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Abstract—Prompting LLMs with bug-related context (e.g., er-
ror messages, stack traces) improves automated program repair,
but many bugs still remain unresolved. In real-world projects,
developers often rely on broader repository and project-level
context beyond the local code to resolve such bugs. In this paper,
we investigate how automatically extracting and providing such
knowledge can improve LLM-based program repair. We propose
a layered knowledge injection framework that incrementally
augments LLMs with structured context. It starts with the Bug
Knowledge Layer, which includes information such as the buggy
function and failing tests; expands to the Repository Knowledge
Layer, which adds structural dependencies, related files, and com-
mit history; and finally injects the Project Knowledge Layer, which
incorporates relevant details from documentation and previously
fixed bugs. We evaluate this framework on a dataset of 314
bugs from BugsInPy using two LLMs (Llama 3.3 and GPT-4o-
mini), and analyze fix rates across six bug types. By progressively
injecting knowledge across layers, our approach achieves a fix
rate of 79% (250/314) using Llama 3.3, a significant improvement
of 23% over previous work. All bug types show improvement with
the addition of repository-level context, while only a subset benefit
further from project-level knowledge, highlighting that different
bug types require different levels of contextual information for
effective repair. We also analyze the remaining unresolved bugs
and find that more complex and structurally isolated bugs, such
as Program Anomaly and GUI bugs, remain difficult even after
injecting all available information. Our results show that layered
context injection improves program repair and suggest the need
for interactive and adaptive APR systems.

Index Terms—automated program repair, large language mod-
els, knowledge injection, in-context learning

I. INTRODUCTION

Large Language Models (LLMs) have opened new possibil-
ities in Automated Program Repair (APR), offering the ability
to generate patches with minimal supervision. Despite this
promise, LLMs often struggle to grasp the deeper context be-
hind bugs, leading to unreliable or non-applicable fixes [1]–[3].
A key limitation is that many generated patches lack awareness
of project-level constraints, dependencies, or intent [4], [5].
Recent findings show that the performance of LLMs drops by
more than 50% when bug fixes require information beyond the
buggy function [6]. Building effective LLM-based tools for
APR requires a better understanding of when and why these
models succeed or fail, an area that is still underexplored.

Research has shown that incorporating additional relevant
information in prompts can enhance the performance of LLMs
in program repair. Zhao et al. [7] extract design rationales from

issue threads, but the approach relies heavily on developer dis-
cussions, which are often noisy or inconsistent [8]. Parasaram
et al. [9] observed improved LLM performance in APR by
incorporating bug-related facts, such as error messages, stack
traces, and buggy code snippets. HAFix explored commit
history to provide historical context for buggy functions,
showing improvements on a small dataset [10]. While these
approaches highlight the value of adding relevant context, most
are limited to the immediate surroundings of the buggy code.
It is known that bugs often span multiple files and compo-
nents [11]. Thus, including a broader context, such as related
files, dependencies, and documentation, could produce more
accurate patches. However, Parasaram et al. [9] showed that
there is no universal set of information that works across all
scenarios and bugs. Their tool uses a Random Forest model to
select types of contextual information to include in the prompt
based on features such as prompt length, repository ID, and
code complexity. However, their model lacks interpretability
and ignores bug type. Different bug types require different
contextual cues to be solved [12], and treating them uniformly
could lead to producing ineffective or suboptimal repairs.

In this paper, we investigate how the injection of repository
and project-specific contextual information on top of infor-
mation surrounding buggy code affects the ability of LLMs
to repair different types of bugs. We use a subset of the
BugsInPy dataset [13], consisting of 314 bug–patch pairs from
Python open-source repositories on GitHub. Using an existing
taxonomy [12], we manually categorized each bug into one
of six types, including Program Anomaly, GUI, Network, etc.
We organize the contextual information into three layers: Bug
Knowledge, Repository Knowledge, and Project Knowledge.
By progressively injecting knowledge from each layer, we aim
to understand which kinds of context can help fix specific types
of bugs. We evaluate our approach using two LLMs (Llama
3.3 and GPT-4o-mini), demonstrating that improvements from
layered knowledge injection are consistent across models with
different architectures and parameter sizes. Additionally, we
perform a detailed error analysis to uncover why LLMs
struggle with specific types of bugs, even after providing
contextual information. Our research questions are:
RQ1: To what extent can LLMs resolve different types
of bugs using only immediate bug knowledge? We inject
bug-related context, adopted from Parasaram et al. [9], as
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the Bug Knowledge Layer to assess LLMs’ performance in
bug repair for different types of bugs. Our best-performing
model fixes 207/314 bugs (65%), surpassing the previously
reported fix rate of 56% [9]. This improved performance could
be attributed to structured in-context knowledge injection as
well as using newer versions of LLMs (Llama3.3 vs. Llama3).
However, our fix rate leaves room for improvement, indicating
that local context alone is often insufficient, especially for
complex bug types like Program Anomaly and Network, which
frequently remain unresolved in this layer.
RQ2: How does injecting repository-level knowledge en-
hance LLM-based repair of different bug types? We re-
patch all unresolved bugs from RQ1 after adding additional
context from the Repository Knowledge Layer, including co-
occurring files, structural dependencies, and commit history.
This leads to a significant improvement of 9% for our best
model, fixing 28 more bugs and reaching a 74% fix rate
(235/314). All bug types benefit from this layer, showing that
repository-level context is crucial for resolving bugs that local
information alone cannot address.
RQ3: How does injecting project-level knowledge further
enhance LLM-based repair of different bug types? We
further augment the information available for unresolved bugs
from RQ2 with additional context from the Project Knowl-
edge Layer, including documentation and previously resolved
issues. This results in our best model fixing 15 more bugs,
reaching a final fix rate of 79% overall (250/314), a significant
improvement of 23% over previous work [9]. Improvements in
this layer are limited to Program Anomaly, GUI, and Network
bugs, suggesting that project knowledge offers benefits for
specific bug types.
RQ4: Which bug types remain challenging for LLMs,
even after injecting all layers of contextual knowledge? We
analyze the remaining unresolved bugs after all context layers
are applied. We found that these bugs often require reasoning
about user-facing behavior or implicit runtime conditions and
feedback. These bugs also exhibit higher complexity, suggest-
ing that current LLMs still struggle with structurally isolated
or complex repair tasks.

The key contributions in this paper are:
• A layered knowledge injection framework for LLM-based

APR, structuring contextual information into three hierar-
chical levels: Bug, Repository, and Project knowledge.

• Evaluation against two baselines: (1) a prior fine-grained
fact selection approach by Parasaram et al. [9], and (2) an
“all-at-once” baseline where all contextual information is
injected simultaneously.

• A bug-type-specific analysis showing how different context
layers impact the repair of different types of bugs.

• An error analysis (e.g., bug types, complexity) of unresolved
bugs, offering insights into the limitations of current LLMs
and outlining concrete directions for future work.

