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Abstract

The rapid advancement of bug-finding techniques has led to the discovery of more
vulnerabilities than developers can reasonably fix, creating an urgent need for
effective Automated Program Repair (APR) methods. However, the complexity
of modern bugs often makes precise root cause analysis difficult and unreliable.
To address this challenge, we propose crash-site repair to simplify the repair task
while still mitigating the risk of exploitation. In addition, we introduce a template-
guided patch generation approach that significantly reduces the token cost of Large
Language Models (LLMs) while maintaining both efficiency and effectiveness.

We implement our prototype system, WILLIAMT, and evaluate it against state-of-
the-art APR tools. Our results show that, when combined with the top-performing
agent CodeRover-S, WILLIAMT reduces token cost by 45.9% and increases the
bug-fixing rate to 73.5% (+29.6%) on ARVO, a ground-truth open source software
vulnerabilities benchmark. Furthermore, we demonstrate that WILLIAMT can
function effectively even without access to frontier LLMs: even a local model
running on a Mac M4 Mini achieves a reasonable repair rate. These findings
highlight the broad applicability and scalability of WILLIAMT.

1 Introduction

Modern software systems are extremely complex. While this ever-increasing complexity en-
ables richer functionality, it simultaneously introduces a significant number of (exploitable) vul-
nerabilities [32, [3} 4} 23] 41} 29] 152]]. To proactively safeguard users from malicious threats,
fuzzing [58, [12} 25,162, |61]] emerged to automate the bug finding. Over the years fuzzing demon-
strated its extreme usefulness and efficiency even in the most complex and security-critical systems,
including but not limited to web browsers [55} 163\ |19} 150]], Linux kernels [[17, [13]], MacOS [65} 571,
Hypervisors [35} 27, 15, 28] and Trust Execution Environments [31]. However, the advancements
in fuzzing also increase demands on developers tasked with fixing the discovered vulnerabilities.
For example, despite extensive maintenance efforts, more than 1,500 kernel bug reports remain
unresolved on Syzbot [44]. Modern fuzzers uncover vulnerabilities at a pace that far outstrips the
ability of developers to address them. What is worse, the process of fixing bugs requires renewed
fuzzing efforts to check the fixes, which in turn often reveals additional bugs.

This growing discrepancy between the bug discovery and bug fix rate has led to a backlog that
exceeds developers’ capacity to triage and remediate effectively [24]. These challenges underscore
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the urgent need for Automated Program Repair (APR) solutions. Even imperfect, such solutions
would significantly improve the security of our systems and allow the developers to focus on the most
complex of bugs. Recent advancements in Large Language Models (LLMs) [47, 26} 20, [1}134] offer
a promising direction for addressing this challenge. Leveraging the capabilities of LLMs, a variety of
novel Automatic Program Repair (APR) techniques have emerged [60} 22, 21,145} 59]).

Despite their promise, current APR agents struggle as they attempt to address bugs by identifying and
fixing their root causes. This strategy is often impractical — root cause analysis is inherently complex,
if not impossible, and typically requires expensive, heavyweight LLM backends, making it difficult
for individual developers to adopt and deploy these solutions at scale. Moreover, root cause analysis
relies on the LLMs’ ability to accurately perform multiple reasoning tasks [59, 60]], and imprecision
in any of these stages can necessitate repeated attempts at repair [S4]], further increasing the number
of LLM queries and the associated runtime costs.

In contrast to these imprecise, high-cost root-cause-oriented methods, in this paper we advocate
for an alternative lightweight, ad-hoc repair approach that prevents immediate exploitation [§]]
rather than fixing the bug at the root cause. Root-cause fixes often require a deep understanding
of the program and complex code changes in components that may not appear in the crash stack,
whereas crash-site fixes are quicker and can block exploitation by adding a simple assertion right
before crash site. This thereby grants developers more time for an in-depth investigation while the
immediate threat is contained. To this end, we propose WILLIAMT, a new template-based APR agent
specifically designed to repair memory corruption vulnerabilities given a Proof-of-Concept (PoC)
input. WILLIAMT is inspired by the folk hero William Tell who had, under pressure, one shot to
hit an apple on his kid’s head. Similarly, WILLIAMT aims for "one-shot" fixes to promptly block
exploitation. WILLIAMT operates by taking fuzzer-generated PoCs and Sanitizer outputs [40] as
input. It employs a regular-expression-based method for both fault localization and patch generation,
reserving LLM usage exclusively for root cause analysis when necessary. By minimizing reliance on
LLM:s and constraining their outputs via predefined bug templates, WILLIAMT substantially reduces
query costs and enables deployment with smaller and cheaper LLMs. This makes WILLIAMT a
scalable and practical APR solution, particularly suitable for resource-constrained environments.

