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Abstract

Automated Program Repair (APR) is a task to automati-
cally generate patches for the buggy code. However, most
research focuses on generating correct patches while ignor-
ing the consistency between the fixed code and the original
buggy code. How to conduct adaptive bug fixing and gener-
ate patches with minimal modifications have seldom been in-
vestigated. To bridge this gap, we first introduce a novel task,
namely AdaPR (Adaptive Program Repair). We then pro-
pose a two-stage approach Ada Patcher (Adaptive Patch
Generator) to enhance program repair while maintaining the
consistency. In the first stage, we utilize a Bug Locator with
self-debug learning to accurately pinpoint bug locations. In
the second stage, we train a Program Modifier to ensure con-
sistency between the post-modified fixed code and the pre-
modified buggy code. The Program Modifier is enhanced
with a location-aware repair learning strategy to generate
patches based on identified buggy lines, a hybrid training
strategy for selective reference and an adaptive preference
learning to prioritize fewer changes. The experimental results
show that our approach outperforms a set of baselines by a
large margin, validating the effectiveness of our two-stage
framework for the newly proposed AdaPR task.

Code — https://github.com/zhenlongDai/AdaPatcher

Introduction

As software systems become more and more prevalent in
everyday life, software bugs also become inevitable. These
software bugs can potentially cause security issues or even
financial losses (Shahriar and Zulkernine 2012; Dissanayake
et al. 2022; Krasner 2021). Usually, developers need to
fix these buggy codes manually by spending a significant
amount of time and effort. To alleviate developers’ burden
for bug fixing, Automated Program Repair (APR) has been
introduced to automatically generate patches given the orig-
inal buggy code. APR techniques take a buggy code and a
correct specification as input, aiming to generate the fixed
program satisfying the given specifications.

*Co-corresponding authors.
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from functools import reduce

class Solution:
def gcd(self, a, b):
if b == 0:
return a
return self.gcd(b, b % a)

def function(self, nums):
res = reduce(self.lcm, nums)
n = len(nums)
dp = [float('inf')] * n
for i in range(n): @
tmp = nums[i] '
if tmp == res:
dp[i] = 1
def lcm(sell‘, a, b): sz ;]| in range(i + 1, n):
return a * b // self.gcd(a, b) tmp = self.lcm(cur, nums[i])
def function(self, nums): £ t.mp_=='r‘es: . . q
ans = reduce(self.lcm, nums) returnd:ﬂzd;)mm(dph], j-i+D
: j ien(nums) Modified Code Line Im
for i in range(n): ce
tmp = nums[i] def function(self, nums):
for j in range(i, n):
tmp = self.lcm(tmp, nums[j])
if tmp == ans:
c = min(c, j - i)
break
return c

for i in range(n):
tmp = nums[i]

x
for j in range(i, n):

tmp = self.lcm(tmp, nums[j])
if tmp == ans:

break
return c

Buggy Code [l Repaired Code Line | Adaptive Program Repair

Figure 1: Example of AdaPR. The adaptive repaired code is
correct and minimizes code modifications.

Error Code Line

Nowadays, inspired by the promising performance of
Large Language Models (LLMs) in understanding (Li et al.
2022; Chen et al. 2021; Wu et al. 2024; Lin et al. 2024) and
code generation (Jiang et al. 2024; Li et al. 2023; Dai et al.
2024), researchers have applied LLMs to perform the APR
task (Ye et al. 2022; Fan et al. 2023; Jin et al. 2023) and
demonstrated remarkable results. However, most studies fo-
cus on generating correct patches, the consistency between
the fixed code and the buggy code is often ignored and can-
not be guaranteed, which greatly hinders the practical use
of LLM for bug fixing. Consider the practical scenario in
Fig. 1 as an example, Alice is a developer, she implemented
the Solution class to achieve her goal. Nonetheless, her
program failed to pass the tests which indicates potential
bugs within her written code. The error message suggested
“AssertionError: Expected output is 4, but the received out-
put is 3”. Alice tried to use LLM to help her fix this bug
by feeding LLMs with the original buggy code and error



message. However, the patch generated by LLMs overwrote
most code lines in function (e.g., colored in blue). It is
difficult for Alice to accept this patch because the generated
code is too far from her original written one. The extensive
modifications made by LLMs make the fixed code hard to
trace and understand. As a result, Alice refused to integrate
this patch into her codebase.