• Replication package1 with our bug-type annotations, prompt
designs, and evaluation pipeline to support reproducibility

1https://github.com/SOAR-Lab/llm-apr-knowledge-injection

and future work on context-aware APR with LLMs.

def create_local_scheduler(self):

 return scheduler.CentralPlannerScheduler(prune_get_work=True)

commented on Jan 9, 2016User

Disable Task History when using --local-scheduler...

LLM (Llama 3.3)

GitHub 
Issue

Buggy 
Function

def test_local_scheduler_task_history_status(self):

luigi.interface._WorkerSchedulerFactory().create_local_scheduler()

luigi/interface.py:134: in create_local_scheduler

return 
scheduler.CentralPlannerScheduler(prune_on_get_work=True)

Error 
Message

def create_local_scheduler(self):

    if self._config.getboolean('scheduler', 'local_scheduler', False):

        ('scheduler', 'record_task_history', 'False')

    return scheduler.CentralPlannerScheduler(prune_get_work=True)

self._config.set

How do i ‘disable’ local scheduler?

LLM (Llama 3.3)

def create_local_scheduler(self):

return scheduler.CentralPlannerScheduler(prune_get_work=True


),record_task_history=False

class CentralPlannerScheduler:

...

elif self._config.record_task_history:

        from luigi import db_task_history

        self._task_history = db_task_history.DbTaskHistory()


Dependent 
Class

LLM is limited to bug-related facts, and unable to 
generate a valid patch

With Dependency Injected, now LLM generates 
valid patches

Fig. 1. Comparison of Patch Generation with Different Information

II. MOTIVATING EXAMPLE

Prior work has shown that incorporating contextual infor-
mation (e.g., stack traces) in prompts enhances the bug-fixing
performance of LLMs [5]. Building on this work, Parasaram
et al. [9] introduced a set of bug-related facts to provide
additional context for LLMs. These facts include: Buggy Func-
tion, Failing Tests, Error Information, Runtime Information,
Angelic Forest, Buggy Class Declaration, Method Signatures,
and GitHub Description. Including such facts significantly
improved LLM-generated fixes compared to prompting with
no additional context. However, their approach achieved a
maximum fix rate of 56% (177/314 bugs in BugsInPy). This
raises the question: What about the remaining 137 bugs? What
prevented the LLM from fixing them despite the addition of
varied bug-related contextual information?

We hypothesize that the key missing piece is the broader
repository and project-level understanding. In previous work,
contextual signals are limited to the buggy function and its
immediate surroundings, thus overlooking rich sources of
information embedded in code structure, version history, and
documentation. These are resources that developers rely on
when fixing real-world bugs [14]–[16].

Consider the example in Figure 1, a bug in the luigi
project (link). This bug, located in the create local scheduler
function, can be fixed by disabling task history. While the fix
may appear trivial to a developer familiar with the codebase,
Llama 3.3 fails to generate the correct patch when prompted
only with the bug-related facts. It cannot determine which
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[Buggy Function]
def (self, path: str, 
endpoint: Callable, name: str = None):

    route = APIWebSocketRoute(path, 
endpoint=endpoint, name=name)

    self.routes.append(route)

add_api_websocket_route
[GitHub Description]

The function 
add_api_websocket_route does not 
add dependency overrides 
provider to APIWebSocketRoute.

[Runtime & Angelic 
Variables]

{inputs}             

{outputs}           

[Failing Test]
def test_router_depends_with_override():

  with client.websocket_connect("/router-ws-
depends/") as websocket:

  assert websocket.receive_text() == "Override"

[Error Information]

Traceback:

File "main.py", line 12, in

AttributeError: 'NoneType' 
object has no attribute 'update'

Bug Fix 

Bug Fix 

 Bug Knowledge Layer
[Structural Dependencies]

Buggy 
File

class 
APIWebSocketRoute():

def __init__(self):

   self.path = path

   ...

[Co-occurring Files] [Latest Changes]

Commit Hash #1



Commit Hash #2

...

Repository Knowledge Layer

[Documentation]

APIWebSocketRoute: This 
class controls websocekets...

Add API depends on ...

[Issue Resolution History]

APIWebSocketRoute: ...Also, 
make sure to add the API 
dependency...

Project Knowledge Layer Bug Fix

[Fixed Method]
def (self, path: str, 
endpoint: Callable, name: str = None) -> None:

    route = APIWebSocketRoute(

     path, endpoint=endpoint,

     name=name,


    self.routes.append(route)

add_api_websocket_route

 dependency_overrides_provider=

self.dependency_overrides_provider)


Evaluate

Tests Pass

Tests Fail

Go to the next layer of 
knowledge injection

Fig. 2. Layered Knowledge Injection for Automated Program Repair with LLMs

class attribute to modify and instead hallucinates the existence
of a variable self. config. However, once dependent class
information CentralPlannerScheduler (extracted from related
files) is injected into the prompt, the model produces the
correct fix by disabling the record task history attribute. This
shows how structural context improves the model’s under-
standing. More importantly, this example showcases that bugs
do not exist in isolation, and solving many of them requires
knowledge that extends beyond the local scope, spanning
related files, structural dependencies, and even discussions
buried in documentation or past issue threads. As we show in
later sections, this is particularly true for complex bug types
such as GUI, Program Anomaly, and Configuration bugs.

Overall, the landscape of LLM-guided APR is fast evolving.
With the advent of large-context LLMs (e.g., 128k token
window in GPT-4o-mini), the challenge has shifted from fitting
a small subset of facts into limited prompts to understanding
what information is useful and how to strategically provide
it as model input to guide effective repair. Recent research
also suggests that knowledge injection (providing relevant in-
context learning at inference time) can be more effective and
generalizable than fine-tuning [17]. However, providing too
much information or unfiltered context may not help and can
even be detrimental in APR [9]. Therefore, we need structured
ways to select, automatically extract, and prioritize the most
relevant information from vast and noisy software ecosystems.

III. METHODOLOGY

We propose a layered knowledge injection pipeline for
LLM-based bug repair. Figure 2 presents an overview of
our approach. We incrementally inject contextual information
through three distinct layers. (1) Bug Knowledge Layer:
We begin by injecting local bug-related information (e.g.,

buggy function, error message, GitHub issue description). This
lightweight context is often sufficient for fixing straightforward
bugs. (2) Repository Knowledge Layer: For bugs that remain
unresolved after layer (1), we proceed to inject repository-
level context, including related files (co-commits), structural
dependencies, and recent commit history. This helps the model
understand a broader context beyond localized code snippets
and error information. (3) Project Knowledge Layer: For
the bugs still unresolved even after layer (2), we further
inject knowledge extracted from documentation and previously
resolved bugs. These sources provide project-level insights,
such as intended system behavior, fix patterns, and edge cases.

This layered approach offers several advantages. First, it
allows simpler bugs to be fixed with minimal input, conserving
tokens and computation. Second, it scales context progres-
sively, injecting more information only when necessary. Third,
it enables analysis of which bug types benefit from specific
contextual signals, offering insights into LLM capabilities
across different bug categories and levels of complexity.