We leverage ARVO [30], a ground-truth open source software vulnerability benchmark for our
evaluation and compare WILLIAMT against state-of-the-art APR agents based on LLMs. While
the CodeRover-S [60] is the best-performing agent, WILLIAMT reduces its token usage by 99.7%
while retaining over 86.7% of the CodeRover-S. Moreover, when combined with CodeRover-S,
i.e., fixing using WILLIAMT and forward the unfixed bugs to CodeRover-S, the optimized pipeline
reduces token cost by 45.9% and improves the fixing rate by 29.6% compared to CodeRover-S
alone. We further extend WILLIAMT to work with both cutting-edge and local LLMs. Our findings
indicate that WILLIAMT not only integrates effectively with frontier LLMs but also scales efficiently
when deployed with local models running on a Mac Mini, demonstrating its broad applicability and
scalability. To sum up, our contributions are:

* We propose crash-site repair to avoid complex and imprecise root cause analysis.

* We introduce a template-guided patch generation technique to reduce LLM inference cost.

* We implement and evaluate WILLIAMT, demonstrating that—when combined with a leading
SoTA method—it achieves a 45.9% cost reduction and a 29.6% increase in fixing precision.

* We promise to fully release WILLIAMT upon paper acceptance to support open science.

2 Background

2.1 LLM-Based Program Repairing

The emergence of Large Language Models (LLMs) has inspired researchers to explore their potential
in enabling agents for Automatic Program Repair (APR). In contrast to earlier approaches that
relied on supervised model training or LLM fine-tuning [49, [7, [11} 22]], agent-based methods benefit
directly from the continual advancements in foundational LLMs [31} [18}, 26} |20, |1} 148l |56, without
necessitating additional manual tuning.

To further reduce the pretraining and fine-tuning costs, recent efforts have proposed agent-based
APR frameworks [53|154]]. These frameworks typically consist of three core components, as depicted



W —

SoTAs =, . . @

With Regex

= 1 1
Context =) | Root Cause Patch | Patch ( Y
v Generate
G Retrieval Bug | Analysis Generation || Patch Validation \@
Bug —> Context | —— —> Final
Report  —— ! Patch
With LLM '\ with LLM 'Regenerate \_ With (LM
WilliamT ’ Template-Guided Patch Generation \\l
= .
= . LLM-based
Context IiT@ Crash Site P: é : g I:] component
@ Bug PoC | Retrieval Bu Analysis Generation | ! Q)
g Key I
. ( *) Context Variables 1~ One-Shot
2225, Repmduce . —_— ! Patch D non-LLM
Environment With LLM + With : component
!

Template

Template

Figure 1: Workflow of Current LLM-based Program Repairing Agents vs WILLIAMT. ' stands for
the LLM components while means non-LLM modules.

// stack/heap/global buffer 1 // buffer is invalid
type *buf = get_buffer (SIZE); - invalid_buffer (buf);
// idx < 0 or >= SIZE 3 // reuse the content in buffer
type value = buf[idx]; . type value = buf [idx];
(a) Spatial Memory Corruption (b) Temporal Memory Corruption

Figure 2: Example Memory Corruption Vulnerabilties.

in First, the agent processes the bug report, retrieves relevant context, and submits it to the
LLM for root cause analysis and patch generation. The generated patch is then passed back to the
LLM for validation. If the patch fails validation, the process iterates, returning to the patch generation
phase, until a satisfactory patch is produced.

However, current agents delegate all four steps—retrieval, root cause analysis, patch generation, and
validation—entirely to LLMs. This results in a substantial increase in token consumption. Moreover,
the quality of each module’s output is highly dependent on the size and capacity of the underlying
LLM, making it impractical to deploy such agents using lightweight or locally hosted models. This
challenge highlights the need for a more efficient agent architecture that can scale with smaller LLMs,
while minimizing reliance on the model’s capacity and reducing overall token consumption.

2.2 Memory Corruption Vulnerabilities and OSS-Fuzz Benchmarks

Over the past 30 years, memory corruption vulnerabilities remain critical in modern software sys-
tems [33] 146, 42]. This persistence underscores the importance of APR tools and their ability to
address such vulnerabilities. Consequently, the capability to fix memory corruption bugs has become
a key metric for evaluating APR tools.

Memory corruption vulnerabilities can be broadly divided into two major categories [36]: spatial
and temporal memory corruptions (Figure 2)). Spatial memory corruption occurs when a program
accesses memory outside the bounds of an allocated buffer. These accesses can involve the stack,
heap, or global memory regions. Temporal memory corruption, on the other hand, results from
accessing a buffer that has been deallocated or is no longer valid at the time of access. This includes
accessing an already-freed heap buffer or a returned stack buffer that is no longer valid.

