches; identified as a rarer or ’tail’ weakness by [50].

All these CWE types fall under the group of “error prone processing of data originating from
untrusted sources that often results in an initial entry point for an attacker to compromise an IT
system”. Eventually, our final dataset comprises 794 vulnerable files and the same 794 files with the
vulnerability patched (as provided in the CVE catalog), for a total of 1,588 unique files.

IThe level of danger presented by a particular CWE is determined by multiplying the severity score by the frequency score.
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Table 2. Selected LLMs. This table provides several statistics for each model.

Know. . Open Max. Max.
Model Cut-off Size Soﬂrce Tokens Characters
mixtral-8x7b  2023-12  45B Yes 32k ~120k
mixtral-8x22b  2023-12 141B Yes 64k ~250k
llama-3-70b 2023-12 70B Yes 8k ~30k
gpt-3.5-turbo  2021-09 - No 16k ~60k
gpt-4-turbo 2023-12 - No 128k ~500k
gpt-4o 2023-10 - No 128k ~500k

5 RQ1: LLMs vs. In-File Vulnerability Localization

The first research question aims to benchmark popular chat-based LLMs on in-file vulnerability
localization tasks.

Methodology. For our analysis, we selected three cutting-edge open-source models (Mixtral
8x7b, Mixtral 8x22b, and Llama 3 70b) and three well-known commercial LLMs from OpenAl:
ChatGPT 3.5 (version 0125), ChatGPT 4 (version 2024-04-09), and ChatGPT 4o (version 2024-05-13).
The Mistral models have gained significant popularity as the first state-of-the-art open-source
LLMs licensed under Apache 2.0. Llama 3, on the other hand, is the flagship open-source LLM
from Meta, widely recognized in the Al community and arguably one of the most effective LLMs
for vulnerability detection in the open-source landscape [3, 25], as well as the most mainstream.
Finally, the ChatGPT models, with over 180 million users, are the most widely used commercial
LLMs on the market and are the first choice for many developers, as they consistently outperform
other general-purpose chat-based LLMs in many (if not most) vulnerability detection benchmarks
[3, 25, 41, 43]. For more details about the selected LLMs, including their size and context window,
please refer to Table 2.

Throughout our experiments, we used these models in their default configurations without any
fine-tuning. This approach was chosen to assess the general applicability and effectiveness of these
models as they are, i.e., without customization, similar to how a typical software developer might use
them. Indeed, our goal is to investigate whether commonly used LLMs can effectively analyze large
file-sized inputs, to provide timely insights for software developers and engineers. Additionally,
by avoiding model-specific fine-tuning, we can also understand the baseline capabilities of these
LLMs in vulnerability detection without the confounding effects of specialized training, which may
not be fully replicable or practical in many real-world scenarios.

The only default configuration hyperparameter we changed for all the LLMs was their temperature.
The temperature of an LLM is a hyperparameter that controls the randomness of its output. It can
have any positive real value, with lower values making the output more focused and deterministic,
and higher values making it more diverse and creative. We set the temperature to 0, the lowest
possible value. Setting an LLM’s temperature to 0 for vulnerability detection ensures consistent,
deterministic, and repeatable responses, which is critical for accurately identifying and analyzing
security flaws with little unwanted variability in the results.

With each LLM, we used the same prompt, engineered to provide an example of the expected
output. This prompting strategy is called in-context learning [27, 52]. Differently from [51], we
always used the same example across all tested vulnerability types, specifically a CWE-79 bug
involving a ’user_input’ JavaScript variable being concatenated into HTML content without proper
sanitation.

This is the prompt we used:
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Analyze the file content below and tell me if there’s any line that may contain a bug of type CWE-{bug_type_id}
({bug_type_label}). Your output must adhere to the following structure.

Expected Output Structure:

SE: very Short Explanation of why the line may contain a bug of given type (e.g., The ‘user_input’ is directly
concatenated into HTML content without sanitation).

BL: the Bugged Line, if any is found, else none (e.g., ‘response = "<html><body><h1>Welcome, " + user_input +
"I</h1></body></html>"").

BUG FOUND: YES if a bug is found, else NO.

Example output:

SE: The "user_input’ is directly concatenated into HTML content without sanitation.

BL: ‘response = "<html><body><h1>Welcome, " + user_input + "I</h1></body></html>""
BUG FOUND: YES

File Content:
{file_content}

The required output structure comprises a yes-or-no answer regarding whether the file contains
a vulnerability, followed by a brief explanation detailing the rationale behind the potential bug
presence in the specified line. For instance, the explanation might note that the "user_input’ variable
is directly concatenated into HTML content without proper sanitation. Additionally, the LLM is
instructed to also copy and paste the identified problematic line in the output.

The designed prompt explicitly requires the models to analyze the contents of the file and
determine if any line might contain a particular bug of the CWE type initially associated (in the
CVE catalog) with the file. For example, for the “SshResourceForm.php” file of CVE-2022-24715
shown in Figure 1, either before or after the patch, the LLMs are asked only if any CWE-22 type of
vulnerability is present. They are not asked about CWE-89 or CWE-79.