A. Dataset

We use the dataset of Parasaram et al. [9], which includes
314 instances from the BugsInPy benchmark [13]. Each in-
stance includes the link to the fix commit that resolves the bug
and the link to the buggy commit representing the repository
state before the fix. This data contains bugs fixed by changes to
a single function. Since our focus is on generating patches for
APR, for bug localization we use Function-granular Perfect
Fault Localization, as recommended in prior work [9], [18].
However, LLMs will still have to identify the faulty lines
within a buggy function.

We manually annotate the dataset using the bug categoriza-
tion taxonomy proposed by Catolino et al. [12]. This taxonomy
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TABLE I
DESCRIPTIONS, EXAMPLES, AND FREQUENCY OF BUG TYPES IN OUR DATASET

Bug Description Example Count

Program Anomaly Concerned with specific circumstances such as exceptions, problems with return values,
and unexpected crashes due to issues in the logic (rather than, e.g., the interface) of the program

“Program terminates prematurely before
all execution events are loaded in the model” 187

Network Bugs having as root cause connection or server issues, due to network problems, unexpected
server shutdowns, or communication protocols that are not properly used within the source code

“During a recent reorganization of code a
couple of weeks ago, SSL recording no
longer works”

47

Configuration
Bugs concerned with building configuration files. Most of them are related to problems caused
by (i) external libraries that should be updated or fixed and (ii) wrong directories, file paths,
or patterns in XML or manifest artifacts

“JEE5 Web model does not update on
changes in web.xml” 34

GUI-Related
Bugs occurring in the Graphical User Interface of a software. It includes issues referring to
(i) stylistic errors, i.e., screen layouts, element colors and padding, text box appearance, and buttons,
as well as (ii) unexpected failures appearing to the users in the form of unusual error messages

“Text when typing in input box is not
viewable.” 28

Performance Bugs reporting performance issues like memory overuse, energy leaks, and methods causing endless
loops

“Loading a large script in the Rhino
debugger results in an endless loop
(100% CPU utilization)”

16

Permission/
Deprecation

Bugs related to two main causes: (i) they are due to the presence, modification, or removal of
deprecated method calls or APIs; (ii) problems related to unused API permissions are included

“setTrackModification(boolean) not
deprecated; but does not work” 2

includes 9 categories: Configuration Issue, Network Issue,
Database-Related Issue, GUI-Related Issue, Performance Is-
sue, Permission/Deprecation Issue, Security Issue, Program
Anomaly Issue, and Test Code-Related Issue. We use this
taxonomy because it is comprehensive, capturing common root
causes across diverse, real-world bugs (1,280 bug reports from
119 popular projects). The annotation instructions, including
the definitions of each bug type and examples, are adapted
from Catolino et al. and included in our replication package.

Two graduate students (each with 3+ years of experience in
programming and qualitative research) conducted the annota-
tion process. For each data point, we examined both textual
and code-related data, including the GitHub issue thread,
pull request, and the fix commit. We followed an iterative
analysis comprising multiple sessions. To ensure annotation
reliability and mitigate bias, we employed Cohen’s Kappa
inter-rater agreement [19]. In the first round, both annotators
independently labeled an initial set of 50 data points, which
yielded a Kappa score of 0.45. Follow-up discussions were
conducted to refine the taxonomy’s interpretation and resolve
all disagreements. In the second round, an additional 50
data points were annotated, which yielded a Kappa score
of 0.8, indicating a high level of agreement [19]. With this
established consistency, the remaining 214 data points were
divided between the two annotators and labeled independently.

Table I presents the descriptions, examples, and distribution
of bug types in our dataset. Six of the nine categories are
represented; we did not find any Database-Related, Security,
or Test Code-Related bugs. Among the represented bug types,
Program Anomaly is the most frequent, while Permission/Dep-
recation is the least. Our dataset spans 16 well-known Python
projects (e.g., pandas, youtube-dl, scrapy), each with high
star counts (ranging from 16k to 135k), contributor counts
(25 to 463), and open issues (29 to 4172). Full project-level
statistics, including stars, contributors, open issues, and bug
distributions, are provided in our replication package.

B. Prompting Strategy

We use Chain-of-Thought prompting, a proven strategy for
guiding LLMs to process context step by step, as demonstrated
in APR and other tasks [9], [20]–[22]. We adopt a prompt
structure similar to Parasaram et al. [9], with a few key

adjustments. We enforce standardized outputs by requiring all
code to be wrapped in triple backticks. We also omit textual
explanations to ensure the output contains only code. We
tested our approach on 10 bug instances using GPT-4o-mini
and Llama 3.3, running each bug 10 times per model. We
achieved consistent outputs across all 200 runs. Due to space
constraints, we include the detailed prompt formats for each
knowledge layer in our replication package.

C. Research Questions and Information Types in Each Layer

RQ1: To what extent can LLMs resolve different types of
bugs using only immediate bug knowledge?

Immediate bug knowledge is the contextual information
directly related to the buggy code, including: Buggy Function,
Failing Tests, Error Information, Runtime Variables, Angelic
Variables, and GitHub Description. We incorporate them in
the first layer of the knowledge injection pipeline, referred to
as the Bug Knowledge Layer.

The information types in this layer are adopted from
Parasaram et al. [9], and serve as a baseline for evaluating the
impact of injecting other contextual information in subsequent
layers (RQ2 and RQ3).

Buggy Function. This is the buggy code the LLM should
fix. For each data instance, the function requiring repair is
extracted using the fix commit (patch) provided by developers.

Failing Tests. Each bug instance also contains passing
and failing tests. The buggy code can cause one or more
tests to fail. Providing these failed tests could help the LLM
understand the possible cause of the bug [23].

Error Information. We supply LLMs with error messages
and stack traces generated by failing tests, as these can
help models identify buggy code [23], [24]. To obtain this
information, we first cloned each project from GitHub and
reverted the repository to its state before the fix commit. We
then used Anaconda to install the required dependencies and
ran the failing tests to capture the corresponding error outputs.

Runtime and Angelic Variables. We extract two types
of dynamic information: 1) Runtime information: values and
types of function parameters and local variables during failing
test execution; 2) Angelic forest: the expected values that, if
assigned to those variables during execution, would cause the
failing test to pass. This behavioral data can improve LLM
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performance in bug fixing [9]. Prior work showed that such
information supports synthesis-based program repair [25]. The
values are extracted from correct program versions using
instrumentation. Since runtime and expected values can be
lengthy, especially when multiple test cases are available, we
limit each bug instance to at most three input-output cases for
both runtime and angelic variables.

GitHub Description. Providing textual descriptions of a
bug can improve LLM-generated fixes [26], [27]. We extract
the title and body description of issue reports associated with
each bug in our dataset. We observed that 69 of 314 instances
in the dataset do not have a linked report. To address this,
we tried to extract the corresponding pull request. For 24 data
points, no corresponding issue or pull request was found. We
manually reviewed all linked issues and pull requests to ensure
they only describe the bug and do not reveal the actual fix.
RQ2: How does injecting repository-level knowledge en-
hance LLM-based repair of different bug types?

In the Repository Knowledge Layer, we go beyond the
immediate bug context by incorporating additional information
from the repository: the buggy file, related files, and prior fix
history. Each type of information is retrieved from the state of
the GitHub repository before the fix. We apply this knowledge
injection to the bugs unresolved after the Bug Knowledge
Layer, allowing us to assess the impact of repository-level
context on repair outcomes.