Memory corruption bugs are prevalent in open-source software and often propagate into security-
critical systems such as Chrome and iOS [38} [39]. To mitigate these risks, Google introduced
OSS-Fuzz [[16]], a continuous fuzzing infrastructure designed to test open-source software (OSS) at
scale and protect users against potential vulnerabilities. As of now, OSS-Fuzz has discovered and
helped fix over 36,000 bugs— many of which were memory-related [6]. This rich and diverse dataset
makes OSS-Fuzz an ideal benchmark for evaluating APR tools. ARVO [30], inspired by OSS-Fuzz,
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// [1] crash site: yy_c >= sizeof (yy_current_state)
// /src/igraph/build/src/io/parsers/dl-lexer.c:3536

3 (yy_trans_info = &yy_current_statel[yy_c])->yy_verify == yy_c;

|
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// [2] root cause: wrong compile flag

// /src/CMakelLists.txt

- COMPILE_FLAGS "${flex_hide_line_numbers} -CF -8"
+ COMPILE_FLAGS "${flex_hide_line_numbers} -Cf -8"

Figure 3: Root Cause and Crash Site of Bug 66992.

reconstructs and curates a reproducible dataset of OSS bugs specifically tailored for APR evaluation.
Compared to other ground-truth memory corruption datasets [[14} 10, 2], ARVO automates the entire
compilation pipeline and ensures reproducibility. This automation facilitates fair and consistent
comparisons across different APR tools.

3 Primer on Bug Fixing

The objective of automated program repair (APR) tools can be broadly categorized into three
progressive stages: gracefully crashing, bailing out and aborting the function, and fixing the root
caus of the bug. In the first stage, the primary goal is to prevent potential exploitation. Patches at
this level may terminate program execution immediately upon detecting a fault, thereby avoiding
the execution of potentially dangerous code paths. In the second stage, patches aim to handle the
error more gracefully by returning appropriate error codes or statuses to the caller. This ensures the
program remains operational and that the presence of a bug does not compromise overall system
availability. Finally, the most desirable stage involves addressing the root cause of the bug, thereby
preventing the fault from occurring in the first place. This level of repair reflects a complete and
semantically correct fix that preserves both safety and functionality.

While many agent-based APR tools aim to address vulnerabilities at their root cause, this is not
always practical. In real-world scenarios, APR systems typically operate on limited inputs—either a
natural language bug report or a sanitizer-generated crash report—which only provide information
about the crash site. However, the root cause may reside in an entirely different source file or even
in a separate component of the system. For instance, in the case illustrated in a global
buffer overflow vulnerability arises in the igraph library due to the index variable yy_c exceeding the
bounds of the global array yy_current_state. Importantly, this code was not manually written but
automatically generated by flex. The true root cause lies in the incorrect use of compilation flags,
which the developer ultimately resolved by modifying the CMakefile. This example demonstrates that
effective repair sometimes requires cross-domain analysis across build systems, code generators, and
runtime behaviors—capabilities that are beyond the scope of current large language models (LLMs),
due to limitations in contextual capacity and abstract reasoning.

To address this challenge, we draw inspiration from Chrome’s development guide [8]], which recom-
mends inserting CHECK statements (i.e., assertions) to mitigate the risk of exploitation before a root
cause fix is available. This strategy transforms potentially exploitable vulnerabilities into intentional,
controlled crashes, giving developers time to implement a permanent solution.

Building on this principle, WILLIAMT directly inserts the patches before crash site by leveraging the
predefined templates and crash site analysis (as illustrated in [Appendix B)). Specifically, we focus on
four widely prevalent categories of exploitable vulnerabilities [30]: Heap-Buffer-Overflow (HBO),
Global-Buffer-Overflow (GBO), Stack-Buffer-Overflow (SBO), and Heap-Use-After-Free (UAF).
Each category is associated with a template that encapsulates common crash patterns and patch
strategies. This crash-site repair paradigm significantly simplifies the complexity of bug fixing and
circumvents the need for precise root cause localization. As a result, WILLIAMT achieves comparable
repair effectiveness while requiring fewer than 1% of the LLM queries typically consumed by root-
cause-based systems, making it more scalable to resource-constrained or local LLM environments.



4 WILLIAMT Design

We propose WILLIAMT, a lightweight and scalable system designed to eliminate the excessive
query cost associated with LLMs, scaling APR agents to smaller model. WILLIAMT takes as input a
ClusterFuzz-generated Proof-of-Concept (PoC) [15] and a reproducible Docker image as input, finally
produces a one-shot patch for the vulnerable program. WILLIAMT comprises two main components:
Regex-Based Context Retrieval and Template-Guided Patch Generation, as illustrated in [Figure 1]

Regex-Based Context Retrieval. By reproducing the PoC within the provided Docker environment,
WILLIAMT utilizes the sanitizer report [40]] to identify the crash site through regex-based matching.
This approach offloads the context extraction task from token-intensive LLM queries, significantly
improving performance and scalability. While the crash site is not always equivalent to the true
root cause, generating a patch just before the crash point is sufficient to mitigate exploitation [8]].
Therefore, WILLIAMT provides the LLM agent with a focused context surrounding the crash site.