Following prior work, we measure performance using top-1 accuracy, a standard metric for
multi-line vulnerabilities [2,3,4]. A true positive occurs when the model correctly answers "yes"
and identifies at least one vulnerable line. "yes" answers without matching lines are false positives,
while incorrect "no" answers are false negatives.

To evaluate whether an LLM correctly identified a vulnerability, we followed prior work and
measured performance using top-1 accuracy—a standard metric for multi-line vulnerabilities
[15, 32, 36]—by examining the yes-or-no answer provided by the model. If the model incorrectly
answers ‘yes’, we classify the output as a false positive. Conversely, if the model incorrectly answers
‘no’, we classify the output as a false negative. A correct ‘no’ answer is marked as a true negative.
For all other cases, differently from [51], we compare the line content reported by the model to the
patch, ensuring normalization of newlines, white-spaces, and tabs. If the model identifies at least
one line that exists in the patch diff (i.e., a line that was changed as part of the bug fix), it means
the model correctly detected the buggy line. This is classified as a true positive. Else, if the model
fails to detect any line that appears in the patch diff, the output is classified as a false negative.

Results. Table 3 summarizes the accuracy, F1 scores, precision, and recall across all the considered
CWE and LLMs. These scores underline the following finding:

Finding 1: Off-the-shelf LLMs demonstrate low and uneven accuracy across vul-
nerability types.

The data shows that commercial models generally exhibit superior performance metrics in
comparison to their open-source counterparts. Specifically, the models ChatGPT-4 (turbo) and
ChatGPT-40 consistently achieve the highest scores across all metrics for CWE-22 and CWE-79.
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Table 3. Performance summary by CWE and model. For each CWE, the best scores column-wise are in bold.

CWE-ID Model g Acen Prech Rec | g,
racy sion all
mixtral-8x7b .305 195 .268 352 210
mixtral-8x22b  .402 .290 347 476 210
CWE-22 llama-3-70b .360 235 309 430 200
gpt-3.5-turbo  .339 212 292 404 208
gpt-4-turbo 470 324 .387 .600 210
gpt-4o0 448 .295 368 571 210
mixtral-8x7b .281 181 250 322 287
mixtral-8x22b  .362 .240 312 432 292
CWE-89 llama-3-70b 400 276  .343 481 257
gpt-3.5-turbo  .386 .255 328 .469 286
gpt-4-turbo .383 .250 325 466 292
gpt-4o 410 .260 341 514 292
mixtral-8x7b 173 126 164 .183 | 1084
mixtral-8x22b  .220 .161 205 .236 | 1084
CWE-79 llama-3-70b 226 .200 219 233 985
gpt-3.5-turbo  .197 217 202 .192 | 1061
gpt-4-turbo 246 253 .248 .243 | 1086
gpt-4o0 275 .184 .247 .309 | 1086

For CWE-89, however, the open-source model Llama 3 surfaces as a strong competitor, in terms of
accuracy and precision, surpassing the commercial models except ChatGPT-4o in recall and F1.

Focusing on the open-source models, Llama 3 outperforms the Mixtral series in all evaluated
categories and across each CWE type, asserting its efficacy among non-commercial options. While
the Mixtral 8x22b demonstrates a noticeable improvement over Mixtral 8x7b, particularly in F1
scores and precision, it still falls short of the performance standards set by Llama 3.

Despite variations in performance across different models and CWE categories, the results
suggest that none of the models achieve particularly high metrics, indicating a room for significant
improvement. For example, the highest accuracy recorded across all models and categories is only
.324, a value for the commercial model ChatGPT-4 (turbo) in CWE-22, which is relatively modest in
fields where high accuracy and reliability are crucial. Similarly, the best F1 score observed is .470,
also by ChatGPT-4 (turbo) for CWE-22, suggesting that even the best model’s ability to balance
precision and recall is limited. The open-source models, particularly Llama 3, show promising
results but still do not reach a level of performance that could be considered highly effective, with
their best accuracy peaking at .276 in CWE-89.

Since LLMs are known to perform differently across programming languages [4, 20], we also
provide an analysis based on the programming language distribution encountered in our dataset. The
dataset comprises PHP (1020 instances), JavaScript (214 instances), Python (112 instances), and Java
(96 instances) files, with smaller contributions from Go, Ruby, and others. A statistical analysis of
LLM performance across the top four languages using the Kruskal-Wallis test revealed no significant
differences in correctness. In particular, the following results were obtained: Mixtral-8x7b yielded
H = 1.661 with p = .436; mixtral-8x22b (H = 1.258; p = .533); llama-3-70b (H = 3.122; p = .210);
gpt-3.5-turbo (H = 1.140; p = .566); gpt-4-turbo (H = .936; p = .626).

