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Large-language models (LLMs) have been leveraged to enhance the capability of automated program repair
techniques in recent research. While existing LLM-based program repair techniques compared favorably to
other techniques based on heuristics, constraint-solving, and learning in producing high-quality patches,
they mainly target bugs that can be corrected by changing a single faulty method, which greatly limits the
effectiveness of such techniques in repairing bugs that demand patches spanning across multiple methods.
In this work, we propose the PReMM technique to effectively propose patches changing multiple methods.
PReMM builds on three core component techniques: the faulty method clustering technique to partition the
faulty methods into clusters based on the dependence relationship among them, enabling a divide-and-conquer
strategy for the repairing task; the fault context extraction technique to gather extra information about the
fault context which can be utilized to better guide the diagnosis of the fault and the generation of correct
patches; the dual-agent-based patch generation technique that employs two LLM-based agents with different
roles to analyze the fault more precisely and generate patches of higher-quality. We have implemented the
PReMM technique into a tool with the same name and applied the tool to repair real-world bugs from datasets
Defects4J V1.2 and V2.0. PReMM produced correct patches for 307 bugs in total. Compared with ThinkRepair,
the state-of-the-art LLM-based program repair technique, PReMM correctly repaired 102 more bugs, achieving
an improvement of 49.8%.
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1 Introduction
Automated Program Repair (APR) aims to generate patches for bugs1 in software programs automat-
ically, and it is a promising way to alleviate the arduous burden of manual debugging from software
developers and to enhance software reliability. Researchers and practitioners have developed vari-
ous APR techniques over the past decades based on techniques like heuristic search [21, 22, 52],
constraint solving [10, 20, 35, 39], and machine learning [11, 16, 17, 40, 57, 58, 61].

Recently, with the rapid development of large language models (LLMs) and their swift adoption
in software engineering practices, researchers have also explored leveraging these models to
enhance the capabilities of automated program repair techniques [3, 7, 12, 19, 25, 43, 50, 53, 54].
More concretely, existing LLM-based APR approaches take a faulty method and the other relevant
information as input, generate a group of candidate patches that change the faulty method in
various ways, and check whether each candidate patch is desirable through validation. This line of
research has achieved remarkable results and represents the state of the art in APR [55, 59].

While LLMs have significantly improved the success rates of APR techniques, existing LLM-based
APR approaches have a fundamental limitation, i.e., they assume the necessary changes to correct
a defect are confined to a single method. However, a considerable number of real-world defects are
more complex and demand patches spanning across multiple methods. For instance, over 20% of
the bugs in the Defects4J datasets require multi-method patches. The limitation essentially renders
these approaches ineffective in repairing multi-method faults because each single-method patch
they generate is just a partial patch and will always fail to make all tests pass in validation.
In this work, we propose a novel technique named PReMM (Program Repair for Multi-method

Bugs) to effectively generate high-quality multi-method patches for program defects via divide-and-
conquer. Effective program repair with PReMM has three cornerstone techniques, namely faulty
method clustering, comprehensive fault context analysis, and dual-agent-based program repair.

First, in view of the fact that, although patch validation in automated program repair is typically
performed through testing, not every faulty method would influence the execution of every test
case, PReMM performs faulty method clustering (FMC) to partition the faulty methods into mutually
exclusive clusters with two faulty methods falling into the same cluster if and only if their patches
may interfere with each other’s validation. Based on the clustering result, PReMM divides the task
of generating an appropriate multi-method patch for the whole buggy program (or a program
patch) into a group of sub-tasks, each focusing on generating a desirable (single- or multi-method)
patch for one cluster of faulty methods (or a cluster patch). Since clusters are disjoint, their patches
can easily be merged to form a final program patch without introducing conflicts.

