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Abstract:

As software systems keep developing and becoming
more widely used, it’s impossible to avoid the program
bugs that come with them. To reduce the pressure on
developers when modifying programs and make bug fixes
more efficient, Automated Program Repair (APR) plays
a key role. This paper summarizes the main research
progress in the field of APR, analyzes in detail the
features, development process, and performance of various
methods applied in this field. By comparing the advantages
and disadvantages of these methods, it also discusses
the challenges faced in the APR field and the possible
directions for its future development. After discussion
and comparison, it can be found that APR technology has
made noticeable progress—especially the methods based
on Large Language Models (LLMs) and hybrid agent
methods. However, core challenges still exist, such as
limitations of datasets and insufficient ability of models to
understand code. In the future, it will be necessary to build
more representative datasets, improve models’ ability to
understand complex code logic, optimize the cooperation
mechanism between multiple models, and reduce reliance
on specific tools.
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1. Introduction

is to use automatic methods to find and fix errors in
programs, so as to make software development more

As software systems keep developing, various pro-
gram bugs appear one after another. To make sure
systems work properly, developers have to spend a
lot of time and energy fixing these bugs. For this rea-
son, Automated Program Repair (APR) is used to fix
program bugs, cut down costs and improve efficien-
cy—it has become an important research direction in
the field of software engineering. The goal of APR

efficient.

Looking at the timeline of APR’s development, the
early template-based methods worked for simple
code situations. But as code became more and more
complex, these template methods could no longer
solve the problems. In recent years, with the devel-
opment of artificial intelligence technology—espe-
cially the use of Large Language Models (LLMs)—
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the APR field has made great progress. Over the past
three years, LLM-based methods have developed rapidly,
and different LLM models have been updated one after
another. At first, researchers tried to use Codex-based
APR methods to do simple, small-scale code repair tests.
Later, they used more models like GPT-40 and Code Lla-
ma to do experiments, aiming to make APR work better.
For example, AdaPatcher—a recent LLM-based tool—
is a two-stage framework, used to find bugs and fix code
respectively [1]. The first stage is bug location (bug lo-
cator). Through Self-Debug Learning, AdaPatcher uses
Code Diff samples to train the Bug Locator, which helps
it find the exact positions of bugs. The second stage is
program repair (Program Modifier). It introduces three
technologies: Location-Aware Repair Learning, Hybrid
Training for Selective Reference and Adaptive Preference
Learning. These technologies make sure the fixed code is
both correct and simple. This two-stage framework not
only makes LLMs better at finding program bugs, but also
effectively prevents the problem of reduced readability
caused by rewriting the program.

During the development of automated program repair,
many scholars have done in-depth research from different
angles. For instance, researchers put forward a program
repair technology based on semantic understanding [2]. It
finds and fixes errors by deeply analyzing the semantics of
code, and achieved good results in small code library tests.
However, when dealing with large and complex projects,
its efficiency and accuracy drop because of the complex-
ity of semantic analysis and the limits of computing re-
sources. Another research focuses on using reinforcement
learning for program repair [2]. By constantly trying,
correcting mistakes and optimizing, it lets the model learn
effective repair strategies. But this method needs a lot of
samples and computing resources during training, and its
convergence speed is slow.

Besides, for specific problems, we can use manually
built agents or less powerful low-level agents to set lim-
its. For example, the hybrid method proposed by AAIS
showed better results than traditional single methods in
related evaluations. However, the existing APR methods
still face many challenges, such as limited datasets and
insufficient ability of models to understand code. This
paper will deeply discuss and compare these mainstream
methods, the common datasets and evaluation standards
in this field, and the technical level of current mainstream
methods. It will also analyze possible solutions based on
existing problems.

2. Overview of Mainstream Methods

Generally speaking, in the research on automated program

repair over the past three years, the main methods include
template-based methods, methods based on Large Lan-
guage Models (LLMs), and methods that combine agents
and weak agents.

2.1 Template-based Methods

Systems like GenProg use some fixed conversion rules to
deal with problems such as null pointer checks and array
out-of-bounds. Although they may achieve good results
for some simple and common errors, they have many
shortcomings. They can only handle errors under certain
formats and rules, and cannot solve uncertain problems.
Moreover, they are completely ineffective when dealing
with large-scale dynamic code libraries [3].

2.2 LLM-based Methods

These methods have become a research focus in recent
years. Examples include models like GPT-4, CodeLlama,
DeepSeekCoder, and Qwen2.5Coder. They have advan-
tages such as strong context understanding, context-aware
reasoning, and good natural language comprehension.
They can learn common bug templates and understand
the semantic intent of code from a large amount of code,
enabling adaptive context-related repairs in complex code
libraries. For instance, AdaPatcher is an LLM-based meth-
od with some customized improvements [1].