To address this gap, we propose a new task in this paper,
namely Adaptive Program Repair, denoted as AdaPR.
Different from APR, AdaPR not only aims to generate “cor-
rect” patches for the buggy code, but also aims to gener-
ate “consistent” patches with minimal modifications. More
formally, given the buggy code and the correct specifica-
tions (e.g., failed test cases), AdaPR adaptively fixes the
buggy program with the least possible changes to satisfy
the given specification. For example, in Fig. 1, Alice can fix
this bug by only changing one line of code, i.e., from ¢ =
min(c, j - i)toc = min(c, j - i + 1).This
newly generated patch aligns with her design intentions and
existing code structures, the consistency between the fixed
code and the original buggy code makes Alice easy to under-
stand the code changes and increases her confidence of this
fix pattern. Consequently, Alice accepted this patch without
a doubt and incorporated it into her codebase.

So far, the existing studies focus on generating correct
patches, there is no research investigating how to adaptively
fix buggy code with minimal modifications. AdaPR is a
non-trivial task regarding the following key challenges: (i)
Where to fix: Identifying the precise location(s) where the
bug has been introduced is challenging. When a bug oc-
curs, different parts of the program may exhibit abnormal
behaviors according to the bug. To fix the bug adaptively,
AdaPR first requires locating the root cause of the problem
and pinpointing the exact buggy line(s) that need modifica-
tions. (ii) How to fix: Generating patches with minimal mod-
ifications is challenging. Because LL.Ms are typically trained
on general programming corpus (e.g., comment-code pairs,
question-solution pairs), LLMs’ primary goal is to gener-
ate correct and functional code. Regarding program repair,
LLMs tend to repair a program by rewriting it from scratch
without considering the existing code structure or semantics.
AdaPR requires the patches to be both correct and consis-
tent. In other words, the generated patches should involve
as few modifications as possible while still addressing bugs
effectively. How to fix the program incrementally and adap-
tively is another challenge in this work.

To tackle the above challenges, we propose a novel two-
stage approach named AdaPatcher, which is designed
to patch a buggy program correctly and consistently. To ad-
dress the first where to fix challenge, we propose a diff-based
component, namely Bug Locator, to pinpoint the exact bug
locations within the buggy code. Specifically, for a passed
program and a failed program written by the same developer,
we first record the run-time values of different variables re-
spectively. Following that, we teach LLM to do self-debug
learning to identify bug locations, i.e., the LLM is guided
to debug and analyze the differences (e.g., code deletions,
modifications) between the passed program and the failed
program and finally determine which code line causes the
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test failures. To address the second how to fix challenge, we
design a Program Modifier component for our second stage.
The Program Modifier is enhanced with three techniques to
ensure the consistency and correctness of the fixed program
and the original buggy program. Particularly, to avoid LLMs
repairing the program from scratch, we leverage location-
aware repair learning to generate patches based on the iden-
tified buggy lines. To reduce the negative effects of the incor-
rect bug locations, we propose a hybrid training strategy that
enables the Program Modifier to selectively reference bug
locations instead of blindly modifying them. Moreover, to
make code changes as small as possible, the Program Mod-
ifier is trained to generate fewer modifications by adaptive
preference learning.

In summary, our paper makes the following contribu-
tions: (1) We first propose a novel task, namely AdaPR,
to fix buggy code with minimal modifications. This newly
proposed task aims to produce both correct and consistent
code patches, which is more practical in real-world soft-
ware development; (2) We build a dataset with over S0K(3)
We present a novel model, named AdaPatcher, to per-
form the AdaPR task. AdaPatcher is based on LLMs
and introduces several customized improvements to effec-
tively handle where to fix and how to fix challenges. The ex-
perimental results show the effectiveness of our model over
a set of baselines, showing its potential to enhance auto-
mated program repair while reducing modifications at the
same time. We hope our study can lay the foundations for
this research topic.