Second, even though each cluster typically contains a subset of all the faulty methods, and the task
of generating cluster patches is most likely less formidable than that of generating program patches,
it is still beyond the capability of existing LLM-based APR tools that aim to generate single-method
patches if the cluster contains more than one faulty method. To achieve a better understanding of
the fault and the expected patch, PReMM conducts fault context extraction (FCE) to extract rich
contextual information about the fault in question. Here, the rich contextual information about
a fault includes not only the usual suspects like fault location and failed tests, which existing
LLM-based APR techniques utilize already, but also similar code segments from the current project,
the invocation relation among the failed tests and the faulty methods, and the key tokens.
Third, to make better use of the gathered contextual information to guide fault diagnosis and

patch generation, PReMM employs two LLM-based agents to generate desirable patches in iterations.
In particular, the fault analysis agent is responsible for establishing accurate fault diagnoses, and the
repair generation agent concentrates on deriving high-quality cluster patches from the diagnoses. If

1We use terms bug, defect, and fault interchangeably in this work.
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the cluster patches can merge into a program patch that makes the buggy program pass all the
tests, the program patch is valid, and PReMM outputs it as the repair result. Otherwise, if a cluster
patch fails to compile or validate, the corresponding errors are fed back to the fault analysis agent
to drive another round of dual-agent-based program repair.
We have implemented the PReMM technique into a tool with the same name to automatically

repair multi-method bugs in Java programs. While PReMM primarily targets repairing buggy Java
programs, the proposed approach is highly generic and can be easily migrated to support the
automated repair of buggy programs written in other programming languages. Taking a buggy
program, the location information about the bug, and a group of passing and failing test cases as the
input, PReMM first partitions the faulty methods containing the buggy code into mutually exclusive
clusters based on whether the patches to the methods can interfere with each other’s validation and
whether there is any invocation relation among them, and then gathers rich contextual information
about the bug in question. Afterward, PReMM repeatedly employs two LLM-based agents to
generate candidate patches for the faulty method clusters under the guidance of the extracted bug
context information and validates the patches by compiling and running them against the tests,
until a valid patch that can make the program pass all tests is found or the repair effort fails because
the allocated time is used up or the maximum number of attempts have been exhausted.
To evaluate the effectiveness of PReMM, we conducted comprehensive experiments using real-

world bugs from the well-known Defects4J benchmark dataset. Additionally, we compared the
patches generated by our approach against those produced by 8 state-of-the-art automated program
repair techniques, including, e.g., ThinkRepair [59], ChatRepair [55], and Mulpo [29]. Overall,
PReMM produced correct patches, i.e., patches manually confirmed to be semantically equivalent
to those written by developers, for 307 bugs, 86 of which (including 63 single-method bugs and
23 multi-method bugs) were not correctly repaired by any of the 8 baseline techniques before,
representing unique contributions of our approach. When compared specifically with ThinkRepair,
which offers the best overall effectiveness among existing program repair techniques on Defects4J,
PReMM correctly repaired 102 more bugs, achieving a substantial improvement of 49.8% (=102/205).

Contributions. This paper makes the following contributions:

(1) We propose the PReMM approach to repairing multi-method bugs automatically and effec-
tively. To the best of our knowledge, PReMM is the first generic approach to repairing bugs
that span across multiple methods;

(2) We implement the PReMM approach into a tool with the same name and make it publicly
downloadable to facilitate its easy application. The download package includes comprehensive
instructions for adaptation and deployment on new datasets;

(3) We experimentally evaluate the repairing power of PReMM on the Defects4J benchmark
and empirically demonstrate PReMM’s effectiveness in repairing real-world bugs and its
superiority over existing NMT- and LLM-based program repair techniques. We also evaluate
PReMM and a variant of ThinkRepair on two additional benchmarks, Defects4J-Trans [24]
and GitBug-Java [48], that are less likely to be affected by the issue to mitigate the threat
posed by the potential issue of data contamination with Defects4J.

Structure. The rest of this paper is organized as follows. Section 2 explains with examples how
the key components of PReMM help it produce high-quality patches in practice. Section 3 details
how PReMM proposes patches to buggy programs step by step. Section 4 describes the experiments
we conduct to evaluate PReMM and reports on the experimental results. Section 5 reviews recent
work that is closely related to ours. Section 6 concludes the paper.
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In source/org/jfree/data/category/DefaultIntervalCategoryDataset.java
@@ -204,8 +204,8 @@ public DefaultIntervalCategoryDataset(Comparable[] seriesKeys,
...