2.3 Methods Combining Agents and Low-level
Agents

Represented by the AAIS method, this approach solves
problems by integrating the adaptability of agents with
the efficient control flow of low-level agents. Traditional
agent-based methods allow LLMs to access code librar-
ies and write test cases by building relatively complex
Agent-Computer interfaces. While these methods have
high fault tolerance and can solve common problems well,
they require high reasoning costs and are prone to infinite
loops. On the other hand, low-level agent-based meth-
ods extract the structure of the code library in advance
through static analysis, and provide information to LLMs
in the process of location-fix-selection to achieve program
repair. This method saves reasoning costs relatively, but it
is limited by the size of the LLM context window, which
may lead to the loss of useful information.

AALIS introduces adaptive defect location and multi-mod-
el assisted generation. In the SWE-Bench benchmark test,
compared with Agentless-1.5 (the current most advanced
low-level agent method), the maximum function-level lo-
cation accuracy of AAIS reaches 113.32%. Besides, AAIS
has increased by 63.85%, 16.79%, and 64.43% respective-
ly in other aspects. For the Issue solving task, AAIS has



also improved by 35.67%.

3. Common Datasets and Evaluation
Criteria

3.1 Common Datasets

Common datasets in this field include CodeNet [2], De-
fects4J [4], and SWE-Bench [5]. CodeNet has more than
14 million code samples and covers many kinds of pro-
gramming languages; Defects4] is a defect dataset for
Java projects; SWE-Bench focuses on complex real-world
repair tasks.

3.2 Main Evaluation Criteria

The key indicators to assess the performance of APR
methods include repair success rate, location accuracy,
patch quality, and efficiency indicators. Among them, re-
pair success rate is used to check whether the patch made
after repair can help all test cases of the program pass. It
is a basic indicator to measure how effective the repair
is; location accuracy focuses on whether the method can
accurately find the exact place where errors exist in the
program, and it directly affects the efficiency and direc-
tion of the following repair steps; patch quality mainly
assesses whether bad patch design will bring new errors
during the repair process, and it is the key to ensuring the
stability of the program after repair; efficiency indicators
show whether the method can be used in real application
scenarios by counting the time and hardware resources
used in the repair process. These four indicators together
form an evaluation system that fully measures the overall
performance of APR methods, and provide a unified and
objective reference standard for comparing different meth-
ods.

4. Development and Analysis of Main-
stream Methods

When sorted out according to the timeline, the early
template-based methods were suitable for simple code
situations. But as code became more and more complex,
template-based methods could not solve the problems. In
the past three years, LLM-based methods have developed
rapidly, and different LLM models have been updated one
after another. For example, researchers first tried to use
Codex-based APR methods for simple small-scale code
tests. Later, they used more models like GPT-40 and Code
Llama to do experiments and improve the effect of APR.
Besides, for problems in a certain aspect, manually built
agents or weaker low-level agents can be used for restric-
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tion. For instance, the hybrid method proposed by AAIS
in 2025 has better results in relevant evaluations than tra-
ditional single methods.

From the perspective of performance improvement range,
LLM-based methods have more advantages in the im-
provement range than template-based methods. Compared
with template-based methods, the improvement range is
quite large: the code accuracy rate can rise from the orig-
inal 30%-40% to 60%-70%, and the code improvement
rate can reach 15%-25%. Compared with Agentless-1.5
(the most advanced low-level agent method), the func-
tion-level location accuracy of AAIS has increased by
46.94%-113.32%.

According to the actual test data, Copilot Autofix uses
artificial intelligence to fix vulnerabilities in open-source
projects more than three times faster than manual repair.
Moreover, its speed in fixing CRLF injection vulnerabili-
ties, XSS vulnerabilities and SQL injection vulnerabilities
is 7 times and 12 times that of manual repair respectively
[6]. However, APR also has its own limitations. First, it is
limited by the existing window size of the model and can-
not handle large code libraries well. Second, the accuracy
of program processing results in specific scenarios still
needs to be improved. Third, it requires computing re-
sources and costs. Therefore, limited by the current prac-
tical stage, APR is still difficult to play a role in a wide
range of application scenarios.

5. Challenges and Prospects

5.1 Current Challenges
5.1.1 Limitations of LLM-based APR Models

Although LLMs have strong abilities in semantic under-
standing and generation, they still cannot fully ,,under-
stand“ complex code logic. For example, when dealing
with parts that contain complex data structures or algo-
rithms, the repair patches they generate may seem compi-
lable, but in fact, they do not match the original meaning
of the code or have logical errors [7]. Besides, for large
code libraries, the context window of LLMs will have
an impact—during the analysis process, it is difficult to
obtain comprehensive and effective context information,
which may lead to failure in generating repair results.