We include technical implementations in

Template-Guided Patch Generation. Directly prompting an LLM to generate a fix often results in
arbitrary and inconsistent outputs, highly dependent on the LLM’s internal capabilities. To address
this, WILLIAMT categorizes each bug based on its memory corruption type (e.g., , heap-buffer-
overflow, global-buffer-overflow, stack-buffer-overflow, heap-use-after-free). For each bug category,
WILLIAMT selects a predefined patch template and guides the LLM to identify only the key variables
relevant to the patch. This template-based constraint significantly reduces the LLM’s cognitive burden
by offloading most of the patch generation logic, requiring the LLM only to perform minimal crash
site analysis. We provide concrete details in This agent design enables smaller LLMs to
achieve reasonable performance with significantly reduced resource requirements.

5 Evaluation

We evaluate WILLIAMT to answer the following research questions (RQs): 1) RQ1: Does WILLIAMT
outperforms other SoTAs in terms of bug fixing capability? 2) RQ2: Does WILLIAMT scale on
smaller LLMs? 3) RQ3: What kind of bugs does WILLIAMT and SoTAs fix?

Benchmark Selection. We utilize ARVO [30], a high-quality dataset comprising over 5,000 ground-
truth memory corruption bugs drawn from more than 250 real-world software projects. In contrast
to manually constructed benchmarks [9] or non-reproducible datasets [2 [10], ARVO ensures that
all bugs are both ground-truth and reproducible. Moreover, each bug in ARVO originates from
OSS-Fuzz [16], thereby closely aligning the dataset with real-world vulnerability discovery scenarios.
Specifically, we choose all HOF, SOF, UAF and GOF bugs (358 bugs) that can be compiled within
15 minutes following the recommended practice [60].

Repair Metrics. We classify the fix into following categories [21} [60]: No Code: the code is
generated by build system; No Patch: LLM failed to generate patch or the patched program does not
compile; Implausible: patched program compiles but still crashes when running with PoC; Plausible:
patched program does not crash when taking the PoC as input. We consider the plausible rate as the
successful fixing rate to align with other SoTAs [60].

Evaluation Setup. All our agents are running on a Ubuntu 22.04 server equipped with AMD EPYC
7302P and 64GB RAM. We use the official APIs to access the frontier LLM models and run local
LLMs on a RTX 4090 GPU. We also test the local model Gemma3:4b on Mac Mini M4 (16 GB
RAM) and it performs on par to RTX 4090, illustrating WILLIAMT s scalability.

LLM Selection. We select DeepSeek (V3, R1), ChatGPT (40, 03-mini), Claude (3.5-Haiku, 3.7-
Sonnet) as frontier LLM baselines, and choose Gemma3 (27B, 12B, 4B, 1B) as local LLMs.

5.1 RQ1: Does WILLIAMT Outperforms Other SoTAs?

We compare WILLIAMT against state-of-the-art APR tools, including AutoCodeRover-S [60], Agent-
less [54] and VulMaster [64]. As AutoCodeRover-S is not open-source, we import the fixes provided
by AutoCodeRover-S for all three SoTAs for the same configuration. Additionally, we include
WILLIAMT with same LLM model (gpt-40-2024-08-06) to ensure a fair comparision.
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Figure 4: The fix performance of WILLIAMT (with GPT-40) and other SoTAs [60, 64, [54]. Multiple
means the CodeRover-S takes multiple attempts to find plausible fix.

presents the overall performance comparison. CodeRover-S achieves the highest plausible
fixing rate at 54.5%, followed by WILLIAMT, which successfully fixes 46.1% of bugs. In contrast,
Agentless performs significantly worse, with a fixing rate of 33.8%, and VulMaster resolves only 5
bugs in total. Although WILLIAMT achieves slightly lower fixing performance than CodeRover-S, it
requires a magnitude lower resources. CodeRover-S attempts one patch per trial and conducts up to
three trials per bug [60], which, in total, requires up to 18 attempts. In contrast, WILLIAMT performs
a single trial and applies only one patch throughout the entire fixing pipeline. This one-shot design
significantly reduces computational and token costs compared to the SoTAs.

[Figure 5a)compares the token and time costs between WILLIAMT and CodeRover-S. Both systems
use the GPT-40 model (as of 2024-08-06). However, WILLIAMT incurs an average cost of only
0.0026$ per bug, whereas CodeRover-S requires approximately 0.93$. In other words, WILLIAMT is
able to fix 357 times more bugs per dollar spent, given the same backend model.

This efficiency directly contributes to the significant disparity in repair time between the two systems.
As shown in [Figure 5b] WILLIAMT achieves substantial time savings compared to CodeRover-S.
On average, WILLIAMT completes the entire process—including preprocessing and LLM-based
analysis—in under one minute. In contrast, CodeRover-S requires approximately 43.5 minutes
to complete one task. The key distinction lies in their respective repair strategies. CodeRover-S
employs a multi-iteration repair loop, which not only prolongs compilation time but also imposes
a considerable load on system resources. In contrast, WILLIAMT leverages a single-shot patching
approach that avoids the overhead of repeated recompilation. This design choice significantly reduces
CPU consumption and expedites the overall repair workflow.

RQ1: WILLIAMT saves 97.7% CPU usage and 99.7% Token cost, while preserving over
86.7% performance.