206 else{
207 - this.seriesKey = null;

+ this.seriesKey = new Comparable[0];
208 - this.categoryKeys = null;

+ this.categoryKeys = new Comparable[0];
209 }
209 }

...
@@ -335,7 +335,7 @@ public void setCategoryKeys(Comparable[] categoryKeys) {

335 if (categoryKeys == null) {
336 throw new IllegalArgumentException("Null ’categoryKeys’ argument.");
337 }
338 - if (categoryKeys.length != this.startData[0].length){

+ if (categoryKeys.length != getCategoryCount()){
339 throw new IllegalArgumentException(
339 "The number of categories does not match the data.");
340 }

Invocation Chain Information
(1) DefaultIntervalCategoryDatasetTests#testGetCategoryIndex()-
>DefaultIntervalCategoryDataset#<init>(double[][], double[][])-> 
DefaultIntervalCategoryDataset#<init>(Number[][], Number[][])->
DefaultIntervalCategoryDataset#<init>(Comparable[], 
Comparable[], Number[][], Number[][]
(2) DefaultIntervalCategoryDatasetTests#testSetCategoryKeys()-> 
DefaultIntervalCategoryDataset#setCategoryKeys(Comparable[])

Key Tokens
Comparable, Comparable[], Number, Number[][], 
baseName, category, categoryCount, categoryIndex, 
categoryKeys, generateKeys, getCategoryCount, 
getCategoryIndex, getColumnKeys, getEndValue,  
getRowCount, getRowIndex, getRowKey, getSeriesCount, 
getSeriesIndex, getSeriesKey, getStartValue, …

public void setSeriesKeys(Comparable[] seriesKeys) {
…
if (seriesKeys.length != getSeriesCount()) {
throw new IllegalArgumentException(
"The number of series keys does not match the data.");

}…

Similar Code Segments

Test InformationPatch of Chart-16

Testname: testGetColumnCount()

Testname: testGetColumnIndex()

Failuer Line: d2 = (DefaultIntervalCategoryDataset)d1.clone()

Failuer Line: empty.getSeriesIndex("ABC")

Failuer Line: empty.getColumnIndex("ABC")

Failuer Line: empty.getCategoryIndex("ABC")

Failuer Line: empty.getRowIndex("ABC")

testGetRowCount()

Testname: testGetRowIndex()

Testname: testGetSeriesIndex()

Error Message: java.lang.NullPointerException.

Testname: testCloning2()

Failuer Line: empty.getColumnCount()
Testname: testGetCategoryIndex() 

Testname: testSetSeriesKeys()

Error Message: Expected true, but was false.
Failuer Line: empty.setSeriesKeys(new String[0])

Fig. 1. Bug Chart-16 from Defects4J V1.2, Its Human-Written Patch, and the Contextual Information.

2 PReMM in Action

Figure 1a shows in the GNU diff format the changes programmersmade to correct bug Chart-16 from
the Defects4J benchmark [18]. The bug affected two methods DefaultIntervalCategoryDataset2
and setCategoryKeys of class DefaultIntervalCategoryDataset. Method DefaultIntervalCategory-

Dataset is responsible for initializing an interval dataset with series and category keys, and it sets
two fields seriesKeys and categoryKeys to null when given an empty data array, which, however,
will cause a NullPointerException later when the fields are used as receivers to invoke their member
methods. Method setCategoryKeys sets the category keys for a DefaultIntervalCategoryDataset

object, and during the process, it compares the length of its argument categoryKeys to that of
this.startData[0] without making sure that this.startData has at least one element, which will
cause an unexpected exception when this.startData is null or empty. Accordingly, an appropriate
and complete patch for this defect must include changes to both methods. Changes to method
setCategoryKeys are needed to correctly count the number of categories of this object, and adjust-
ments to method DefaultIntervalCategoryDataset are necessary to make sure that the two fields
seriesKeys and categoryKeys are always initialized with non-null arrays.