Related Work

Recent advancements in LLMs have spurred their integra-
tion into automated program repair (Sobania et al. 2023;
Xia, Wei, and Zhang 2023; Jiang et al. 2023; Paul et al.
2023). Enhancing code LLMs with feedback mechanisms
has demonstrated potential (Miceli-Barone et al. 2023),
particularly through feedback from tools like compilers
(Bouzenia et al. 2023; Xia and Zhang 2022) such as traces
or test diagnostics. CoT reasoning loop (Yao et al. 2022) has
been used to predict repair actions based on interactive feed-
back from debuggers. NExT (Ni et al. 2024) focuses on tun-
ing LLMs to reason with pre-existing execution information.
Additionally, LLMs can generate natural language explana-
tions for errors (Chen et al. 2023; Zhang et al. 2022), offer-
ing another valuable form of feedback. Self-improvement
methods iteratively refine code generated by LLMs using
CoT reasoning over self-provided feedback (Madaan et al.
2024; Zhang et al. 2023). CoFFEE (Moon et al. 2023) uses
LLMs to generate natural language explanations for errors.
Existing approaches in automated program repair focus on
accuracy, while our research aims to enhance program re-
pair with minimal modifications.

Methodology

In this section, we introduce a novel two-stage framework
AdaPatcher, aimed at enhancing program repair while
maintaining the consistency. The first stage employs a Bug
Locator to identify the root cause of bugs and pinpoint the



(a) Self-Debug Learning

import heapq
import math

-

‘ Correct Code ‘

‘ Buggy Code ‘

n=3,m=2k=6 A =[1,9,3]
Input

v

—> ﬁ'> Debug Tool —»[% = [1# (3): q=[]

"No"
Actual ouptput

"Yes"
Expected ouptput

Programming Question

Alice wants to buy N items.

She has M coupons and K dollars.

The price of the i-th item is A_i.

Each coupon gives a 50% discount of an item(rounded down).

print("Yes")
else:

n, m = map(int, input().split()) # (©): n=3, m=2
money = int(input()) # (1): money=6
A = list(map(int, input().split())) # (2): A =[1, 9, 3]

heapq.heapify(q) # (4): NO CHANGE

for i in range(n - 1): # (5): i=@ (7): i=1 (9): NO CHANGE
heapq.heappush(q, -A[i]) # (6): q=[-1] (8): q=[-9, -1]
for i in range(m - 1): # (10): i=0 (13): NO CHANGE

b = heapq.heappop(q) / 2 # (11): q=[-1], b=-4.5 -
heapq.heappush(q, b) # (12): q=[-4.5, -1]

total = math.floor(-1 * sum(q)) # (14): total=5
if total < money: # (15): NO CHANGE

import heapq
import math

n, m = map(int, input().split())
money = int(input())

A = list(map(int, input().split()))
q=1[]

heapq.heapify(q)

-for i in range(n - 1):
heapq.heappush(q, -A[i])

-for i in range(m - 1):
b = heapq.heappop(q) / 2
heapq.heappush(q, b)

-total = math.floor(-1 * sum(q))
-if total < money:

Print “Yes” if she can afford all of them, otherwise print “No”.

‘ Program Trace Information ‘

print("Yes")
else: '
tUT ‘ Format of Code Diff \_Q
1

I

1

2 7 v

( Bug Locator
Buggy Code Q Lactcative Runing Unit Test O K
9 Preference x ‘/
Q Selection ~
Q Dispreferred Code Preferred Code
‘ Correct Code >>>git diff Rrograny XX XX Preference Learning
; Wzt Modifier V| == X v > Q
Location-Aware Repair Learning Q 'Q
(b) Hybrid Training for Selective Reference (c) Adaptive Preference Learning

Figure 2: Overview of AdaPatcher. (a) Illustration of the Self-Debug Learning process. (b) Illustration of the Hybrid Train-
ing for Selective Reference process. (c) [llustration of the Adaptive Preference Learning process.

buggy code lines in the form of Code Diff!. The second
stage utilizes a Program Modifier to adaptively propose fixes
for the identified buggy code lines. This approach prioritizes
patches that require minimal changes, thus preserving the
cleanliness and maintainability of the codebase.

Task Definition

Given a specific programming task ¢, a buggy code ¢, and
a correct specification s, the objective is to generate a fixed
version of the buggy code, denoted as y, which satisfies the
specification s. The fixed version y should maintain consis-
tency with the surrounding code and require minimal modi-
fications to the original code c.