Co-occurring Files. Prior APR research has shown that
leveraging historical context can improve repair outcomes [4],
[28]. To identify files related to the one containing the buggy
function, we analyze past commits and extract those that
have most frequently been committed alongside the buggy
file [29]. We refer to these as Co-occurring Files. These files
suggest a strong logical or functional connection, indicating
that they often work together or depend on one another [30].
Co-occurring files are not directly used in prompts. We use
them as a heuristic to identify where the buggy function may
be invoked elsewhere in the codebase, aiding in the discovery
of structural dependencies discussed next.

Structural Dependencies. Understanding the context of the
buggy function is critical for generating effective patches [1],
[31], [32]. To capture structural dependencies, we examine
both directions: the functions and classes invoked by the buggy
function and those that invoke the buggy function elsewhere
in the codebase. For each buggy function, we use Python’s
AST and Jedi [33] library to parse its body and extract
referenced functions and classes. We then use the file’s import
statements to resolve where those declarations originate and
extract their definitions from the relevant files. In the other
direction, we identify functions and classes that invoke the
buggy function. Since usages can be widespread and introduce
noise especially for utility functions, we limit this search to
the set of previously identified Co-occurring Files. We then
apply the same dependency resolution process to extract only
the most relevant calling contexts.

Latest Changes. Including historical commit information
related to the buggy function can improve the bug-fixing

performance of LLMs [34]. Therefore, by analyzing the Git
history of the repository, we extract the most recent commit
made to the buggy function before the fix. This information
suggests potential sources of error in the buggy function.

RQ3: How does injecting project-level knowledge further
enhance LLM-based repair of different bug types?

In the Project Knowledge Layer, we inject project docu-
mentation and developer knowledge from past resolved issues.
We inject them to the unresolved bugs after the Repository
Knowledge Layer. The goal is to give the LLM a holistic view
of the project, its constraints, and past bug-fixing strategies.

Documentation. Documentation can help LLMs infer code
intent [35], [36]. We extract information about buggy func-
tions’ usage, limitations, and behavior from the project’s
official documentation. Since documentation can be extensive,
we isolate the most relevant parts by applying a dense retrieval
pipeline [37], [38]. First, we split the documentation into
equal-sized chunks and embed them using Sentence Trans-
former embeddings. We store the embeddings in a FAISS
(Facebook AI Similarity Search) [39] vector index, enabling
efficient similarity search against the buggy function. We use
the full body of each buggy function, including the APIs it
calls, as a query to retrieve the most relevant documentation
chunks based on semantic similarity. We then use LangChain’s
QA Retrieval Agent [40], to query the embedded documents
and extract four key pieces of information: (1) What is the cor-
rect behavior of the buggy function? (2) What is the intended
usage of the buggy function and the APIs it uses? (3) What
are the constraints, edge cases, or usage patterns for APIs used
in buggy function? (4) What are the limitations, warnings, or
best practices of using APIs in the buggy function?

Issue Resolution History. We focus on patched issues that
occurred before the fix date of the target bug. These past issues
often contain relevant knowledge about similar bugs and their
resolutions [41], [42]. To identify the most relevant issues, we
apply dense retrieval to compare each past issue to the buggy
function. We consider both the code (patches) and the natural
language (titles, descriptions, discussions, and labels). Inspired
by previous studies [37], [38], we compute a similarity score
for each dimension, textual and code, and combine them
using an equal weighted average (50% text, 50% code). The
issues, along with their metadata, are stored in a FAISS [39]
vector index for efficient retrieval. We then use LangChain’s
QA Retrieval Agent, powered by GPT-4o-mini, to extract
the following key insights: (1) What relevant API behaviors,
bugs, or patterns discussed in the past could inform fixing the
buggy function? (2) What concrete fix strategies were applied
in similar scenarios to those in the buggy function? (3) What
specific code changes from past fixes could guide repairing
the buggy function buggy function? (4) What key developer
insights, recommendations, or concerns discussed in past fixes
are relevant to resolving the buggy function?

RQ4: Which bug types remain challenging for LLMs, even
after injecting all layers of contextual knowledge?

We conduct an error analysis of the bugs that are unresolved
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after injecting all three layers of contextual knowledge.
First, for the unresolved bugs, we manually examine

whether the five types of repository and project-level infor-
mation were available and usable, since in real-world settings,
such context may not always exist or be extractable.

Second, our goal is to identify the types and characteristics
of the bugs that remain challenging for LLMs. To examine
whether unresolved bugs are more complex than success-
fully fixed ones, we compute the following code complexity
metrics using Python’s widely-used Radon package [43]–
[45]: a) Cyclomatic Complexity, which measures control
flow complexity based on decision points; b) Maintainability
Index, a composite metric reflecting how easily the code can
be understood and maintained; c) Lines of Code (LOC),
capturing function length; and d) Halstead Metrics (Volume,
Difficulty, and Effort), which reflect the cognitive complexity
based on operators and operands. As we are comparing two
groups (resolved vs. unresolved bugs) on various continuous
metrics, we run statistical tests to assess the significance of
differences. Specifically, as the data does not follow a normal
distribution (verified using the Shapiro–Wilk test), we use
the non-parametric Mann–Whitney U test [46]. Additionally,
we compute Cohen’s d [47] to measure the effect size and
indicate which group tends to exhibit higher complexity across
each metric. This analysis helps us assess whether unresolved
bugs may require more sophisticated reasoning or deeper
understanding, potentially posing difficulties to current LLMs.

D. Baselines

We compare our approach against two baselines: (1)
Parasaram et al. [9]’s approach, which leverages various bug-
related contextual information to produce patches; and (2)
an approach where information from all three layers (bug,
repository, and project knowledge) is injected simultaneously
for every bug. The second baseline allows us to assess whether
progressive, hierarchical injection is more effective than pro-
viding all context at once.

E. Evaluation Metrics

The nondeterminism of LLMs can lead to varying outcomes
across responses, which presents challenges when analyzing
results. To address this, we evaluate the generated responses
using the pass@k measure, which represents the probability
that at least one out of k queries successfully resolves the
problem.

Pass@k = EQ

[
1−

(
n−C
k

)(
n
k

) ]
(1)

Here, EQ denotes the expectation over the set of LLM
responses for the set of queries (prompts) Q, n is the total
number of responses obtained from the LLM where n > k,
and C is the number of successful responses among them. For
our program repair task, we consider a response successful if
the extracted patch satisfies a correctness criterion, which we
approximate by passing the test suite. We choose n = 10 and
report Pass@k with k=1, 3, 5, following prior studies [9], [10].

We also report the number of fixed bugs in our dataset
(#fixed). This is a common metric for evaluating APR tools
that iteratively generate and test patches, indicating the number
of bugs for which at least one generated patch passes all
tests [9], [48]. The #fixed is measured by:

#fixed (LLM(J)) ≜ |{b | j ∈ J,Cj > 0}| (2)

where j = (b, F ) represents a prompt, and Cj is the number of
responses that pass the tests for the given prompt. All plausible
fixes are tested and manually verified to be the correct fix.