When applied to the fault, PReMMwas able to successfully generate the same repair as crafted by
the human developers in under 7 minutes. How did PReMM generate the repair? Three techniques
distinguish PReMM from previous LLM-based approaches to program repair, namely faulty method
clustering, fault context extraction, and dual-agent-based patch generation. PReMM first clustered
the two faulty methods into two different invocation-wise clusters since there was no invocation
relation between them (Figure 1b). This step enables PReMM to repair each faulty method indepen-
dently, greatly reducing the complexity of, and increasing the chances of success for, the repairing
task. Then, it constructed possible invocation chains from the failing test methods to the two faulty
methods (Figure 1d), identified method setSeriesKeys of the same class as the code segment that
is the most similar to the faulty method setCategoryKeys (Figure 1c), and gathered tokens like
Comparable and getCategoryCount as the key ingredients for correcting the faulty methods (Figure
1e). Such rich contextual information about the fault provides extra guidance to the generation of
high-quality patches. Finally, PReMM employed two agents, one for fault analysis and the other for
2Without loss of generality, we regard constructors as member methods of their enclosing classes in this work.
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Program 𝑃

Fault Location
Faulty 

Methods 𝐹

Dependency 
Analysis

Faulty Methods 
Clustering

𝐹!" Patch 𝑃" for 𝐹#"

Combined Patch
for (𝐹#",…, 𝐹#$)

Pass?Run 
Tests  𝑇$

N

Y

Patch 𝑃$	for	𝐹#$

Valid Patch
Patch 𝑃%		for 𝐹#% Pass?Run 

Tests  𝑇&

Patch 𝑃& for 𝐹#&

Y

𝐹#$

𝐹#%

𝐹#&

N

Test Cases 𝑇

Fault Context
Information

Faulty Context
Extraction

Dual-Agent-Based
Patch Generation

Test-wise Invocation-wise

Combined Patch
for (𝐹#%,…, 𝐹#&)

Re-analyze-and-generate

Re-analyze-and-generate

Patch
Validation

Fig. 2. Overview of PReMM.

patch generation, to analyze the fault and produce patches for the methods in a collaborative and
iterative way, allowing the agents to improve their analysis and generation results based on the
feedback received. After 4 and 4 iterations, PReMM was able to generate the valid sub-repairs for
methods DefaultIntervalCategoryDataset and setCategoryKeys, respectively, which merged later
into a final repair that not only passed all the tests but also was manually confirmed to be correct.

3 The PReMM Approach

We now explain in detail how PReMM effectively generates multi-method repairs to program faults
step by step. Since fault localization is usually developed as an independent field, and most existing
APR techniques employ off-the-shelf fault localization tools in their repair pipeline, we do not
discuss the fault localization step below. Instead, we assume that the location information about
the buggy lines is available already before applying PReMM to repair a buggy program. Figure 2
illustrates the overall process of automated program repair with PReMM. Roughly speaking, taking
a buggy program 𝑃 , the lines of code in the program that are considered buggy, and a group of
passing and failing test cases 𝑇 as the input, PReMM goes through a two-stage process to produce
a repair that can make the program pass all the test cases. In the first stage, PReMM partitions the
faulty methods 𝐹 into mutually exclusive clusters based on whether the patches to the methods can
interfere with each other’s validation and whether there is any invocation relation among them
(Section 3.1). In the meanwhile, PReMM also gathers rich contextual information about the bug in
question (Section 3.2). In the second stage, PReMM employs two LLM-based agents to repeatedly
generate and validate candidate patches for the faulty method clusters until a valid program patch is
found or the stop criterion is met (Section 3.3). Effectively, PReMM implements a divide-and-conquer
repairing strategy. It divides the more challenging task of program patch generation into a group of
hopefully less demanding subtasks of cluster patch generation, and it conquers the subtasks and
combines the subtasks’ outcomes to form the program repair to be validated or reported.