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE041. Publication date: July 2025.



Large Language Models for In-File Vulnerability Localization Can Be “Lost in the End” FSE041:11

6 RQ2: The Impact of Vulnerability Position and File Size

Our study examines how the location of vulnerabilities within a file and the file size influence the
performance of state-of-the-art LLMs in detecting the three CWE types identified in Section 5. This
section details the two experiments conducted to address RQ2 as outlined in Section 3.

6.1 File Size and Position of Bug vs. Probability of Detection on Real-World Files

The first experiment examines the correlation between input size, the position of the vulnerability,
and the ability of the LLM to detect the vulnerability within the 794 vulnerable files in our dataset.

Methodology. Similarly to the previous experiments, also in this case we fed hundreds of
vulnerable files to the selected LLMs, asking them to detect and locate the vulnerabilities based on
their CWE type. We then studied how well those LLMs did the job, performing an analysis to see
whether there is a correlation between their performance and the location of the vulnerabilities as
well as the size of the file.

Since the LLM’s output can only be correct or incorrect, for the correlation analysis we employed
logistic regressions, segregating the results by CWE type. Specifically, we used simple logistic
regression models [35] to analyze vulnerability detection as the dependent variable, with either bug
position or file size as independent predictors. We chose logistic regression over ANOVA or the
Mann-Whitney U test due to the dichotomous nature of the dependent variable and non-normal
distribution of predictors (Figure 2, left).

The test statistic for assessing the significance of each logistic regression coefficient is a z-test,
as is typically the case [10]. In our replication package [2], we follow APA guidelines to report
the regression coeflicients, 95% confidence intervals, effect sizes (i.e., odds ratios), and p-values for
each model term (intercept and predictors). Additionally, we also include the results of a multiple
logistic regression (i.e., combining both predictors), which remain consistent with those obtained
from simple logistic regression.

We measured file size by the total number of characters and determined the position of the
vulnerability by counting the characters preceding the vulnerability (as identified through the
patch). Although LLMs process inputs by breaking them into tokens, each LLM uses a distinct
tokenization strategy. Therefore, to maintain comparability across distinct LLMs, we opted to
measure using characters rather than tokens. Indeed, measuring effects by character count implies
effects in token and line counts, as both are composed of characters.

Results. The results of the logistic regressions, presented in Figure 2, reveal that vulnerabilities
positioned deeper or within larger files are significantly less likely to be identified by LLMs. These
trends persist across all examined CWE types, with p-values significantly below .05 in all instances.

A notable pattern emerges when combining these logistic regressions with the CWE vulnerability
frequency in the CVE catalog, as shown in Table 1. The data indicate that the most frequently
occurring CWE type in our dataset (CWE-79) experiences the deepest decline in vulnerability
localization probability. Additionally, in the commercial models (the GPTs), we observe that the
negative impact of file size on detection probability is proportional to the frequency of the CWE
type. Specifically, the line representing CWE-22 (the least frequent type in our dataset) is generally
above that of CWE-89, which is above CWE-79.

These trends mirror the observed accuracy scores (see Table 3). In other words, the trends observed
by [50] and mentioned by [51] where frequent vulnerabilities are more easily detected/addressed
do not hold true in our specific experiments and are actually inverted.
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Fig. 2. Real-World Files: Logistic regressions across LLMs and CWE types; data distributions on the left.

6.2 Code-in-the-Haystack Experiment

Given that the probability of randomly identifying a vulnerable line decreases with increasing bug
location and file size and that (as shown in Figure 2) the bug location and file size follow a tailed
distribution, we conducted a follow-up experiment. This second experiment aims to determine
whether the previously shown results are due to the inability of the LLMs to effectively process
contextual information or to the tailed distribution of vulnerability features.

Methodology. In the second experiment, called the ‘code-in-the-haystack’ experiment, we
focused on a limited number of different vulnerability instances, specifically five per CWE type.
For each instance, we relocated the vulnerable lines of code within the same file, varying the file
sizes to create over 500 different file combinations per CWE type, to further verify whether the
LLMs’ detection capabilities correlate with file size and bug position. Similarly to the other RQ2
experiment, we then used the same simple logistic regressions to analyze vulnerability detection.
This experiment was named after the ‘needle-in-the-haystack’ experiments discussed in Section 2.

In other words, our code-in-the-haystack experiment involves selecting a set of vulnerabilities
for each considered CWE type and systematically altering the position of the vulnerability’s core
line within the file so that the distribution of bug positions is uniform. While in the first RQ2
experiment we examined potential effects at scale, in this second RQ2 experiments we focus on
causal analysis, isolating bug position and file size. By design, this experiment holds all potential
confounding factors constant, thus isolating the bug position’s impact. In other words, controlling
bug position while keeping files unchanged ensured other properties remained fixed. Specifically,
in our approach to constructing the experiment, we adopted a methodology consisting of three
primary steps.