Stage I: Bug Locator

LLMs demonstrate strong code comprehension capabili-
ties (Nam et al. 2024); however, they often struggle with
accurately identifying and describing code bugs (Olausson
et al. 2023), particularly in pinpointing buggy lines. To ad-
dress this challenge, we propose a diff-based approach that
simplifies and clarifies bug locations for LLMs. As shown
in Fig. 2, bug locations are aligned with the correspond-
ing buggy lines both semantically and structurally, with a

!Code Diff refers to the differences between the buggy and
correct code.
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‘-> symbol prefix indicating the need for deletion or correc-
tion. The form of Code Diff simplifies and clearly pin-
points bug locations by providing a structured and explicit
indication of where changes are needed. This makes it easier
for the Bug Locator to focus their attention on the relevant
buggy portions of the code.

Additionally, since LLMs often lack an understanding of
program execution at runtime, identifying and locating run-
time bugs is challenging. To address this, we propose a novel
self-debug learning to enhance the Bug Locator’s ability to
identify and locate runtime errors.

Format of Code Diff. Given a buggy code c
{c1,¢2,...,c,, } and a corrected code y, a diff file is gener-
ated using Git> by comparing ¢ and y. Lines marked with a
‘-> symbol in the diff file are identified as buggy lines L. The
diff file d = {d;,ds, ...,d, } is created by prefixing buggy
lines in ¢ with a *-> symbol:

ngL

ci €L M

[
- Gy

d; = {<Space> " Cj,

where d; is the ¢-th line of the diff file, and both d and ¢ con-
tain n lines. The symbol - represents string concatenation,
and <space> denotes a whitespace character.

“https://git-scm.com/



Self-Debug Learning. Certain bugs manifest only during
runtime, necessitating an understanding of program execu-
tion. LLMs often struggle with these bugs due to their train-
ing on the static textual form of code. Drawing inspiration
from the practice of rubber duck debugging (Parreira, Gillet,
and Leite 2023; Ni et al. 2024), we introduce self-debug
learning to enhance the Bug Locator 6’s ability to identify
and localize runtime bugs.

Specifically, given a buggy code ¢ and a correspond-
ing failed test case ¢ from the correct specification s, the
code is executed with ¢ to capture the actual output. The
program’s I/O data, denoted as D, includes both input
and expected/actual output. Additionally, using the Python
‘traceback’ module?, as shown in Fig. 2, we capture the
variable states at each executed line and record the execution
order (e.g., colored in blue) to create program trace informa-
tion R;.

To facilitate LLM comprehension of program trace infor-
mation, R; is formatted as compact inline code comments
(e.g., colored in green) that do not disrupt the code structure:
1) Comments display only variables that change after each
line’s execution, marking each execution step; and 2) Loop
trace information is compressed using ellipses for large iter-
ation counts. As shown in Fig. 2, R; is structurally aligned
with diff-based file d, providing a coherent format for the
Bug Locator to identify and localize errors. The self-debug
prompt is then constructed as:

o Instruction: Given a programming question and a correspond-
ing piece of buggy code written in <language>, please provide a
program repair proposal for the buggy code. Use ‘-’ to represent
the line that may need to be deleted or modified.

e Programming Task: ¢

e Buggy Code: c

e Execution Information of Failed Test Case:
1I/0 data: D,

Program Trace Information: R,

The objective of self-debug learning is to minimize the
negative log-likelihood of the Code Diff file d by utiliz-
ing the prompt:

EBL = — Z log P@(d|q7 c, Dt? Rt)’
(gq,c¢,t,d)~D

©))

where all repair instances (g, c,t,d,y) form the dataset
D, and Py represents the probability distribution over the
LLM’s vocabulary.

Stage II: Program Modifier

Repairing code with few modifications requires understand-
ing the modification process of buggy code. However, LLMs
typically struggle with this process since they may not have
the knowledge to make informed decisions about which
changes to make in order to repair the code effectively. To
address this challenge, we introduce location-aware repair
learning, which directs the Program Modifier to focus on

*https://docs.python.org/3/library/traceback.html
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buggy areas identified in the first stage. Recognizing the
possibility of incorrect bug locations produced by the Bug
Locator, we propose a hybrid training strategy to prevent
the Program Modifier from making unnecessary modifica-
tions, thereby improving repair accuracy. Additionally, to
further reduce the extent of modifications, we train the Pro-
gram Modifier to align with the preference for fewer changes
through adaptive preference learning.