In the rest of this section, we will use the following notations. Let 𝑃 denote the buggy program
to be repaired, 𝑇✓ and 𝑇× represent the two sets of passing and failing test cases, respectively,
and 𝑇 = 𝑇✓ ∪ 𝑇× denote the complete set of test cases. Let 𝑀 represent all methods in 𝑃 , and
𝐹 = {𝑓1, . . . , 𝑓𝑛}(1 ≤ 𝑛)3 denote the set of identified faulty methods, where 𝐹 ⊆ 𝑀 . PReMM aims to
generate a repair 𝑅 such that the repaired program 𝑅(𝑃) passes all tests in 𝑇 , denoted as 𝑅(𝑃) |= 𝑇 .
3While PReMM can be applied to repair single-method bugs (i.e., 𝑛 = 1), we designed it mainly for correcting multi-method
bugs (i.e., when 𝑛 > 1), and that is when PReMM’s repairing power is expected to shine.
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For a method𝑚 ∈ 𝑀 , we use 𝐼𝑚 to denote the set of methods (directly or indirectly) invoked by
𝑚. Since a test 𝑡 ∈ 𝑇 is typically defined as a method, we also use 𝐼𝑡 to denote the set of methods
(directly or indirectly) invoked by 𝑡 . Besides, we overload the notation and use 𝐼𝑀′ and 𝐼𝑇 ′ to denote
the set of methods (directly or indirectly) invoked by a set 𝑀 ′ of methods and a set 𝑇 ′ of tests,
respectively. In other words, we have 𝐼𝑀′ = ∪𝑚∈𝑀′𝐼𝑚 and 𝐼𝑇 ′ = ∪𝑡 ∈𝑇 ′𝐼𝑡 . Additionally, for a method𝑚,
we use 𝑇𝑚 to denote the set of tests in 𝑇 that (directly or indirectly) invokes𝑚 and 𝑇𝑀′ = ∪𝑚∈𝑀′𝑇𝑚
to denote the set of tests that (directly or indirectly) invoke any method from𝑀 ′.

3.1 Faulty Method Clustering

Effectively proposing high-quality multi-method patches is highly challenging. On the one hand,
because of the vast patch space to explore when repairing each faulty method and the combinatorial
explosion of possible method patches, it is highly unlikely that a program repair tool can generate
a program patch that simultaneously contains the appropriate changes to all the faulty methods.
On the other hand, correcting a multi-method fault by separately repairing each faulty method
will not work well either when those methods depend on each other, and therefore, their patches
influence each other’s generation and validation.
Since neither of these two extreme approaches is generally viable in practice, PReMM adopts

a middle path based on the divide-and-conquer strategy. As explained earlier, PReMM partitions
the set 𝐹 of faulty methods into disjoint clusters, dedicates repair sub-tasks to generate patches
for each cluster of faulty methods, and combines the generated cluster patches to form candidate
program patches. Here, as all the faulty methods within the same cluster are repaired together, for
this strategy to work well, it is critical to partition the faulty methods appropriately to strike a good
balance between the benefits and the drawbacks brought about by the other faulty methods in
the same cluster when generating cluster patches. That is, faulty methods within a cluster should
provide valuable information for guiding the generation of patches to each other, and the amount
of such information should not become overwhelming for the program repair tool to consume.

PReMMpartitions the faultymethods 𝐹 based on two types of dependence, namely test-dependence
and invocation-dependence, among them. The rationale behind faulty method clustering based on
the test-dependent relation is that, since changes to one faulty method may affect the test execution
results produced in validating other faulty methods from the same test-wise cluster, patches to
faulty methods in a test-wise cluster should be validated together. The rationale behind faulty
method clustering based on the invocation-dependent relation is that, faulty methods with invoca-
tion dependence relation typically implement related functionalities and may share similar context,
and therefore patches to such faulty methods should be generated together.
PReMM constructs the Class Hierarchy Analysis (CHA) call graph [14] for both faulty method

clustering and invocation chain extraction for two reasons. First, CHA call graphs strike a good
balance between precision and construction costs [14]. Second, PReMM only cares about the
invocation relations among the failing tests and input faulty methods, which seldom come in large
amounts, so we don’t need to worry about producing extremely large clusters. CHA call graphs
turned out to be sufficient to enable PReMM to produce high-quality repairs, and the average
number of methods per cluster was below 2 in our experimental evaluation on Defects4J (Section 4).