IV. RESULTS AND DISCUSSION

A. RQ1: To what extent can LLMs resolve different types of
bugs using only immediate bug knowledge?

Results. Table II presents the results of running our entire
dataset through the Bug Knowledge Layer using GPT-4o-
mini and Llama 3.3. When provided only with local context
surrounding the buggy function, GPT-4o-mini resolves 197
out of 314 bugs (62%), while Llama slightly outperforms it
by fixing 207 bugs (65%). In terms of Pass@k performance,
both models show consistent capabilities, though Llama is
more reliable overall. Llama achieves a Pass@1 of 47%,
compared to 38% for GPT-4o-mini, indicating a 9% higher
chance of generating a correct fix on the first attempt. As k
increases, performance improves for both models: Pass@3 and
Pass@5 exceed 50%, with Llama reaching 61% at Pass@5 and
maintaining a consistent lead across all values of k.

Table III breaks down performance by bug type. Llama
performs better on Network (e.g., Llama 3.3 resolves 72%
bugs compared to 68% by GPT-4o-mini), Program Anomaly,
Configuration, and Permission/Deprecation bugs, while GPT-
4o-mini shows an advantage for Performance bugs. For GUI-
related bugs, both models fix 16 out of 28 instances (57%),
with 13 of those fixes overlapping and 3 unique to each model.

Discussion. Since some of our metrics in this layer are
adopted from Parasaram et al. [9], we compare our results to
theirs. They achieved a total fix rate of 56% (177/314 bugs),
using GPT-3.5 Turbo and Llama3-70B. Our best-performing
model in this layer, Llama 3.3, achieves statistically significant
improvements over Parasaram et al.’s results, supported by a
Chi-square test (p-value=0.017) and Z-test (p-value=0.014).
We exclude two of Parasaram et al.’s metrics, Buggy Class
Declaration and Used Method Signatures, as they introduce
information beyond the immediate bug context. The results
indicate the strength of our layered approach. Bugs that can be
resolved with only bug knowledge are fixed early, without the
risk of confusing the model with unnecessary context, while
subsequent layers will progressively address bugs that require
a deeper understanding of the repository or project (as we
will later find out in RQ2 and RQ3). The use of newer LLMs
with larger context windows (128k vs. 8k) further supports
this approach by enabling the injection of richer knowledge
without exceeding model limitations.

Additionally, our bug-type analysis provides actionable
guidance for model selection under limited context. For in-
stance, if working with a Performance bug and restricted to
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TABLE II
PERFORMANCE OF KNOWLEDGE INJECTION LAYERS FOR EACH LLM

Knowledge Injection LLM Pass@1 Pass@3 Pass@5
%Fixed

Bugs
Bug Knowledge Llama 3.3 0.47 0.58 0.61 65% (207/314)
Layer GPT-4o-mini 0.38 0.50 0.56 62% (197/314)
Repository Llama 3.3 0.50 0.63 0.68 74% (235/314)
Knowledge Layer GPT-4o-mini 0.40 0.54 0.61 70% (221/314)
Project Knowledge Llama 3.3 0.50 0.65 0.71 79% (250/314)
Layer GPT-4o-mini 0.40 0.55 0.62 73% (229/314)

All Knowledge Llama 3.3 0.38 0.53 0.59 65% (207/314)
Layers at Once GPT-4o-mini 0.27 0.37 0.41 48% (152/314)

bug-level information (e.g., error logs, test failures), GPT-
4o-mini may be a better choice. In contrast, for bug types
like Program Anomaly, Llama shows stronger results. This
indicates that the effectiveness of each model can vary de-
pending on the type of bug and the scope of available context.
Across all bug types, the Llama model consistently achieves
higher Pass@k scores, suggesting more reliable performance
within fewer attempts compared to GPT-4o-mini. Finally,
Llama failed to fix 107 bugs and GPT-4o-mini failed on 117,
with 78 overlapping. This intersection suggests that there are
particularly challenging cases that LLMs are unable to fix with
immediate bug context alone.

B. RQ2: How does injecting repository-level knowledge en-
hance LLM-based repair of different bug types?

Results. We re-patch the previously unresolved bugs from
the Bug Knowledge Layer (107 for Llama and 117 for GPT-
4o-mini) using updated prompts that inject additional infor-
mation from the Repository Knowledge Layer. The results in
Table II show substantial improvements for GPT-4o-mini and
a statistically significant improvement for Llama 3.3. GPT-4o-
mini successfully resolves 24 additional bugs, increasing its
overall fix rate to 70% (Chi-square p-value=0.051 and Z-test
p-value=0.042), while Llama 3.3 resolves 28 more, reaching
74% (Chi-square p-value=0.018 and Z-test p-value=0.014).
This represents a significant performance gain of 8–9% when
repository-specific context is layered on top of local bug
knowledge. Both models also show consistent improvements
in their Pass@k scores, with Llama 3.3 continuing to outper-
form GPT-4o-mini in overall consistency, surpassing the 50%
threshold for Pass@1 in this layer.

As shown in Table III, both models also demonstrate per-
formance improvements across all bug types in the Repository
Knowledge Layer compared to their respective results in the
Bug Knowledge Layer. GPT-4o-mini resolves 13 additional
Program Anomaly, 5 Network, 2 GUI, 2 Configuration, 1
Performance, and 1 Permission/Deprecation bugs. In com-
parison, Llama fixes 15 more Program Anomaly, 2 Network,
4 GUI, 3 Configuration, and 4 Performance bugs, but sees
no improvement for Permission/Deprecation bugs. It is to be
noted that there are only 2 Permission/Deprecation bugs in our
dataset. This indicates that, regardless of the bug type, adding
repository-level context consistently benefits LLM-based re-
pair. While GPT-4o-mini sees greater gains on the number
of fixed Network bugs, Llama shows stronger improvements

overall, outperforming the GPT model across different types
of bugs in terms of fix rate and Pass@k.

Discussion. These results highlight the role of repository-
level knowledge, such as related files, structural dependencies,
and recent commit history, in enhancing LLM-based bug re-
pair. When local bug knowledge is insufficient, this additional
context allows the model to better understand how the buggy
function fits within the broader codebase. The fact that both
models improve across bug types suggests that repository
knowledge is generically beneficial. Moreover, Llama 3.3
continues to show stronger consistency in this layer, with
higher Pass@k scores across all bug types. This suggests that it
may be better equipped to take advantage of deeper contextual
code information when available compared to GPT-4o-mini.