5.2 RQ2: What kind of bugs does WILLIAMT fix?

We begin by analyzing the overlap of plausible fixes among SoTA systems, as shown in[Figure 5c]
Although CodeRover-S fixes slightly more bugs overall than WILLIAMT, the sets of bugs each system
addresses are largely disjoint. In other words, WILLIAMT and CodeRover-S tend to fix different
bugs. Specifically, WILLIAMT successfully resolves 50 bugs that neither CodeRover-S nor Agentless
addresses, while CodeRover-S exclusively fixes 52 bugs. Agentless contributes 15 unique plausible
fixes not covered by either WILLIAMT or CodeRover-S.
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This low overlap highlights the complementary nature of WILLIAMT, suggesting it can be effectively
used in combination with other agents. When using GPT-4o as its backend, WILLIAMT can fix all
358 bugs for under 0.68$—Iess than the cost of fixing a single bug with CodeRover-S.

Moreover, an optimized pipeline—where executing WILLIAMT is first, and applying CodeRover-S
to cases that WILLIAMT fails—achieves 60 additional plausible fixes, i.e., 29.6% improvement in
fixing rate compared to CodeRover-S standalone, while reducing the total cost by 45.9%.

( RQ2: Combining WILLIAMT and SoTA saves 45.9% cost while fixing 29.6% more bugs. )

5.3 RQ3: Does WILLIAMT scale on other LL.Ms?

To prove WILLIAMT’s generality, we try WILLIAMT on different set of LLMs, including DeepSeek
(R1, V3), ChatGPT (40, 03-mini), Claude (3.5-Haiku and 3.7-Sonnet), and local LLMs that can be
deployed on an 4090 GPU or even Mac Mini M4, including Gemma3 (1B, 4B, 12B, 27B).
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Figure 6: The WILLIAMT performance with different LLMs. ds: DeepSeek, gm: Gemma3.

shows the performance of different LLMs. Among all models, Claude35-haiku achieves
the highest fixing rate at 47.5%. Claude37-sonnet and GPT-4o follow closely, with fixing rates of
46.4% and 46.1%, respectively. DeepSeek also performs well, with 159 successful fixes using the
reasoner and 158 using the chat. GPT-03-mini performs slightly lower, fixing 153 bugs and achieving
a success rate of 43.9%.



Focusing on smaller language models, particularly the Gemma3 series, we observe that they perform
comparably well relative to frontier models. Notably, Gemma3:27B ranks second overall, achieving
96.4% of GPT-40’s performance. While the 12B and 4B versions of Gemma3 exhibit a noticeable
drop in performance, they still manage to fix 39.4% and 38.0% of bugs, respectively.

Importantly, the Gemma3:27B model is lightweight enough to run on a single consumer-grade GPU,
such as an RTX 4090, or even on a Mac Mini M4. This demonstrates not only the scalability of
WILLIAMT but also its practical feasibility for deployment on local developer machines.
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Figure 7: Token and Price Cost for different LLMs. ds: DeepSeek, gm: Gemma3.

We further analyze the cost efficiency of various frontier LLM backends. All cost are measured in
cent USD, i.e., 0.01 USD. As shown in[Figure 7] DeepSeek-V3 achieves the highest efficiency, with
a cost of less than 0.03 cent per bug. Claude35-Haiku, while attaining the best fixing performance,
maintains a moderate cost of approximately 0.09 cent per bug. In contrast, reasoning models such
as DeepSeek-R1 and GPT-03-mini exhibit significantly higher costs, at 0.70 cent and 0.72 cent per
bug, respectively—5.7x and 5.9x more expensive than Claude35-Haiku—without providing notable
improvements over non-reasoning LLMs.

The primary reason for the increased cost is the excessive output token. Although all models
consume a similar number of input tokens, their output token consumption varies significantly.
DeepSeek-V3 and GPT-40 generate an average of 131 and 49 output tokens per bug, respectively,
whereas Claude35-Haiku averages 236 output tokens. Among reasoning models, DeepSeek-R1 and
GPT-03-mini produce substantially more output, averaging 3,060 and 1,564 output tokens per bug,
respectively. An exception is Claude-3-7-Sonnet, a hybrid reasoning model that performs on-demand
reasoning. Its average of 191 output tokens suggests that our task setup largely avoids heavy reasoning.
Importantly, this large increase in output tokens does not correlate with better fixing performance. In
fact, Claude35-Haiku, a non-reasoning model, achieves the best results across all models.

These findings highlight the potential of WILLIAMT as an agent: by providing a strong template, it
can eliminate the need for expensive reasoning, enabling non-reasoning models to outperform their
reasoning-based counterparts.