3.1.1 Test-Wise Clustering. Test-wise clustering partitions faulty methods 𝐹 = {𝑓1, . . . , 𝑓𝑛} into
test-wise clusters based on their test-dependence relations, which capture both direct and indirect
dependencies induced by shared test executions. Two faulty methods 𝑓1 and 𝑓2 (𝑓1, 𝑓2 ∈ 𝐹 ) are
test-dependent on each other, denoted as 𝑓1 ↔𝑡 𝑓2, if and only if 1) they are both invoked by at least
one test, i.e., ∃𝑡 ∈ 𝑇 : 𝑓1 ∈ 𝐼𝑡 ∧ 𝑓2 ∈ 𝐼𝑡 (e.g., Figure 3a shows an example of this case), or 2) there exists
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another faulty method 𝑓3 that is test-dependent on both 𝑓1 and 𝑓2, i.e., ∃𝑓3 ∈ 𝐹 : 𝑓1 ↔𝑡 𝑓3 ∧ 𝑓2 ↔𝑡 𝑓3
(e.g., Figure 3b shows an example of this).

𝑓! 𝑓"

𝑡

(a)

𝑓! 𝑓"

𝑡!

𝑓#

𝑡#

(b)

Fig. 3. Test-Dependency Relation.

To compute the test-dependence relation ↔𝑡 among faulty
methods, PReMM performs the following steps: (1) Static Anal-
ysis: PReMM first statically analyzes the program 𝑃 and the
test suite 𝑇 to construct a call graph 𝐺 and determine, for
each faulty method 𝑓 , the set 𝑇𝑓 ⊆ 𝑇 of tests that invoke 𝑓 .
(2) Construct Direct Test-Dependency Set 𝑈 : We define and
construct the set 𝑈 ⊆ 𝐹 × 𝐹 of faulty method pairs with di-
rect test dependency such that each pair (𝑓1, 𝑓2) is in 𝑈 if and
only if 𝑓1 and 𝑓2 are invoked by at least one common test:
𝑈 = {(𝑓1, 𝑓2) : 𝑓1 ∈ 𝐹 ∧ 𝑓2 ∈ 𝐹 ∧ 𝑇𝑓1 ∩ 𝑇𝑓2 ≠ ∅}. (3) Transi-
tive Closure: Finally, the test-dependence relation ↔𝑡 between faulty methods is computed as the
transitive closure of𝑈 : ↔𝑡= 𝑈 ∪𝑈 ◦𝑈 ∪𝑈 ◦𝑈 ◦𝑈 ∪ . . .. This ensures that indirect dependencies
(e.g., 𝑓1 ↔𝑡 𝑓3∧ 𝑓3 ↔ 𝑓2 =⇒ 𝑓1 ↔ 𝑓2) are included. PReMM can easily partition the faulty methods
𝐹 based on the test-dependence relation so that any two faulty methods fall into the same cluster
if and only if they are test-dependent on each other, and we call each resultant cluster from this
partition operation a test-wise cluster.

𝑓! 𝑓"

(a)

𝑓! 𝑓"

(b)

𝑓! 𝑓"

𝑓# 𝑓! 𝑓"

𝑓#

(c)

Fig. 4. Invocation-Dependence Relation.

3.1.2 Invocation-Wise Clustering. Invocation-wise Clus-
tering partitions faulty methods into invocation-wise
cluster based on their invocation-dependency relations.
Two faulty methods 𝑓1 and 𝑓2 (𝑓1, 𝑓2 ∈ 𝐹 ) are invocation-
dependent on each other, denoted as 𝑓1 ↔𝑖 𝑓2, if and only
if 1) 𝑓1 (directly or indirectly) invokes 𝑓2, i.e., 𝑓2 ∈ 𝐼𝑓1 , as
shown in Figure 4a, 2) 𝑓2 (directly or indirectly) invokes
𝑓1, i.e., 𝑓1 ∈ 𝐼𝑓2 , as shown in Figure 4b, or 3) there exists
another faulty method 𝑓3 that is invocation-dependent on
both 𝑓1 and 𝑓2, i.e., ∃𝑓3 ∈ 𝐹 : 𝑓1 ↔𝑖 𝑓3∧ 𝑓2 ↔𝑖 𝑓3, as shown
in Figure 4c. To compute the invocation-dependence relation↔𝑖 among faulty methods, PReMM
calculates the set𝑉 ⊆ 𝐹 ×𝐹 of faulty method pairs such that each pair (𝑓1, 𝑓2) is in𝑉 if and only if 𝑓1
directly or indirectly invokes 𝑓2 or vice versa, i.e.,𝑉 = {(𝑓1, 𝑓2) : 𝑓1 ∈ 𝐹∧ 𝑓2 ∈ 𝐹∧(𝑓1 ∈ 𝐼𝑓2∨ 𝑓2 ∈ 𝐼𝑓1 )},
and the invocation-dependent relation↔𝑖 between faulty methods is computed as the transitive
closure of 𝑉 , i.e.,↔𝑖= 𝑉 ∪𝑉 ◦𝑉 ∪𝑉 ◦𝑉 ◦𝑉 ∪ . . .. Based on the invocation-dependence relation,
PReMM can easily partition each test-wise cluster so that any two faulty methods remain in the
same cluster if and only if they are invocation-dependent on each other, and we call each resultant
cluster from this partition operation an invocation-wise cluster. In other words, two faulty methods
𝑓1 and 𝑓2 belong to one invocation-wise cluster if and only if they are both test-dependent and
invocation-dependent on each other, i.e., 𝑓1 ↔𝑡 𝑓2 ∧ 𝑓1 ↔𝑖 𝑓2.