Fig. 3. Comparison of Patch Generation with Repository Knowledge Layer
Injected to LLMs. Bug #116 in Project Pandas

To better understand how repository-level information con-
tributes to bug repair, we manually analyzed the additional
bugs solved in this layer (28 by Llama and 24 by GPT-4o-
mini). For every fixed bug, we examined the structure and
logic of the buggy function, the additional context retrieved
at the current layer, the generated patch and corresponding
test outcomes, and then assessed whether the added context
plausibly enabled the fix. Manual analysis was done by the
first author, and findings were refined through collaborative
thematic analysis with the other authors during group dis-
cussions, from which we derive the reported patterns and
insights. We found that structural dependencies, related files,
and commit history provide crucial missing context that helps
LLMs infer the intended behavior of the code and produce
accurate fixes. For example (Figure 3), a Program Anomaly
bug from pandas [49] required changing “index.values” to
“index. values” in one of the lines. In the Bug Knowledge
Layer, Llama was unaware of “ values” as a valid attribute
due to its absence in the local context. However, the structural
dependencies and the latest commit affecting the function
added additional relevant information, and Llama was able
to understand the correct usage and generate the right patch.
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TABLE III
PERFORMANCE OF KNOWLEDGE INJECTION LAYERS BY BUG TYPE

Bug Type\LLM GPT-4o-mini Llama 3.3
Bug

Knowledge Layer
Repository

Knowledge Layer
Project

Knowledge Layer
Bug

Knowledge Layer
Repository

Knowledge Layer
Project

Knowledge Layer
AVG

Pass@1
AVG

Pass@3
%Fixed

Bugs
AVG

Pass@1
AVG

Pass@3
%Fixed

Bugs
AVG

Pass@1
AVG

Pass@3
%Fixed

Bugs
AVG

Pass@1
AVG

Pass@3
%Fixed

Bugs
AVG

Pass@1
AVG

Pass@3
%Fixed

Bugs
AVG

Pass@1
AVG

Pass@3
%Fixed

Bugs
Program
Anomaly 0.34 0.47 60%

(113/187) 0.35 0.50 67%
(126/187) 0.35 0.50 68%

(129/187) 0.41 0.53 62%
(117/187) 0.43 0.57 70%

(132/187) 0.43 0.59 76%
(142/187)

Network 0.43 0.55 68%
(32/47) 0.48 0.62 78%

(37/47) 0.48 0.63 80%
(38/47) 0.53 0.65 72%

(34/47) 0.57 0.69 76%
(36/47) 0.57 0.71 78%

(37/47)

GUI 0.30 0.40 57%
(16/28) 0.32 0.46 64%

(18/28) 0.37 0.52 75%
(21/28) 0.44 0.53 57%

(16/28) 0.51 0.64 71%
(20/28) 0.51 0.70 82%

(23/28)

Configuration 0.48 0.60 70%
(24/34) 0.52 0.65 76%

(26/34) 0.52 0.65 76%
(26/34) 0.68 0.77 85%

(29/34) 0.70 0.81 94%
(32/34) 0.70 0.82 97%

(33/34)

Performance 0.50 0.64 75%
(12/16) 0.53 0.70 81%

(13/16) 0.53 0.70 81%
(13/16) 0.51 0.60 62%

(10/16) 0.58 0.74 87%
(14/16) 0.58 0.74 87%

(14/16)
Permission/
Deprecation 0.0 0.0 0%

(0/2) 0.10 0.26 50%
(1/2) 0.10 0.26 50%

(1/2) 0.40 0.50 50%
(1/2) 0.40 0.50 50%

(1/2) 0.40 0.50 50%
(1/2)

Overall 0.38 0.50 62%
(197/314) 0.40 0.54 70%

(221/314) 0.40 0.55 73%
(229/314) 0.47 0.58 65%

(207/314) 0.50 0.63 74%
(235/314) 0.50 0.65 79%

(250/314)

These patterns extend to other bug types as well. In a
Performance bug in the luigi project [50], the solution involved
setting “record task history=False” in a call to “CentralPlan-
nerScheduler”. In the previously generated patches, the LLMs
tried to guess what the right call to the class is, even halluci-
nating non-existent variables such as “self. config”. Once ad-
ditional knowledge like the “CentralPlannerScheduler” class
was injected into the prompt through structural dependency
analysis, the LLMs were able to generate correct patches. In
a Network bug from the fastapi project [51], injecting the def-
inition of the “HTTPException” class likely enabled GPT-4o-
mini to understand its internal structure and generate correct
patches that handle the network error properly. Similarly, in a
GUI bug from matplotlib [52], the addition of usage examples
from co-occurring files along with recent changes to the buggy
function provided additional clues about its correct behavior
and helped the model identify the underlying issue.

Collectively, these cases show that effective LLM-guided
bug repair often needs more than isolated code snippets; it
requires situating the buggy function within the larger repos-
itory context. Structural and historical insights can provide
the missing links that allow LLMs to reason more effectively
about how to fix buggy code across different bug types.

C. RQ3: How does injecting project-level knowledge further
enhance LLM-based repair of different bug types?

Results. The third row of Table II shows the results after
fixing the unresolved bugs after the Repository Knowledge
Layer using additional project-level knowledge in the Project
Knowledge Layer (79 unresolved bugs for Llama and 93 for
GPT). With this final layer of knowledge injection, Llama
3.3 successfully fixes 15 more bugs, increasing its overall
fix rate to 79%, 5% more than the previous layer. GPT-4o-
mini shows a 3% improvement, fixing 7 additional bugs and
reaching a 73% fix rate. Both models show marginal gains in
Pass@1, while improvements are more noticeable in Pass@3
and Pass@5, with 2–3% increases for each. This suggests
that, while project-level knowledge may not frequently enable
models to solve a bug on the first attempt, it increases
the likelihood of success with subsequent attempts. This is
especially important for agentic APR workflows where fixes
are often generated through iterative attempts [53], [54]. While

project context is not a silver bullet, it can boost a model’s
ability to converge on a correct fix when earlier layers fail.

The impact of project-level knowledge varies across bug
types. As shown in Table III, Llama sees improvements in
10 additional Program Anomaly, 1 Network, 3 GUI, and 1
Configuration bug. GPT-4o-mini, in comparison, fixes 3 more
Program Anomaly, 1 Network, and 3 GUI bugs. Neither model
shows any improvement on Performance or Permission/Dep-
recation bugs in this layer.

Discussion. Project-related knowledge, such as documenta-
tion and past resolved issues, offers nuanced, high-level con-
text that can be valuable for certain types of bugs that require
understanding of API behavior, developer intent, or project-
specific usage constraints. However, its benefits seem more
limited for bugs requiring low- to mid-level understanding
of the system, such as performance tuning. Moreover, the
effectiveness of this knowledge depends heavily on how well
a project maintains its documentation and issue reporting.

To better understand the impact of the Project Knowledge
Layer, we manually analyzed the newly fixed bugs in this
layer, 15 for Llama 3.3 and 7 for GPT-4o-mini, and exam-
ined the generated patches. Our analysis followed the same
methodology outlined in RQ2, examining how the additional
project-level context contributed to successful repair. This was
done by the first author, and the findings were refined through
collaborative discussions with all authors. For example, in a
Program Anomaly in the youtube-dl project [55] (Figure 4),
the root cause was a regex pattern failing to handle edge cases
like integers beginning with zero. Our documentation queries
returned a precise constraint: “The function must recognize and
convert integers in both decimal and hexadecimal (prefixed
with 0x or 0X) and octal (prefixed with 0)”. Combined with the
buggy function and relevant API context, this likely enabled
the model to generate correct patches.