We further decompose the time cost associated with bug analysis in WILLIAMT. As a one-shot
Automated Program Repair (APR) agent, WILLIAMT requires only a preprocessing phase to extract
necessary contextual information—independent of the choice of LLM backend—and a subsequent
LLM-based key variable analysis. The breakdown is illustrated in

On average, the preprocessing takes less than 1 minute, primarily due to Python dependency com-
pilation and source code analysis. We also evaluate the execution time of state-of-the-art LLMs
used for the key variable analysis. Non-reasoning models typically complete this step in under 10
seconds, whereas reasoning-capable models range from 13 seconds (i.e., 03-mini) to 120 seconds (i.e.,
DeepSeek-R1). For local execution, we benchmarked the Gemma-3 variants on an RTX 4090 GPU,
observing runtimes between 1 and 13 seconds. Overall, the majority of WILLIAMT ’s execution
time is attributed to preprocessing. Even when using the slowest reasoning model, WILLIAMT
consistently completes the bug-fixing task in under 3 minutes—illustrating a substantial improvement
over CodeRover-S, which requires approximately 43.5 minutes.
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RQ3: WILLIAMT performs well with frontier models while remaining scalable to smaller,
more cost-effective LLMs.

6 Discussion

WILLIAMT produces a correct patch when both the crash site analysis accurately identifies relevant
variables and the patch insertion is semantically valid within the target code. In this section, we
examine potential sources of false positives in WILLIAMT, focusing on internal and external threats to
patch plausibility. Internally, inaccuracies may arise from incorrect crash site analysis or semantically
disruptive patch insertion. Externally, the imprecise plausible fix metric used during evaluation may
fail to distinguish correct from incorrect patches.

Incorrect Crash Site Analysis. While WILLIAMT demonstrates a promising plausible fix rate, we
observe cases where key variables returned by the LLM are inaccurate. This issue can stem from two
primary factors. First, the code snippet provided to the LLM may lack the correct variable due to
limited context, especially when the required variables lies beyond the final crash frame. Second, the
precision of variable identification is constrained by the LLM’s capabilities and the effectiveness of
prompt engineering. Addressing these limitations—potentially through enhanced context retrieval or
improved prompt strategies—is left as future work. We further discuss its impact in

Semantically Disruptive Patch Insertion. WILLIAMT currently inserts the generated patch one
line above the crash site. While this approach may work in principle, it can lead to semantic errors
and compilation failures in practice. For instance, if the crash occurs within a conditional block (e.g.,
inside an if (...) statement), naive insertion can break control flow and invalidate the program
structure. In our evaluation, *No Patch’ failures account for approximately 37% of all bugs, with
many caused by such semantic violations. Incorporating LLM-guided semantic-aware insertion
strategies may offer a viable solution to mitigate this issue.

Imprecise Plausible Metric. Our evaluation follows the standard plausibility criterion from prior
work [60], which verifies that a generated patch prevents the original crash. However, this metric
does not ensure that the program’s functionality is preserved. Consequently, it may overestimate
the number of truly correct fixes and introduce false positives across all evaluated systems. This
limitation highlights the need for more rigorous metrics that account for semantic correctness and
broader behavioral preservation.



7 Conclusion

The increasing number of discovered security bugs creates a strong need for better automated program
repair (APR). Instead of relying on complex root cause analysis like most existing APR tools, we
propose crash-site repair to simplify the repair process and improve precision. We also introduce a
template-guided patch generation technique to reduce the high cost of using LLMs, while preserving
the repairs effectiveness. We implement our prototype WILLIAMT, and evaluate it against state-of-the-
art tools. Our results show that combining WILLIAMT with the best-performing tool, CodeRover-S,
reduces token usage by 29.6% and improves the fixing rate by 45.9% compared to CodeRover-S
alone. In addition, WILLIAMT works well with local LLMs on a Mac Mini, showing its potential for
low-cost, local development. We promise to fully open-source WILLIAMT upon paper acceptance.
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A The Plausible Fix and Actual Fix

In this section, we discuss the differences between a plausible fix and a successful fix.

Current practice [[60] uses the plausible fix as the primary metric to evaluate the capability of APR
tools. Specifically, a patch is considered plausible if the patched program, when run with the proof-of-
concept (PoC) input, does not crash. However, this metric is insufficient. We summarize the potential

issues with this approach in[Table T|

In particular, the current plausible fix metric only verifies that, for the given PoC input, the program
is no longer exploitable. On the one hand, the program may still exhibit issues such as early exit or
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Taking PoC as Input

Metric Not Exploitable No Early Exit Same Results Other Input
Plausible v X X* X
Same Execution v e v X
Manual Review v v v v

Table 1: Comparision between different metrics. *: WILLIAMT guarantees that any plausible patch
yeild same results if not early exit.

different execution results when given the same PoC. On the other hand, other inputs may still bypass
the patch and trigger the original vulnerability. This situation highlights the need for a more robust
metric—one that ensures the program, whether executed with the PoC or with other inputs, is no
longer exploitable, avoids early exits, and produces consistent execution results.

.56

95 Manual Review Correct
No Early Exit
165 4 39
Plausible Patch Other Input Not Work
70
Early Exit
358 48

Patch Compiled
12

- No Code Context

133
No Compiled Patch

Figure 9: The actual fix ratio of WILLIAMT-GPT-4o.