In the first step, for each file, we identify and isolate the main line where the vulnerability occurs.
If this vulnerable line resides within a function containing fewer than 500 characters, the entire
function is marked as the block of vulnerable code to be moved. Conversely, if the function exceeds
500 characters, a segment encompassing a few lines before and after the vulnerable line is extracted.
This segment is then refactored into a new function of approximately 500 characters, which is the
block of vulnerable code to be moved.

Let S be the size of the file, the second step involves creating % new files, positioning the buggy
function at different intervals: at the beginning for the first file, at the 500th character for the
second, and so on, increasing by 500 characters for each subsequent file. The remaining space in
each file is filled with padding characters, using either the rest of the file or contents from files in
the same repository.

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE041. Publication date: July 2025.



Large Language Models for In-File Vulnerability Localization Can Be “Lost in the End” FSE041:13

For the final step, we employ the 0/1 knapsack algorithm [37] to construct SSW new files, each of
size S, wherein the buggy function is positioned at different locations. The content of these new
files is divided into two segments: one before the buggy function and one after it. Each padding
segment is treated as a separate ’knapsack’ with capacities determined by the function’s position.
For example, if the function is placed at position n, the first segment’s capacity is 500 X (n — 1), and
the second is S — 500 X n.

To implement this, the original file content is divided into functions or independent logic units,
which are then distributed into these knapsacks as padding. Each logic unit is measured in characters.
To address cases where the padding does not perfectly match the knapsack’s capacity constraints,
we use a relaxed version of the 0/1 knapsack algorithm. Instead of requiring an exact match to the
capacity, we aim for the best fit possible that is closest to the target capacity, whether it is slightly
under or over. We define a tolerance value that allows the total size of selected functions to exceed
the capacity by a small amount, i.e., approximately 200 characters.

The aforementioned procedure, however, presents several challenges. A primary challenge is the
need to refactor the vulnerable file to allow the free movement of a block code throughout the file.
This often requires a deep understanding of both the vulnerability and the underlying repository.
Another significant challenge is finding suitable padding content when the target file size exceeds
the actual file size. Using a LLM to address these challenges was excluded, as it could introduce
significant bias into the experiment. For instance, the evaluated LLM might be already familiar
with the code generated for the padding.

Given the experimental setup requires submitting hundreds of inputs to the LLM for each
vulnerable file, considering all 794 vulnerable files would substantially increase both the costs
and the duration of the experiment. Therefore, we needed to identify the smallest number of files
necessary to achieve significant results.

To determine this, we conducted an a priori logistic regression power analysis [13]. This analysis
considered a one-tailed test, focusing on a strong negative association between bug localization rate
and bug position. It assumed a uniform distribution of the predictor, meaning each bug position in a
file is equally likely. Additionally, the analysis aimed for a power f > .8 with a significance level ()
of .05. Under the null hypothesis, the probability of finding a bug given its position Pr(Y = 1|X = 1)
was set to .5. The analysis also accounted for an R? value of .2 for other predictors, indicating a
small to moderate impact of file content. Given the results of the previous experiments, a medium
to large effect size was assumed, corresponding to an odds ratio greater than 3.47 [6].

The a priori power analysis suggested a minimum sample size of 273 per logistic regression
to achieve the desired statistical power. Since each logistic regression considers % files, and the
maximum S we can consider is less than 30,000 characters due to the context window limitation
of Llama 3 (the LLM with the smallest context window; see Table 2), we need at least %’ggg ~5
different vulnerability instances per CWE type.

As a result, we selected only 5 different instances of vulnerability per CWE type, limiting the
scope to 5 X 3 = 15 vulnerable files instead of using the entire dataset of 794.

For the code-in-the-haystack experiment, we considered S = {4, 000, 8, 000, 16, 000, 25, 000}
characters, resulting in 530 different combinations of files and positions constructed for each CWE
type and logistic regression, amounting to 28,830,000 characters in total. We chose 25,000 characters
as the largest S since it is slightly lower than the maximum input size of Llama 3. This allowed us
to run the same experiments across all six LLMs.

Each file was processed individually by each LLM using the same prompt and matching strategy
described in Section 5. Given that all the considered LLMs are non-deterministic and that we
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have (only) 5 distinct vulnerabilities for each position, file size, and CWE type, we conducted the
experiment five times with each LLM to minimize variability in the results.

To evaluate the results, we assigned a score of +1 when a file’s vulnerability was correctly located
and -1 when it was incorrectly located. For each run, file size S, bug position n, LLM, and CWE
type, we averaged the scores across the (5) different instances of vulnerabilities, resulting in an
average number within the range of [—1, 1]. This score represents the effectiveness of the LLM at
locating vulnerabilities of the given CWE type. We then averaged these results across multiple runs
to achieve more reliable and consistent outcomes.