Location-Aware Repair Learning. To explicitly capture
the modification process, we propose Location-Aware Re-
pair Learning, which trains the Program Modifier to make
precise fixes by focusing on identified buggy areas. Given
the bug locations and correct code, we guide the Program
Modifier to make corrections without altering unrelated
code.

Specifically, the Program Modifier ¢ is trained using su-
pervised learning to predict the correct code y as follows:

> log Py(ylg, e, d),

(g,¢,d,y)~D

3)

['supervised = -

where P, € RVl is the probability distribution on the
LLM’s vocabulary.

Hybrid Training for Selective Reference. The Bug Lo-
cator may generate incorrect bug locations, potentially lead-
ing the Program Modifier to fail in fixing the bugs. To ad-
dress this issue, we propose a hybrid training strategy for
selective reference, which further trains the Program Modi-
fier to repair code based on bug locations that may be incor-
rect. The training strategy enhances the Program Modifier’s
selective reference to bug locations provided by the Bug Lo-
cator instead of blindly modifying them.

Specifically, the dataset D is split into Dy and Ds, with
the data volumes satisfying |D;| : |D2| = 1 : k, where k is
ratio parameter. Each instance (g, ¢, d, y) € D is processed

by the Bug Locator 6 to generate new labels d:

d: LLMQ(Qa C, DtaRt)' (4)
Then we construct a new dataset Dj:
Dy ={(¢,¢,d,d.y) | (@, c;dy) € D2} ()

The loss function of selective reference for the Program
Modifier is:

cselective = _Z (IOg P¢(y|q, c, d) + IOg P¢(y|Qa C, d))
(g,¢,d,d,y)~D}

(6)

We jointly train the Program Modifier using supervised
learning data and selective learning data to maintain its re-
pair capability and enhance its selective reference ability:

»CHybrid = £supervised (Dl) + »Cselective (D/Q)u @)

where £(-) denotes the loss function applied to the respec-
tive dataset during training.



Adaptive Preference Learning. Even when fixing the
same bug, different methods can result in varying extents of
code changes. To prioritize fewer modifications during the
repair process, we draw inspiration from Direct Preference
Optimization (DPO) (Rafailov et al. 2024), which steers
LLMs to match specific preferences. Building on DPO, we
propose an adaptive preference learning mechanism that
guides LLMs to reduce the extent of code modifications fur-
ther. Given two codes, differing in the extent of modifica-
tions, we utilize preference learning to guide the Program
Modifier in learning preference for fewer modifications, as
shown in Fig. 2.

Specifically, we obtain preference pairs (y*,y ™), repre-
senting the preferred (i.e., the correct version with fewer
modifications) and dispreferred (i.e., the incorrect version
with more extensive modifications) codes generated by the
Program Modifier ¢ after running the unit test.

The preference set D, consists of preference pairs
(g,c;d,y™,y7).

Based on the preference set D,,, we apply DPO-Positive
learning (Pal et al. 2024) to enhance the Program Modifier
¢, iterating on its training to derive ¢* that prioritize repairs
requiring fewer modifications. Formally, the training objec-

tive of Program Modifier ¢* is defined as:
ACrepair(qf)*; (/b) = _E(gc,yﬂy*)pr )
log o[r(z,y™) —r(z,y~) — g(z,y")],

where o denotes the logistic function, (g, ¢, d) is simplified
as z, and r is the reward function on the generated code
implicitly defined by ¢* and ¢, with a hyperparameter /3 to
control the deviation from ¢ as:

Lo (ylz)
Py (ylz)
And g denotes the penalty term within the log-sigmoid to

encourage maintaining a high log-likelihood of the preferred
code:

r(z,y) = Blog ©))

Py(y*|z)
Py (y*|z)
where A is a hyperparameter. After training, the Program
Modifier is optimized to increase the probability of gener-

ating the preferred code, thereby achieving effective repairs
with fewer changes.

g(z,y1) = X - max(0, log ), (10)

Experiments
Experimental Setups

Dataset. We construct the first dataset, named ACPR
(Accuracy-Consistency Program Repair) for our AdaPR
task, which aims to evaluate the generated patches from ac-
curacy (i.e., fixing bugs correctly) and consistency (i.e., min-
imizing modifications). Specifically, our dataset is collected
from CodeNet (Puri et al. 2021), which contains submis-
sions of programming problems from different users. For a
given buggy program, we pair it with a randomly selected
failed test case (a test case includes a test input and an ex-
pected output) as well as a passed program from the same