Bugs

To better understand this gap, we analyze the patches generated by WILLIAMT-GPT-40 as an example,
manually evaluating all plausible patches as shown in Specifically, we first automatically
validate whether the plausible patches maintain the same execution path as the unpatched program
when using the PoC as input. We then manually verify the patches to assess their effectiveness
against a broader range of inputs. We do not perform this verification for CodeRover-S or other
state-of-the-art (SoTA) agents, as their patches often involve heavy modifications—such as code
deletion or major rewrites—making automated validation infeasible.

Consistent Execution. WILLIAMT only inserts checks without deleting or rewriting existing code.
This patching strategy ensures that if the patched program does not exit prematurely, it preserves
the original functionality, meaning it follows the same execution path as the unpatched program.
Therefore, to validate the patch, we only need to verify whether the PoC reaches the crash site at the
same point in both the patched and unpatched programs. shows how we automate this PoC
execution comparison by injecting a counter. We instrument both the patched and unpatched program
source with the counter and compare the printed counter values in stdout. If the values are identical,
it indicates that the patch does not introduce an early exit. Due to the nature of WILLIAMT, the patch
guarantees the consistent execution as well.

Manual Review. However, this automated validation only ensures consistent behavior when using
the PoC input. To further evaluate patch robustness, we manually review the patches that if their
broader is correctly set, to determine their behaivor with a broader set of inputs.

Successful Fixes in WILLIAMT. presents the results of our analysis. Among the 165
plausible fixes, only 95 patches avoid introducing early exits when tested with the PoC input. After
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// insert a counter

printf ("[SYS_INFO] hit crashsite for %d times\n", counter ++);

// optional: the patch may insert a check there.

stop_spatial (br->buffer, malloc_usable_size(br->buffer),
&br->buffer [cwords]) ;

// actual crash site

b = br->buffer[cwords] << br->consumed_bits;

Figure 10: Example to automating the PoC execution comparision.

manually inspecting these patches, we find that 56 of them also avoid early exits across different
inputs, while the remaining 39 may block some valid inputs (i.e., Early Exit). Nevertheless, all
patches preserve program functionality as long as the program continues execution, which highlights
a major advantage of WILLIAMT.

( Takeaway: Developer need to manually verify the fix, even its classified as plausible. )

B The Vulnerability Fixing Template

Template-guided patch generation is based on a set of predefined vulnerability templates. To construct
these templates, we first analyze the distribution of bug types uncovered in real-world fuzzing
campaigns, and subsequently select the top four categories to guide our template development.

segv unknown

others
global-buffer-overflow

stack-buffer-overflow

heap-use-after-free

heap-buffer-overflow

Figure 11: Exploitable Bug Types Distribution in ARVO. We merge the bug categories less than 3%
into ’others’.

We begin by examining the distribution of bug types among real-world vulnerabilities discovered
through OSS-Fuzz, using the ARVO dataset [30]. ARVO comprises over 5,000 bugs identified by
Google’s OSS-Fuzz [16], providing a reliable and representative ground truth for our analysis. Our
focus is on AddressSanitizer (ASan) bugs, as they remain the most exploited class of vulnerabilities
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void stop_temporal(void *ptr) {
// temporal memory corruption happens
if (is_destroyed(ptr)) {
exit (0) ;
}
}
// vulnerable code example
free(ptr);

+ stop_temporal (ptr);
memcpy (dst, ptr, size);

Figure 12: Repairing Template For Temporal Memory Corruptions.

void stop_spatial (void *buf, size_t buf_size, void * ptr) {
// spatial memory corruption happens

if (ptr >= buffer + buf_size || ptr < buf) {
exit (0) ;
}
}
// vuln code example
for (int idx = 0; i < size; i ++) {

// Global/Stack-Buffer-0Overflow: crash site

+ stop_spatial (buf, sizeof (buf), &buf[i]);
// Heap-Buffer-Overflow: crash site

T stop_spatial (buf, malloc_usable_size (buf), &buf[il);
result_buf[i] = bufl[i];

}

Figure 13: Repairing Template For Spatial Memory Corruptions.
in recent in-the-wild 0-day attacks [43]. presents the distribution of ASan bug types within
ARVO.

Overall, Heap Buffer Overflow (HBO) emerges as the most prevalent ASan vulnerability, accounting
for 52.3% of all ASan reports. Following this, Heap Use-After-Free (UAF) is the most common form
of temporal memory corruption, representing 11.3% of the reports. Stack Buffer Overflow (SBO) and
Global Buffer Overflow (GBO) contribute 8.9% and 4.6% of the cases, respectively. We also observe
instances labeled as "Unknown" or "Segv," often caused by out-of-bounds accesses that occur far
from ASan redzone, making precise classification difficult.

Based on this analysis, we identify HBO, UAF, SBO, and GBO as the most representative ASan bug
categories. Among them, HBO, SBO, and GBO are classified as spatial memory corruptions, while
UAF represents a temporal memory corruption. Consequently, we develop templates that address
both spatial and temporal memory error classes.