We have noticed similar behaviors for other bugs. In a
Network bug from scrapy [56], the issue involved handling
requests to “robots.txt” that triggered a “KeyError”. Past re-
solved issues were likely useful here. One prior issue described
a similar error scenario with the recommendation: “Implement
better error handling to ensure that the function handles
cases where netloc might not exist in self. parsers”. With this
context, the model correctly applied error handling to resolve
the bug. A similar benefit was observed in a Configuration
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bug [57], where the fix required adjusting how command
arguments were preserved. Information from past resolved
issue threads emphasizing concerns such as “Correct Output
Handling”, particularly around capturing error messages, and
suggestions like “Preservation of Original Command Argu-
ments” likely guided the model toward a fix.

These examples show that project-level context fills in
semantic gaps left by local and repository layers. When well-
curated, this layer enables LLMs to reason at a higher level,
aligning fixes not just with code structure but with project-
specific behaviors and expectations.

Fig. 4. Comparison of Patch Generation with Different Layers Injected to
LLMs for Bug #26 in Project Youtube-dl

In addition to our hierarchical injection strategy, we com-
pare our approach with an additional baseline where contextual
knowledge from all three layers is injected simultaneously, i.e.,
at the same time, for each bug. As shown in the last two rows
of Table II), both LLMs perform worse for all Pass@k metrics
when provided with all the layers’ information at once. In
terms of the overall percentage of bugs fixed, Llama 3.3 has a
fix rate of 65%, identical to its performance using only the first
layer, but inferior to the hierarchical configurations that use the
repository knowledge and then the project knowledge. GPT-
4o-mini performs substantially worse: it fixes 14% fewer bugs
compared to its bug-level configuration. These results suggest
that providing all information upfront may prevent the model
from distinguishing the most relevant context information for a
bug, leading to degraded performance. This further highlights
the advantage of our hierarchical approach, which allows the
model to solve simpler bugs early using minimal context and

reserves broader information for more context-hungry bugs
that truly require it.

D. RQ4: Which bug types remain challenging for LLMs, even
after injecting all layers of contextual knowledge?

Results. After applying all layers of contextual knowledge,
GPT-4o-mini still fails to fix 85 bugs, consisting of 58 Program
Anomaly, 9 Network, 7 GUI, 8 Configuration, 3 Performance,
and 1 Permission/Deprecation bug. Llama leaves 64 bugs
unresolved, consisting of 45 Program Anomaly, 10 Network, 5
GUI, 1 Configuration, 2 Performance, and 1 Permission/Dep-
recation bug. In total, the union of unresolved bugs across both
models results in 99 unique cases, with 50 bugs overlapping,
indicating a shared set of challenging bugs that neither model
could solve. We analyze the union of all unresolved bugs
across both models (99 bugs).

First, we report how many of the five additional pieces
of context at the repository-level (Structural Dependencies,
Co-occurring Files, Latest Changes) and project-level (Docu-
mentation, Issue Resolution History) were available and thus
successfully injected for each unresolved bug (Table IV).
Of the 99 bugs, 39 received all five pieces of information,
40 were missing one, 18 were missing two, and 2 were
missing three. Among the missing elements, Co-occurring
Files and Structural Dependencies were the most frequently
absent, suggesting that many of these buggy functions are
isolated, either not calling or being called by other parts of
the codebase. The same pattern is also observed when looking
at the intersection of the unresolved bugs between the two
models. Out of the 50 overlapping bugs, only 20 bugs have
all the information, 21 were missing one, 8 were missing two,
and 1 was missing three, with Structural Dependencies and
Co-occurring Files the most frequently absent information.

TABLE IV
MISSING INFORMATION IN REPOSITORY AND PROJECT LAYERS FOR

UNRESOLVED BUGS

Unresolved Bugs
In both Models

Have All
Information

Missing
1 Information

Missing
>1 Information

Union (N=99) 39 (39%) 40 (41%) 20 (20%)
Intersection (N=50) 20 (40%) 21 (42%) 9 (18%)

Table V summarizes the comparison of unresolved bugs
and fixed bugs by complexity metrics. Unresolved bugs con-
sistently exhibit higher complexity across all metrics. To
quantify the magnitude of difference, we report Cohen’s d.
For example, Cyclomatic Complexity shows a Cohen’s d of
–0.24, indicating a small to medium effect size with higher
complexity in unresolved bugs. Among these, the difference in
Lines of Code is statistically significant (p-value=0.02), while
Cyclomatic Complexity and Halstead Difficulty are borderline
significant with p-values of 0.05 and 0.06, respectively. The
Maintainability Index is higher for fixed bugs, but the differ-
ence is not statistically significant based on the test.

Discussion. Unresolved bugs are not randomly distributed;
they cluster around specific bug types and higher complexity
profiles. In particular, Program Anomaly, Network, and GUI
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bugs remain the most challenging for both models, even after
all layered contextual knowledge is injected. These categories
often require a deeper understanding of data flow, or even
network and user-facing behavior that is not always available.
There is a level of interaction and feedback needed, especially
in the case of GUI and Network bugs, to guide the generation
of plausible patches with LLMs. In many cases, the buggy
function is also too isolated to connect with useful information
elsewhere in the codebase. Over 66% of unresolved bugs
lacked one or more pieces of injected repository or project-
level context, limiting the model’s ability to see the full picture.
An example of this can be seen in a GUI bug from the
matplotlib project [58]. The buggy function in this case is
209 lines long, has moderate complexity, and is structurally
independent from the rest of the codebase. Fixing a bug at this
level likely requires an interactive approach that allows the
model to observe the effects of its edits. This showcases the
limitations of static prompting and suggests that integrating
LLMs into agentic or feedback-driven APR systems, where
edits can be tested, observed, and refined, may be essential
for handling such bugs.

This observation is further strengthened by our complexity
analysis. Unresolved bugs consistently exhibit higher Cyclo-
matic Complexity and Lines of Code. This suggests that bugs
involving more branching logic, nested control structures, or
longer functions may be harder for LLMs to reason about.
Higher Halstead metrics for unresolved bugs indicate in-
creased cognitive load, reinforcing the idea that LLMs struggle
with dense, logic-heavy functions that require precise coordi-
nation across multiple code elements. These results highlight a
key limitation of current LLMs: while they can pattern-match
and generate plausible fixes in simpler scenarios, they fall short
when deeper semantic understanding or multi-step reasoning is
required. Addressing these limitations will require advances in
model reasoning capabilities and how contextual information
is retrieved for isolated and specific types of bugs.