To summarize, in faulty method clustering, PReMM first calculates the test-dependence relation
↔𝑡 and invocation-dependence relation↔𝑖 among faulty methods, and then partitions the set 𝐹 of
faulty methods into a collection 𝐶 = {𝐹𝑐1 , . . . , 𝐹𝑐𝑚 } (1 ≤ 𝑚 ≤ |𝐹 |) of disjoint non-empty invocation-
wise clusters satisfying that 1) 𝐶 ⊂ 2𝐹 ∧ ∅ ∉ 𝐶 , 2) ∀𝐹𝑐1 , 𝐹𝑐2 ∈ 𝐶 : 𝐹𝑐1 ∩ 𝐹𝑐2 = ∅ ∧ ∪1≤𝑥≤𝑚𝐹𝑐𝑥=𝐹 , and
3) ∀𝐹𝑐𝑖 ∈ 𝐶, 𝑓𝑐1 , 𝑓𝑐2 ∈ 𝐹𝑐𝑖 : 𝑓𝑐1 ↔𝑡 𝑓𝑐2 ∧ 𝑓𝑐1 ↔𝑖 𝑓𝑐2 .

3.1.3 Remark. Faulty method clustering (FMC) provides multiple benefits. First, each identified
invocation-wise cluster groups together the faulty methods that should be generated collectively,
providing PReMM’s patch generation with clearer focuses and richer contextual information (see
Section 3.2). Second, each identified test-wise cluster groups together the faulty methods that
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<Analysis Report> 
The method fails due to
an incorrect check…

Fault 
Analysis
Agent

Patch 
Generation
Agent

Valid?
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Invocation-wise
Faulty Method 

Cluster 𝐹!!

Related Failed 
Test Cases 𝑇"

<Patch History> The fixed version cannot be compiled or still 
fails to pass the following test cases. Please analyze the 
reasons for these issues and make necessary improvements.

N

…

308 If (categoryKeys.length != 
this.startData[0].length){
…

<Test Specification>
These codes fail on the 
following test cases:
### Failed test case No.1:

…

testSetSeriesKeys()
with the test error:
Expected true, but was false.

<Similar Code Segments> 
A list of similar code segments 
from other files in the project 
for the faulty method…

<Invocation Chain Info> 
Invocation chains form the 
test cases to these faulty 
methods are provided, …
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Key Token Mining

Invocation Chain 
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Key tokens extracted 
from of the faulty classes 
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### Suspicious Method No.1:

where lines in 338 are suspicious.

Work Flow Prompt Flow

Fault Context Extraction

Patch 𝑃"

Compile?

Validate

Fig. 5. How Fault Contexts Facilitate Dual-Agent-Based Patch Generation.

should be validated collectively, helping PReMM be more efficient in discovering invalid patches
and more confident in the quality of the patches that validate successfully (see Section 3.3.2). Third,
by allowing patch generation and validation to be performed on smaller clusters of faulty methods,
faulty method clustering enables PReMM to divide the task of multi-method patch generation into
several sub-tasks of similar nature but most likely on smaller scales, enhancing PReMM’s repairing
power and scalability. Note that faulty method clustering is always applicable. Having all the faulty
methods in one cluster simply means that, according to our analysis, those faulty methods are test-
or invocation-dependent on each other and should be repaired together.