132

information per problem

Sets triplet problems users triplet code lines test cases

train 50023 688 13701 73 28 80
val 927 110 783 8 34 87
test 1668 110 1247 15 40 84

Table 1: Dataset Statistics.

user’s submission for the same programming problem, mak-
ing a (buggy code, failed test case, passed code) triplet
sample. The whole dataset contains 52,168 triplet data sam-
ples. We then split our dataset into train/validation/test sets
by the ratio of 8:1:1, ensuring that any particular program-
ming problem appears in only one of them to avoid data
leakage problems. To prevent overfitting code data from the
same programming problem and to ensure fairness in evalu-
ation, we balance the dataset by capping the maximum num-
ber of pairs per problem at 150/10/20 in the train/valida-
tion/test sets. The overall statistics of the dataset are given
in Table 1. Further details can be found in the Appendix.

Evaluation Metrics. To thoroughly evaluate a model’s
performance regarding our AdaPR task, we adopted the fol-
lowing evaluation metrics: (1) Code Accuracy Rate (Acc):
It represents the percentage of code that successfully passes
all test cases of the programming problem (Muennighoff
et al. 2023). (2) Code Improvement Rate (Improve): This
metrical measures the average improvement rate for each
piece of buggy code. It calculates the proportion of addi-
tional test cases passed after the buggy code is modified.
The calculation equation for the improvement rate of the ¢-th
fixed code follows:

A an

m

where x(-) is an indicator function that returns 1 if the condi-
tion inside the parentheses is true, and 0 otherwise. A is true
if all previously passing test cases still pass after the code
modification, and false otherwise. n denotes the number of
cases that additional pass after repair and m represents the
number of test cases that failed previously. The value of ¢-th
fixed code is [; if the code passes all test cases passed by the
buggy code, and O otherwise. (3) Failed Repair Rate (FR):
It counts the proportion of the generated code that fails to
pass the previously passed cases, which is calculated as fol-

lows: DI
iz X(Bi)
D[’
where |D| is the number of pieces of code, x(-) is an in-
dicator function. B; is true if the i-th piece of code causes
the previously passed cases to fail, and false otherwise. (4)
Code Consistency Rate (CCR): It calculates the propor-
tion of lines of code that are preserved after modification. It
is defined as follows:

I =

FR = (12)

13)

Consistency = T
where k indicates the total number of code lines in the fixed
code, and r indicates the number of code lines preserved in
the after-modification code.



Repair Framework Structure Methods Bug Localization Acc Improve CCR FR
Instruction - 10.67 11.67 54.96 30.70
End-to-end CoT . - 10.43 11.78 57.06 33.33
CodeLlama F@w-shot‘Learmng - 9.35 10.50 40.20 31.18
Fine-Tuning - 28.12 30.34 51.16 14.21
Two-stage AdaPatchercc CodeLlama 31.95 33.74 57.18 16.97
AdaPatcherac GPT-40 33.81 35.80 62.22 17.74
Instruction - 62.77 64.11 27.40 34.65
End-to-end CoT - 44.90 45.87 26.95 53.12
GPT-40 Few-shot Learning - 48.74 40.36 30.50 49.04
Two-stage AdaPatchercc GPT-40 63.31 65.47 50.08 14.07
AdaPatcherca CodeLlama 67.57 69.81 48.69 12.83

Table 2: Evaluation results on the ACPR dataset. All results in the table are reported in percentage (%).

Baselines. To evaluate the effectiveness of our model
on the AdaPR task, we build AdaPatcher based on
popular LLMs, including both closed-source and open-
source models. For the closed-source baseline, one high-
performance model GPT-40 (OpenAl 2024; Achiam et al.
2023) is considered. For the open-source baseline, we uti-
lize the CodeLlama-Instruct-7B (Roziere et al. 2023),
which is a popular foundation model for code-related tasks.
We use GPT-40 and CodelLlama for stage I (i.e., bug
localization) and stage II (i.e., program repair) respec-
tively, denoted as AdaPatchergc, AdaPatcherga
and AdaPatchercg, AdaPatchercc respectively.
All the baselines adopt an end-to-end framework to perform
the program repair task. Additionally, we incorporate base-
lines with three widely used LLM-based optimization meth-
ods: (1) Chain-of-Thought (CoT): CoT prompting (Kojima
et al. 2023) elicits complex multi-step reasoning to enhance
the model’s cognitive capabilities on program repair tasks.
(2) Few-Shot Learning: Few-shot prompting (Brown et al.
2020) utilizes LLMs’ in-context learning abilities to achieve
high performance with input-output pairs as extra context.
(3) Fine-Tuning: LoRA (Hu et al. 2021) injects trainable
rank decomposition matrices into LLMs, updating weights
based on supervised labels for the program repair task.