TABLE V
COMPLEXITY OF UNRESOLVED BUGS. STATISTICALLY SIGNIFICANT (*)

Metric Fixed Bugs
Mean

Unresolved Bugs
Mean Cohen’s d u-test

P-value
Cyclomatic
Complexity 9.29 12.14 -0.24

(Unresolved>Fixed) 0.05

Lines of Code
(LOC) 49.8 65.32 -0.24

(Unresolved>Fixed) 0.02*

Halstead
Volume 136.4 168.34 -0.11

(Unresolved>Fixed) 0.10

Halstead
Difficulty 2.63 3.08 -0.15

(Unresolved>Fixed) 0.06

Halstead
Effort 954.0 1323.63 -0.11

(Unresolved>Fixed) 0.08

Maintainability
Index 73.4 72.57 0.05

(Unresolved<Fixed) 0.73

V. THREATS TO VALIDITY

Construct Validity. A threat to construct validity might
arise from the manual bug type annotations. To mitigate this
threat, we used an iterative coding process including multiple
rounds of discussion and conflict resolution. Each annotator
has 3+ years of experience in programming and qualitative

research. We also observed a high Cohen’s Kappa inter-rater
agreement of 0.8, indicating strong agreement [19].

Internal Validity. The training data of proprietary LLMs is
not fully disclosed. This limits our ability to verify whether
specific bugs or repository content existed in the models’
pre-training data. However, our study focuses on the relative
effectiveness of different knowledge injection layers, not on
absolute performance. For example, for a given bug, if the
repository knowledge layer leads to a successful fix where
the bug knowledge layer does not, the observed improvement
is attributed to the additional injected context, regardless of
whether the model has seen the bug before. This design
isolates the impact of contextual knowledge and mitigates the
influence of potential leakage. To further strengthen our anal-
ysis, we evaluate two architecturally distinct models (Llama
3.3 and GPT-4o-mini), reducing the likelihood that any results
hinge on the behavior of a single LLM. Moreover, a recent
investigation into benchmark leakage [59] using the LLM Star-
Coder found only 11% leakage rate in the BugsInPy dataset.
While our study does not use StarCoder, it is likely that if
leakage exists, it is limited and unlikely to dominate outcomes.
Lastly, while we curated our layered knowledge based on
insights from the APR literature, our layers do not represent
an exhaustive set of all potentially useful information. Future
work may explore alternative or additional forms of contextual
input to further refine LLM-based APR.

External Validity. Our findings may not generalize to all
LLMs. However, to improve generalizability, we evaluated two
distinct models: Llama 3.3 (70B parameters) and GPT-4o-
mini (∼8B parameters). This allows us to test our framework
across models with different scales and capabilities [60], and
observe consistent trends in performance improvements across
knowledge layers. We also acknowledge that the distribution of
bug types in our dataset is imbalanced. Underrepresented cat-
egories (e.g., Permission/Deprecation) may not yield insights
that are broadly applicable to those bug types.

VI. RELATED WORK

Prompt Engineering and In-context Learning for APR.
Recent research has explored a wide range of techniques to
enhance the effectiveness of LLMs in fixing software bugs, in-
cluding prompt engineering, fine-tuning, and context injection.
Xia et al. [61] first showed that prompting LLMs with buggy
functions, without any additional context or customization,
outperforms traditional APR tools. Building on this, MMAPR
[62] and RING [63] applied prompt learning for syntactic
and multi-language repair, while InferFix [64] used few-shot
prompting to fix static analysis issues. These early systems
focused on local bug context and overlooked broader project-
level information. The limitations of LLMs became more
apparent with the release of the SWE-Bench dataset [65],
which includes real-world bugs from large projects. Initial
attempts showed low success rates (around 2%), even when
LLMs were provided with the localized buggy functions and
asked to generate repairs [65]. Ehsani et al. [27], [66] found
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that different prompting strategies (e.g., chain-of-thought, tree-
of-thought) do not yield substantial improvements in bug
resolution tasks, suggesting that merely tweaking prompt
structure is not enough. To address this, researchers explored
integrating richer context. Fan et al. [67] showed that fault
localization signals improve fix accuracy. ChatRepair [23]
introduced interactive prompting using failing test names and
assertions. Other studies found that including local bug con-
text [1], relevant identifiers [2], [68], and structured cues from
stack traces [24], [69] improves repair quality. Contextual cues
from bug reports and issue descriptions have also been shown
to enhance performance [26], as has incorporating historical
signals such as previous blame commits [10]. Building on
these ideas, Parasaram et al. [9] proposed MANIPLE, a tool
that selects and adds bug-related facts into LLM prompts.
Their results showed significant gains over naive prompting,
especially when space in the context window was limited.

Agentic and Iterative Workflows for APR. Recent work
has moved beyond static prompting toward agent-based [53]
and iterative workflows to enhance LLM-based APR. These
systems perform multi-round querying, reasoning, and context
retrieval to explore large codebases and refine patches [3].
OpenHands [70] combines multi-query prompting with agents
in sandbox environments to test and validate fixes. Au-
toCodeRover [54] uses hierarchical code search to support
bug localization and patch generation. Both tools show per-
formance gains on SWE-Bench, highlighting the value of
interactive, repository-aware workflows. Iterative approaches
have also proven promising. Ruiz et al. [71] used self-iterative
prompting, allowing LLMs to refine patches across up to
10 rounds, yielding up to 78% improvement in generating
plausible patches. Similarly, Yang et al. enhanced prompt qual-
ity and precision by integrating repository-level knowledge
graphs [72]. Other works have explored integrating multiple
LLMs and tool agents into a unified APR pipeline [73].

Overall, while prior work advanced LLM-based APR, it
often (1) limits context to the immediate bug, (2) treats all bugs
the same, and (3) relies on black-box agentic methods that
lack interpretability. We address these gaps with a transparent,
deterministic, layered knowledge injection framework that
incrementally adds bug, repository, and project-level context,
enabling fine-grained analysis across bug types.

VII. CONCLUSION AND FUTURE WORK

We introduced a layered knowledge injection framework
for LLM-based APR, addressing key limitations in previous
work that focused narrowly on isolated local bug context
while ignoring the broader structure of real-world software
systems. Our approach iteratively injects bug, repository, and
project-level contextual information into prompts, enabling
more effective and context-aware repair across a diverse set
of bug types. Our results confirm the hypothesis posed in our
motivating example: one of the missing pieces in LLM-based
APR is a deeper understanding of repository and project con-
text. We observed consistent gains in both #fixed and Pass@k
scores across layers for both Llama 3.3 and GPT-4o-mini, with

Llama achieving a 79% fix rate, a significant improvement of
23% over prior work [9]. All bug types showed improvement
from Bug Knowledge Layer to Repository Knowledge Layer,
while only a subset (Program Anomaly, Network, and GUI)
further benefited from Project Knowledge Layer. Injecting all
contextual information at once underperformed our layered
strategy for all bug types, reinforcing the importance of in-
cremental, context-aware knowledge injection for maximizing
repair performance.

Error analysis shows that the remaining unresolved bugs are
more complex, structurally isolated, or dependent on particular
behavior like user interactions and edge-case reasoning, espe-
cially for Program Anomaly, Network, and GUI bugs. Future
work will focus on integrating our approach with agentic work-
flows, such as OpenHands [70], which can actively navigate
codebases and incorporate feedback during repair. Combining
structured context injection with dynamic, feedback-driven
reasoning could lead to more adaptive and effective repair
systems. Additionally, project-specific fine-tuning on relevant
repositories can further improve model alignment with code
conventions and domain-specific behavior, leading to more
accurate and reliable repairs in complex software systems.
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