Results. Figure 3 displays the heatmap resulting from the code-in-the-haystack experiment for
the top three most accurate models, as indicated in Table 3: ChatGPT 4, ChatGPT 4o, and Llama 3.
Meanwhile, Figure 4 shows the logistic regressions for all models. These regressions confirm the
previous results, indicating a statistically significant negative impact of bug position and file size
on vulnerability detection. Interestingly, this trend is more pronounced with bug position (i.e., the
logistic regressions are steeper) than with file size, suggesting that position plays a bigger role.
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Fig. 3. Code-in-the-Haystack: Heatmap results for the most accurate LLMs.
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Fig. 4. Code-in-the-Haystack: Comparative logistic regression analysis.

Notably, Figure 3 shows that, when dealing with the largest files, the LLMs predominantly focus
on the beginning of the file, disregarding the content towards the end of the context window.
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This observation indicates that the models do not suffer from a ‘lost-in-the-middle’ phenomenon.
Instead, they exhibit a ‘lost-in-the-end’ problem. The degree to which this trend occurs varies
among different models and CWE types.
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Fig. 5. Code-in-the-Haystack: Distribution of incorrectly predicted bug positions.

To further verify this finding, we conducted an error analysis. As shown in Figure 5, we plotted
the distribution of incorrect bug positions predicted by all the LLMs. The results clearly indicate
that the LLMs tend to predict vulnerabilities at the earliest positions (< 6,000) when they fail to
identify a vulnerability, often neglecting positions towards the end of the file.

Our code-in-the-haystack experiment is designed to have a uniform distribution of bug positions
for each of the file sizes S. If there were no ‘lost-in-the-end’ phenomenon, we would expect to
see a more-or-less uniform distribution of errors in Figure 5, similar to what we observe for S =
{4,000, 8,000}. However, for S = {16,000, 25,000}, the predicted positions are skewed towards the file’s
beginning. These observations support the following finding:

Finding 2: The LLMs we examined struggle to detect security bugs—at least those
of types CWE-22, CWE-89, and CWE-79—toward the end of longer files.

Figures 3 and 5 show a threshold beyond which the LLMs starts struggling with vulnerability
detection. For example, ChatGPT 4, 40, and Llama 3 have difficulty detecting CWE-89 type vulnera-
bilities when the input exceeds 4,000 characters. The next section explores how to identify this
threshold for each CWE type and LLM.

7 RQ3: Input Size Identification

With RQ3, we aim to identify best practices for practitioners that use popular chat-based LLMs,
such as GPT models, which suffer from the ‘lost-in-the-end’ issue. Since these LLMs struggle to
detect vulnerabilities in files approaching their context window limits, we seek to provide guidance
on the right input size for reliable detection. Specifically, we want to identify the largest input size
for a CWE type at which the model’s detection capabilities have the highest recall. We hypothesize
that the best input size can be determined by observing changes in the LLM’s ability to identify the
exact location of a vulnerability when positioned into file chunks of different sizes. To investigate
this hypothesis, we use the data from the first experiment of RQ2 (cf. Section 6.1), i.e., the 794
vulnerable files.

Methodology. Our experimental procedure involves a naive chunking strategy where the
content of a file is divided into blocks of lines totaling up to a maximum of k characters. Each line
is preserved in its entirety to ensure at least one chunk contained the critical line for the LLM to
identify. Although simplistic, this approach demonstrates that even basic chunking could enhance
the LLM’s performance.
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Table 4. Chunk sizes yielding the highest recall for each LLM and CWE type. Recall improvements are
compared to the baseline values from Table 3. Best values are in bold.

CWE-ID Model Chunk Accu Rec Recall

Size racy all Improv.
mixtral-8x7b 500 206 428  +21.59%
mixtral-8x22b 3000 219 552 +15.97%

CWE-22 llama3-70b 1500 197 495 +15.12%
gpt-3.5-turbo 1500 220 533 +31.93%
gpt-4-turb0 6500 363 .657 +9.50%
gpt-4o 6500 320 .666 +16.64%
mixtral-8x7b 1500  .183 452 +40.37%
mixtral-8x22b 500 122 .657 +52.08%

CWE-89 llama3-70b 1500 330 554  +15.18%
gpt-3.5-turbo 500 278 636  +35.61%
gpt-4-turbo 500 462 .630 +35.19%
gpt-40 1500 238 .650 +26.46%
mixtral-8x7b 500 375 309 +68.85%
mixtral-8x22b 500 147 428 +81.36%

CWE-79 llama3-70b 1500 474 278 +19.31%
gpt-3.5-turbo 500 397 376 +95.83%
gpt-4-turbo 500 492 404 +66.26%
gpt-40 500 380 407 +31.72%

Each chunk was evaluated using the same experimental prompts used in the investigations of
RQ1 and RQ2. Due to the increase in negative examples compared to RQ1, direct comparisons
of accuracy and F1 scores are not viable. Instead, we focused on comparing the recall metric,
representing the percentage of correctly identified vulnerabilities by the LLM. The chunking
strategy was implemented using k values of {6,500, 3,000, 1,500, 500}. The largest chunk size, 6,500,
corresponds to approximately the median file size for CWE-89 (see Table 1). A chunk size of 3,000
represents the lower quartile of file sizes across all CWE types. The 1,500 size is slightly above the
average function size, while 500 is less than the average function size, providing a finer granularity.