5.1.2 Shortcomings of Hybrid Agent Models (e.g.,
AAIS)

Hybrid models that combine agents and low-level agents
can improve repair effects to a certain extent, but they
still have some shortcomings. First, with multi-model
assistance, the cooperation between different models and
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the integration of information may not be optimal, which
further affects the quality of patch generation. Second,
this type of model needs some static analysis tools to do
preparatory work. If these analysis tools have poor sup-
port for certain special code structures or programming
languages, the effect of the entire repair process will be
affected [8].

5.1.3 Defects of Datasets

Existing datasets for automated program repair have many
shortcomings:

The code defects in some datasets from early studies are
generated through simple programming errors designed
manually, which cannot well reflect the real situations of
developers. For example, in the early days, most studies
only used small datasets with simple programming task
errors—these datasets have small scale and single scenari-
os, making it difficult to fully evaluate the performance of
APR methods in real and complex scenarios.

When some related studies analyze errors in specific
fields or certain types, they may encounter the problem of
unbalanced data categories. For instance, when studying
the automatic repair of concurrent defects, it is found that
there are more samples of one type of concurrent error,
while there are fewer samples of other types. This will
make APR methods prone to overfitting on error types
with more samples during training, and have poor effects
on handling error types with fewer samples.

In addition, with the development of APR, the demand for
zero-shot learning is also increasing. In fact, there may be
some new types (such as new vulnerabilities or new code
patterns) that are not included in the training set. Most
existing datasets cannot well support the zero-shot learn-
ing process, so existing APR methods cannot be applied
to such situations. For example, in the field of repairing
blockchain smart contract code, its own code structure
and vulnerability patterns are relatively new. At present,
there are very few APR datasets corresponding to this
code structure and vulnerability patterns for research, so
it is difficult to directly apply some existing methods for
effective repair [9,10].

5.2 Future Development Directions

5.2.1 Building More Representative Datasets

Datasets need to cover real repair scenarios, balance data
categories, and support zero-shot learning to solve the
current problem of data limitations.

5.2.2 Improving Models® Ability to Understand Com-
plex Code Logic

Through technical optimization, enable models to more
accurately “interpret” the code logic corresponding to

complex data structures and algorithms, and reduce the
generation of patches with logical errors.

5.2.3 Optimizing Multi-Model Collaboration Mecha-
nisms

Improve the collaboration efficiency and information inte-
gration quality of different models in hybrid agent models,
and enhance the accuracy of patch generation.

5.2.4 Reducing Dependence on Specific Tools

Reduce models’ dependence on specific static analysis
tools, enhance the adaptability of models in scenarios with
different code structures and programming languages, and
expand the scope of technical application.

6. Conclusion

In summary, this paper conducts a systematic study on
the field of Automated Program Repair (APR). First, it
sorts out the mainstream technical paths in this field over
the past three years, covering traditional template-based
methods, advanced methods based on Large Language
Models (LLMs), and hybrid methods that integrate agents
and low-level agents. It also analyzes in detail the techni-
cal principles, core advantages, and applicable boundaries
of each type of method—such as the limitations of tem-
plate-based methods in fixing simple errors, the break-
throughs of LLM methods in understanding complex code
semantics, and the innovations of hybrid methods like
AAIS in balancing reasoning costs and repair accuracy.
Second, this paper systematically organizes the common
datasets in the APR field (such as CodeNet that covers
multiple languages, Defects4]J for Java projects, and SWE-
Bench that focuses on actual complex tasks) and multi-di-
mensional evaluation criteria (repair success rate, location
accuracy, patch quality, and efficiency indicators), pro-
viding an objective reference framework for comparing
the performance of different methods. At the same time,
through actual test data and case analysis, it quantifies the
performance differences of various methods. For example,
LLM methods have a 30%-40% improvement in code
accuracy compared with template methods, and the AAIS
method has a significant optimization effect on traditional
low-level agent methods in the SWE-Bench benchmark
test.

From the above research, it can be seen that automated
program repair technology has made significant prog-
ress in recent years. In particular, the application based
on LLMs has greatly promoted the practical possibility
of complex code repair scenarios. However, the existing
APR application methods still face challenges such as
insufficient representativeness of datasets (e.g., less cov-



erage of real scenarios, unbalanced categories, and weak
support for zero-shot learning), insufficient in-depth un-
derstanding of complex code logic by models, the need to
optimize the collaboration mechanism of hybrid models,
and high dependence on specific tools. Future research
should focus on building more representative datasets, im-
proving the ability of models to understand complex code
and its logic, optimizing the collaboration efficiency of
multi-models, and reducing tool dependence. In this way,
we can promote the wide application of APR technolo-
gy in actual software development scenarios, effectively
reduce the burden of developers in fixing vulnerabilities,
and improve the efficiency and quality of software pro-
duction.
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