Experimental Results

RQ1. Effectiveness Evaluation. In this research question,
we want to evaluate the effectiveness of our approach on the
AdaPR task. Table 2 shows the experimental results of our
approach and baselines on our test set. It is obvious that:
(1) Regarding program repair accuracy, our approach (e.g.,
AdaPatchergc, AdaPatchercg) outperforms other base-
lines (e.g., CoT, Few-shot Learning and Fine-tuning) by a
large margin. The superior performance is due to our Bug
Locator’s capability to precisely identify the bug locations
in the first stage. During the first stage, Ada Patcher pin-
pointed the exact buggy line(s) by utilizing the self-debug
learning from code-diff samples, enhancing our approach’s
ability to effectively handle where to fix challenge. (2) Re-
garding the program repair consistency, the advantages of
our approach over other baselines are also obvious. For ex-
ample, the best consistency score achieved by baseline (i.e.,
CodeLlama Fine-Tuning) is 51.16%, our AdaPatchercc
achieved a consistency ratio of 62.22%, significantly out-
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Model Acc Improve CCR
AdaPatchercc 31.95 33.74 57.18
w/o Self-Debug Learning 31.89 33.27 57.06
w/o Location-Aware Repair Learning 28.05 29.61 54.39
w/o Hybrid Training 29.38 31.03 54.35
w/o Adaptive Preference Learning  32.07 33.85 56.78
AdaPatchercg 67.57 69.81 48.69
w/o Self-Debug Learning 65.71 68.11 48.09

Table 3: Ablation study.

performing other baseline models. We attribute this im-
proved consistency to the effectiveness of the Program Mod-
ifier in the second stage. During the second stage, we de-
sign three key techniques (i.e., Location-Aware Repair learn-
ing, Hybrid Training for Selective Reference and Adaptive
Preference Learning) to ensure the consistency between the
fixed code and buggy code. Overall, our two-stage frame-
work shows stable and substantial improvements com-
pared to the end-to-end program repair framework, val-
idating the effectiveness of our two-stage approach for
the AdaPR task. (3) Additionally, Ada Patcher achieves
better program repair accuracy when we use GPT-40 in the
second stage (i.e., program repair), and achieves better pro-
gram repair consistency when we use CodeLlama in the
same stage. This may be because GPT-40 has an advan-
tage over CodeLlama regarding accuracy due to its signif-
icantly larger model parameters. At the same time, CodeL-
lama has its own strength in identifying bug locations after
fine-tuning. Therefore, when we choose CodeLlama for the
first stage and GPT-4o for the second stage, the optimal per-
formance is obtained.

RQ2. Ablation Study. In this RQ, we conduct an ab-
lation study to assess the contribution of different tech-
niques by systematically removing each component from
our approach. In particular, for AdaPatchercc, we remove
key components (i.e., Self-Debug Learning, Hybrid Train-
ing, and Preference Learning) separately. For AdaPatchercg,
we remove the sole component (i.e., Self-Debug Learning)
since GPT-40 is close-sourced. The experimental results
are illustrated in Table 3, we can see that: (1) Removing
Self-Debug Learning, Location-Aware Learning, or Hybrid
Training, results in a decline in the performance of accuracy
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Figure 3: The statistical result of the human study.

and consistency, which signals the importance and effective-
ness of these components. (2) Although Preference Learning
causes a slight decrease in the metric of code accuracy, it
further enhances the consistency, indicating this component
can effectively reduce modifications during code repair.