Results. According to the results detailed in Table 4, we have an average recall improvement
of over +37% across all models and CWE types due to chunking, although this strategy led to a
decrease in precision, indicated by an increase in false positives due to a greater number of chunks
with no vulnerability.

For CWE-22 with a 1,500 character chunk, ChatGPT 3.5 showed a significant +31.93% recall
improvement. In contrast, ChatGPT 4 (turbo) with a 6,500 character chunk reached a +9.5% im-
provement for the same CWE. ChatGPT 3.5 with a 500 character chunk for CWE-79 showed the
most substantial improvement, almost doubling the baseline recall (+95.83%).

Interestingly, the smaller LLMs demonstrated the most significant improvements in recall and
appeared to benefit more from smaller chunk sizes. For example, in CWE-89, Mixtral 8x22b, using
a chunk size of 500, achieved a +52.08% improvement in recall, the highest among all models for
this specific CWE type. Furthermore, non-commercial LLMs also showed greater performance
gains with smaller chunks, narrowing the performance gap with commercial models. In fact, after
chunking, open-source models frequently outperformed commercial ones in vulnerability detection.
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The data also reveal disparities in how different CWE types respond to chunking. For instance,
CWE-79 is the most susceptible to ‘lost-in-the-end’ issues, benefiting the most from smaller chunk
sizes of 500 characters (less than a function!). CWE-89 and CWE-22 followed, showing optimal
safe input sizes which are around 1,500 and 3,000-6,500 characters, respectively. When we compare
these input sizes to the median file and function sizes in Table 1, we observe notable differences
across CWE types. Specifically, CWE-22 requires a small-to-medium file size, whereas CWE-89
and CWE-79 require the sizes of a small function and less than half a function, respectively. These
observations substantiate the following finding:

Finding 3: Chunking input files into smaller blocks enhances LLMs’s recall in
vulnerability detection, with optimal sizes varying a lot by CWE type.

8 Threats to Validity

In evaluating the findings, several extrinsic and intrinsic potential threats to validity need to be
considered.

Extrinsic Threats. While we included a variety of popular LLMs, such as Mixtral and Llama, as
well as several versions of ChatGPT, the conclusions drawn are primarily applicable to the contexts
and vulnerability types explicitly tested, i.e., CWE-22, CWE-79, and CWE-89. The performance of
these models might differ when applied to other CWE types or in different software contexts, such
as different programming languages.

OpenAT’s continuous updates to their models also pose a challenge; the accuracy and F1 scores
presented might change if the experiments are rerun at a different time. Although we aimed for
consistency and simplicity in the prompts used, future versions of ChatGPT may perform differently
or require new types of prompts.

Lastly, our analysis using logistic regression to assess the impact of file size and vulnerability
position on detection probability assumes a linear relationship, which may not capture more
complex patterns adequately.

Intrinsic Threats. Generally speaking, it is impossible to mathematically guarantee that a
non-trivial piece of code (e.g., a vulnerability fix) is fully bug-free. This impossibility stems from
Rice’s theorem [39]. Nevertheless, we are certain that the post-fix code we used for answering RQ1
resolves at least one instance of vulnerability, and that this vulnerability must be detected by the
LLM. Instead, our core findings and contributions, which stem from RQ2 and RQ3, are not affected
by this problem.

The algorithmic construction and manual refactoring of our dataset’s files for the code-in-the-
haystack experiments could have introduced syntactical errors, such as misplaced import statements.
However, this is not a major concern as the study focuses on the ‘lost-in-the-end’ phenomenon in
detecting specific types of security weaknesses rather than on syntactical errors.

The non-deterministic nature of the Al models, particularly the non-commercial ones that lack
control over the random seed, adds another layer of complexity. To mitigate this, we repeated the
code-in-the-haystack experiments five times and averaged the results, incurring costs exceeding
400 USD. However, due to these costs, this approach was not feasible for other experiments, and
even five runs may be insufficient. Nonetheless, the consistent observation of the ‘lost-in-the-end’
issue across all studied LLMs and the statistical significance of the logistic regression support the
reliability of our findings, reducing the likelihood that the observed trends are due to chance.

Finally, the range of chunk sizes k we considered is arbitrary, and better chunk sizes might exist.
Due to the high costs of running large experiments with LLMs, we were limited to testing a few k
values using a dichotomic search.
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9 Discussion

The three research questions outlined in Section 3 focused on evaluating the effectiveness of several
popular LLMs in detecting in-file vulnerabilities. Specifically, they examined the influence of file
size and the position of the vulnerability, as well as the optimal input size for maximizing detection
accuracy.