Temporal Memory Corruption Template. To mitigate remporal memory corruption, the template
stop_temporal is introduced. This template takes a pointer currently in use by the program and
checks whether it has already been deallocated. The is_destroyed varies depending on the memory
allocator used. [Figure 12]illustrates an example in which WILLIAMT inserts a call to stop_temporal
(ptr) immediately before the crash site, thereby preventing potential UAF exploitation.

Spatial Memory Corruption Template. To address spatial memory corruptions, the corresponding
template requires three arguments: buf, the base address of the accessed buffer; buf _size, the size
of the buffer; and ptr, the pointer performing the access that may be out-of-bounds. An example
is shown in This template is applicable to SBO, GBO, and HBO. The main difference
lies in how the buffer size is determined: for SBO and GBO, sizeof is used, while for HBO,
malloc_usable_size is required to retrieve the dynamically allocated buffer’s actual size.
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==19==ERROR: AddressSanitizer: global-buffer-overflow on address 0x0000071da0a8 at
pc 0x000001b03a92 bp 0x7ffdb1079ef0 sp 0x7ffdb1079ee8
READ of size 8 at 0x0000071da0a8 thread TO

3| SCARINESS: 33 (8-byte-read-global-buffer-overflow-far-from-bounds)

#0 0x1b03a91 in wassp_match_strval /src/wireshark/epan/dissectors/packet-wassp.c
:4384:32

#1 0x1b03a91 in dissect_wassp_sub_tlv /src/wireshark/epan/dissectors/packet-
wassp.c:4779

#2 0x1b0348a in dissect_wassp_sub_tlv /src/wireshark/epan/dissectors/packet-
wassp.c

#3 0x1b06a96 in dissect_wassp_tlv /src/wireshark/epan/dissectors/packet-wassp.c
#4 0x1b084b5 in dissect_unfragmented_wassp /src/wireshark/epan/dissectors/packet
-wassp.c:5873:12

#5 0x1b084b5 in dissect_wassp /src/wireshark/epan/dissectors/packet-wassp.c:6021

Figure 14: AddressSanitizer Error Report for bug 20004.

C The Regex and Prompt Preparation

This section introduce some technical details on how our regex-based context retrieval works and
how we prepare the LLM prompt for the crash site analysis.

Regex-Based Context Retrieval. WILLIAMT takes AddressSanitizer error reports [40] as input,
which follow a well-defined format [37]. To process these reports, WILLIAMT implements a
regex-based context retrieval module. This module begins by extracting the pattern prefixed with
"AddressSanitizer: " to determine the bug category. Depending on whether the bug is temporal
or spatial in nature, WILLIAMT further extracts the crash and allocate call stack, omitting entries
associated with library code (e.g., frames containing "compiler-rt" in the file path). It then
identifies the last stack frame corresponding to the user program and retrieves the associated source
file and line number where the crash occurred. Finally, WILLIAMT extracts a window of code context,
consisting of two lines before and after the crashing line in the identified source file.
illustrates the stack trace of bug 20004. In this example, WILLIAMT correctly identifies the bug as
a global-buffer-overflow, locates the crashing source file as packet-wassp.c, and extracts
lines 4382 through 4385 as the surrounding context.

Prompt Preparation. Building on the retrieved context information, WILLIAMT performs crash-site
analysis by leveraging a predefined prompt in conjunction with the contextual code. Specifically, as
illustrated in[Figure T5] WILLIAMT first issues a structured prompt and then embeds the extracted
context within an <issue> tag to facilitate LLM analysis.
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You are a software developer maintaining a large project.

You are working on an issue submitted to your project.

The issue contains a description marked between <issue> and </issue>.

Another developer has already collected code context related to the issue for you.
Your task is to find potential root cause for the issue by answer the following
questions.

The bug is a global-buffer-overflow and should be described in the following:
- g_buffer: the global buffer that program trying to access, format is (void *)
- g_buffer_size: the end of the global_buffer, presenting as sizeof ($g_buffer)
- g_ptr: the address of element visit when the program crash, format is (void *)

REMEMBER :

- Output in ‘‘‘json ‘¢‘ format.

- for g_ptr, ONLY USE VARIABLES THAT EXISTS IN <context> ... </context>

- for g_buffer, USE VARIABLES EITHER IN <context> ... </context> or <log> ... </log>

- for g_buffer, if <log_type> indicate its a struct, use (void *) ($g_buffer) to
represent, else use (void *) ($g_buffer)
- DO NOT USE ANY INTERGER in the answer.

For example, given the following input:
// example issue

You are suppose to return:
// example output

Here are your inputs:
<issue>
<type>global-buffer-overflow</type>
<crash_location>
line 4384, column 32</crash_location>
<log_type>array</log_type>
<log>XXX is located 8 bytes to the right of global variable ’tlvMainTable’</log>

<context>
4373: static const char* wassp_match_strval(...)
4374: {
/] ...
4382: }
4383:
4384: return in_ptr->entry[in_type] .name;
4385: }
4385: }
</context>
3| </issue>

Figure 15: LLM Prompt to analyze bug 20004.
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