RQ3. Why Our Approach Works/Fails. We manually
inspected test cases where our approach worked and failed.
Specific analysis and examples are provided in the Ap-
pendix. We demonstrate a buggy code fixed by our approach.
Our Bug Locator first precisely identifies the buggy code
line and then our program modifier fixes this bug by slightly
changing this buggy line. The effectiveness of two-stage
framework (Bug Locator + Program Modifier) ensures the
correctness and consistency of our generated code patches.
We also inspected a number of cases where AdaPatcher
failed to handle. We summarize two common failed situa-
tions. One common failed situation is that the failed test case
does not provide sufficient information to precisely identify
the bug locations. Another bad situation is that the buggy
code is too complicated or subtle for AdaPatcher to
learn. For example, complicated bugs may require develop-
ers to make code changes across different sub-modules.

RQ4. Human Study for Bug Localization. The bug lo-
calization in stage one plays an important role for guid-
ing the subsequent program repair process. Therefore, in
this RQ, we conduct a human study to manually evalu-
ate stage one’s performance. We compare the bug localiza-
tion capability of GPT-40 and CodeLlama trained with our
framework with human evaluation. Specifically, 900 sam-
ples are provided to 2 experienced evaluators, each evalu-
ator is asked to determine the bug locations independently,
the first author is then involved in leading a discussion when
they have disagreements. Following that, we compare the
model-predicted bug locations with human-identified loca-
tions in terms of the following aspects: (1) Accurate Local-
ization (AL) refers to that model-predicted locations match
human-identified locations precisely. (2) Partial Localiza-
tion (PL) indicates that only part of model-predicted loca-
tions match human-identified locations. (3) Erroneous Lo-
calization (EL) indicates model-generated locations do not
match human-identified locations at all. (4) No Localization
(NL) denotes that no bugs are identified by models. Fig. 3
illustrated the human study results. The CodeLlama trained
with our framework performs better than GPT-40 in bug lo-
calization, with 35.0% and 3.0% more examples of AL and
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Methods Acc Improve FR

Hybrid Training 32.07 33.85 16.73
Supervised Training 27.88 29.76 26.92
Weakly Supervised Training 31.60 33.61 18.94
Supervised and Weakly Supervised 31.06 32.23 17.33

Table 4: Evaluation results of different training methods.

PL respectively, while having 15.7% and 22.3% fewer EL
and NL examples. The results show that even GPT-40 fails
to identify bug locations of a buggy code effectively, veri-
fying the challenge of this task. Our Bug Locator, enables a
small-scale LLM (i.e., CodeLlama) to achieve a much supe-
rior performance than GPT-40, validating the effectiveness
of our self-debug learning with code diff samples.

RQS5. Hybrid Training Analysis. To verify the effective-
ness of our hybrid training method for selective reference, in
this RQ, we conducted a comparative analysis against other
common training methods. Particularly, we further designed
our experiments to combine both weakly supervised data
and supervised data in the training process. As illustrated
in Table 4, the experimental results show that: (1) Our hy-
brid training is superior to other training methods in various
metrics of the correctness of program repair. (2) Compared
to supervised training, the correctness of our method has sig-
nificantly improved, demonstrating the effectiveness of Hy-
brid Training in avoiding blind modification. (3) Compared
to supervised and weakly supervised training, the experi-
mental results demonstrate the effectiveness of our hybrid
training regardless of the amount of training data.

Future Work

Several limitations are concerned with our work. Firstly, our
study is based on Python, which is one of the most popular
programming languages used by developers. However, our
approach is language-independent, we believe our approach
can be easily adapted to other programming languages Sec-
ondly, the correctness of the generated code is affected when
our model is applied by using adaptive preference learning.
Exploring effective ways to generate repaired code with re-
duced modifications while further improving its correctness
is an interesting research topic for our future work.

Conclusion

This research aims to generate fixed code while requiring
minimal modifications. To perform this novel task, we pro-
pose an approach AdaPatcher that utilizes self-debug
learning to train a Bug Locator to accurately identify bugs
and fix code through bug locations. For program repair,
we train a Program Modifier through location-aware repair
learning. Then we propose hybrid training to effectively
avoid blindly modifying incorrect bug locations. Addition-
ally, adaptive preference learning is used to learn fewer mod-
ifications. The experimental results show the effectiveness of
our approach for this task. We hope our study lays the foun-
dations for this new research and provide valuable insights
into the potential for bug location and adaptive program re-
pair capabilities of Open-source and closed-source LLMs.
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