RQ1. The findings presented in Section 5 address RQ1, indicating that the performance of off-the-
shelf LLMs is generally low, with accuracy scores below .4, and varies significantly across different
CWE types. No model consistently outperformed others across all aspects, though commercial
models generally show superior performance compared to open-source models. Notably, the
majority of the LLMs were more effective in detecting CWE-22 and CWE-89 compared to CWE-79.
This suggests that the complexity and commonality of vulnerabilities influence detection capabilities.
Interestingly, our results diverge from previous studies [50, 51], which suggested that more frequent
vulnerabilities are easier to detect for these models. Our findings show that the most frequent
vulnerabilities can be the hardest to spot for LLMs.

RQ2. For RQ2, our experiments (cf. Section 6) reveal a clear pattern: as file size increases or
the vulnerability is positioned towards the end of the file, the probability of its detection by
LLMs decreases. This finding was consistent across all models and types of vulnerabilities studied,
regardless of the LLMs’ maximum context window size. This highlights the challenges LLMs face
with large inputs and their sensitivity to the ‘lost-in-the-end’ phenomenon. Additionally, our
analysis showed that different CWE types are handled differently. For example, CWE-79 had the
deepest decline in vulnerability localization probability, suggesting that some vulnerabilities may
require more context for accurate identification, but current LLMs limitations in handling large
contexts prevent proper localization.

Notably, the distributions of bug positions and file sizes shown in Figure 2 (left) indicate that
real-world bugs frequently occur within the first 10,000 characters of a file. The same bar plot also
suggests a correlation between bug position and file size, possibly because smaller files inherently
constrain bug placement. Indeed, the file size distribution is skewed toward smaller files, with
most containing fewer than 20,000 characters. To account for this correlation, we conducted the
code-in-the-haystack experiment (Section 6.2) using uniformly and independently distributed bug
positions and file sizes. The results still indicate a ‘lost-in-the-end” phenomenon.

Importantly, when analyzing the results of the code-in-the-haystack experiment, we observe
that the distribution of incorrectly predicted bug positions for files of size S =25,000 (see Figure 5,
rightmost box) closely resembles the distribution of bug positions in real-world files collected from
the CVE catalog. The LLMs incorrectly predict that bug positions occur within the initial 10,000
characters of a file. This suggests that the skewed distribution of real-world bug positions may be
why LLMs (likely trained on that data) tend to focus on the beginning of files, using code position as
a heuristic for bug localization rather than analyzing the underlying code. This observation aligns
with the findings of Nikankin et al. [33], which show that LLMs often rely on a ‘bag of heuristics’ to
solve problems. If this heuristic reliance is accurate, alternative training strategies may be necessary.
For instance, training LLMs with more uniformly distributed bug positions and file sizes or refining
the training pipeline could potentially mitigate the ‘lost-in-the-end’ phenomenon.

RQ3. The results from our chunking experiments addressing RQ3 suggest that smaller input sizes
can significantly improve the recall of LLMs in detecting vulnerabilities (up to +95%), depending
on the CWE type. Specifically, smaller chunk sizes of 500 to 1,500 characters were more effective
for the most frequent CWE types, while larger chunk sizes up to 6,500 characters or more were
most effective for the least frequent CWE type, CWE-22. This indicates that at least for CWE-22,
in-file vulnerability detection is needed.
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Given that the vulnerabilities we are studying rank among the top 10 most dangerous ones (cf.
Section 4), maximizing recall (i.e., the true positive rate) can be more important than precision
or accuracy. Therefore, adopting a chunking strategy like the one described could, with little to
no additional cost, increase the vulnerability detection rates of state-of-the-art LLMs, effectively
mitigating their ‘lost-in-the-end’ issues.

Nonetheless, chunking is a useful but temporary solution for managing large files, often leading
to increased alert fatigue—a problem also identified by Hassan et al. [19]—due to a rise in false
positives. When examining this phenomenon, we find that most false positives result from a loss of
context caused by chunking. For example, all LLMs incorrectly flag the following as buggy: ‘query
= "SELECT * FROM users WHERE username="+user_input+""* simply because the ‘user_input’
sanitization is out of context.

A potential solution to this problem is ‘smarter chunking’, where variable definitions and ma-
nipulations are included in the chunk. However, this chunking approach could effectively address
only input sanitization issues such as SQL injection, path traversal, and XSS. But, given that these
are among the most dangerous and common vulnerabilities, employing this specialized strategy
may still be worthwhile. Instead, for other types of vulnerabilities, a more effective approach is to
address the ‘lost in the end’ issue directly within the LLM architecture and training pipeline.

Although the chunking strategy employed is somewhat naive and encounters similar issues as
function-level detection due to limited contextual information, the results (see Table 4) indicate that
the most effective chunk sizes can exceed the average function size (shown in Table 1). This further
confirms that function-level detection may be ineffective, particularly for certain vulnerabilities
like CWE-22 and, to a lesser extent, CWE-89.

Interestingly, when considering smaller input sizes, the performance gap between commercial
and open-source models diminished notably. In some cases, open-source models performed on par
with or even better than commercial ones, suggesting that the main advantage of commercial models
may lie in a better handling of context windows. This indicates that advancements in handling
context windows could significantly improve the existing technology for vulnerability detection.
However, it is unclear whether these LLMs suffer from the ‘lost-in-the-end’ problem because they
had mostly seen data where vulnerability detection is done predominantly on function-level data.

While our findings highlight significant improvements in recall through chunking, they also
underscore the need for practitioners to adopt a more nuanced approach when selecting and
configuring LLMs for vulnerability detection. Practitioners should consider not only the chunk
size but also the nature of the CWE type and the model’s context-handling capabilities. For in-
stance, smaller chunk sizes (500-1,500 characters) yield superior results for CWE types such as
CWE-79 and CWE-89, whereas larger chunks (up to 6,500 characters) may be necessary for more
context-dependent vulnerabilities like CWE-22. Commercial models like GPT-4-turbo and GPT-40
demonstrate stronger context retention, making them more effective for CWE-22. Instead, open-
source models such as Mixtral-8x22b can achieve higher recall performance when smaller context
retention is required (e.g., for CWE-79 and CWE-89), outperforming their commercial counterparts,
which appear to be more specialized for longer contexts.

Hypotheses. We hypothesize that the problem is the combination of the context-dependency of
certain vulnerabilities and the ‘lost-in-the-end’ issue, so that CWE types requiring more context
generally perform worse. For instance, detecting XSS (CWE-79) requires understanding how user
inputs are handled, sanitized, and embedded into web pages, which can span various functions,
files, or even different programming languages (e.g., JavaScript, HTML). If the model cannot capture
the broader context (maybe because it has not seen many large contexts during training), it might
miss the vulnerability, as shown by our empirical results.
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Similarly, if the code context is not correctly captured by the model, it may mistakenly identify a
non-buggy line as having a vulnerability due to the fix being elsewhere in the file. Hence, contrary
to what [51] suggest, it is possible that the harder-to-locate bugs are those with greater variability
in the type and quantity of code modifications necessitated by a security patch, rather than the
rarer vulnerabilities, i.e., the tail CWE types.

Another possibility is that the code used for training these LLMs frequently contains unidentified
bugs, leading the models to replicate them or fail to recognize them as bugs. Indeed, it is possible
that the most frequently fixed CWE vulnerability types (CWE-79) also more frequently appear
unfixed in production or open-source code. If the model cannot handle a large context effectively,
it might learn these vulnerabilities as normal non-buggy code, as suggested by the experiments
conducted by [18], which indicate that LLMs tend to replicate bugs.

Future Work. Future work should verify whether any of the hypotheses mentioned above
actually hold. Moreover, given that code, unlike natural language, does not follow a linear, top-
down format, future research should explore more advanced architectures for these LLMs. This
could potentially include permutation-invariant neural networks, such as graph neural networks,
where reordering a function’s position does not affect the model’s ability to detect vulnerabilities.

10 Conclusion

This paper characterized and highlighted the lost-in-the-end issue in popular chat-based LLMs.
Recognizing this issue is important for software developers and engineers who extensively use
these specific LLMs for coding and debugging activities such as file-level vulnerability detection.

In this study, we studied the effectiveness and limitations of popular chat-based LLMs in detecting
vulnerabilities within entire source code files, focusing on three of the most dangerous and common
CWE vulnerability types: CWE-22, CWE-89, and CWE-79. Our findings reveal significant variability
in LLM performance across these vulnerabilities and highlight a new challenge: the ‘lost-in-the-end’
issue, where vulnerabilities located towards the end of files are less likely to be detected.

We showed that the ‘lost-in-the-end’ issue can considerably affect the performance of LLMs on
file-level vulnerability detection. This also implies that the same issue could affect LLMs at similar
tasks involving reasoning over large software files such as code review automation, generic bug
localization, code summarization.

The implications of our findings are twofold. Firstly, they suggest that further improvements in
LLMs are needed before they can be reliably used for vulnerability detection in software develop-
ment. This includes enhancements in their ability to handle large inputs and in their sensitivity to
the placement of vulnerabilities within files. Secondly, our study highlights the potential of simple
yet effective strategies like input chunking to significantly enhance the performance of existing
LLMs, which could be readily applied in current software development practices.

Although our analysis (Figure 2) indicates that the smallest files are the most common, the
‘lost-in-the-end’ issue is still relevant because the largest files should not be ignored and “the devil
is in the tails” [50]. Therefore, to eliminate the most dangerous vulnerabilities, we strongly believe
that future research should keep increasing the context window of these LLMs up to the repository
level, but in a way that is more robust to the ‘lost-in-the-end’ issue.

Data Availability

All the data and scripts used for this paper are available in our replication package [2].
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