3.2 Fault Context Extraction
While the generation of cluster patches is hopefully less formidable than that of program patches,
it is still more demanding than the generation of single-method patches if the cluster contains
more than one faulty method. Existing techniques, like ChatRepair [55] and ThinkRepair [59], rely
heavily on the basic fault information, including the code snippets around the faulty code and the
error messages produced by the failing tests. Richer contextual information, however, is required for
repairing multi-method bugs. To better guide the remaining repairing process in understanding and
repairing the fault in question, PReMM extracts the following three additional types of information
about the failure caused by the fault and the fault context: 1) Invocation chain information that
specifies how the faulty methods are invoked by the failing tests, offering extra knowledge about
the invocation contexts of the faulty methods; 2) Similar code segments that specify code snippets
from the same program that are similar to the code at the fault locations, demonstrating how similar
operations were correctly performed in the same application; 3) Key tokens that contain relevant
identifiers from the repair context, highlighting ingredients that may be crucial in constructing the
desired patch. We explain in this section how the remaining three types of fault context information
are extracted. The subsequent section (Section 3.3) will describe how the information is utilized to
facilitate fault analysis and patch generation, as illustrated in Figure 5.

3.2.1 Invocation Chain Information. Given a invocation-wise cluster 𝐹𝑐 = {𝑓𝑐1 , . . . , 𝑓𝑐𝑘 }(1 ≤ 𝑘) of
faulty methods, 𝑇𝑐 = {𝑡 ∈ 𝑇 : 𝐼𝑡 ∩ 𝐹𝑐 ≠ ∅} is the set of tests that invoke at least one method from
𝐹𝑐 . Let 𝐺 = ⟨𝑉 , 𝐸⟩ be the call graph constructed for program 𝑃 and tests 𝑇𝑐 , where 𝑉 = 𝑀 ∪ 𝑇𝑐
𝐸 ⊆ 𝐺 × 𝐺 , and each pair of methods ⟨𝑣1, 𝑣2⟩ is in 𝐸 if and only if 𝑣1 invokes 𝑣2 (𝑣1, 𝑣2 ∈ 𝑉 ). A
sequence 𝜌 = [𝑣1, . . . , 𝑣𝑙 ] of methods denotes an acyclic path in 𝐺 if and only if 𝑣𝑖 ∈ 𝑉 (1 ≤ 𝑖 ≤ 𝑙),
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∀𝑖 : 1 ≤ 𝑖 < 𝑙 =⇒ ⟨𝑣𝑖 , 𝑣𝑖+1⟩ ∈ 𝐸, and ∀1 ≤ 𝑖, 𝑗 ≤ 𝑙 : 𝑖 ≠ 𝑗 =⇒ 𝑣𝑖 ≠ 𝑣 𝑗 . Let 𝑆 = {𝜌1, . . . , 𝜌𝑟 } be the
set of acyclic paths in 𝐺 , PReMM picks for each faulty method 𝑓 ∈ 𝐹𝑐 a path 𝜌0 in 𝑆 that satisfies
the following conditions as the representative to encode 𝑓 ’s invocation chain information: 1) it
starts from a test method 𝑡 ∈ 𝑇𝑐 ; and 2) it ends with the faulty method 𝑓 . The invocation chain
information captures how failing test cases 𝑇𝑐 invoke the faulty methods 𝐹𝑐 . Finally, to eliminate
redundancy, if 𝑆 contains overlapping paths—e.g., for faulty methods 𝑓𝑐𝑠 and 𝑓𝑐𝑡 where 𝑓𝑐𝑠 invokes
𝑓𝑐𝑡 , both paths 𝜌𝑠 = {𝑡 → · · · → 𝑓𝑐𝑠 } and 𝜌𝑡 = {𝑡 → · · · → 𝑓𝑐𝑠 → · · · → 𝑓𝑐𝑡 } may appear—we
retain only the longer path and discard the shorter one. While the representative path 𝜌0 (derived
through static analysis) may not perfectly mirror every runtime execution, this design avoids
the computational overhead of dynamic tracing and preserves the key structural patterns while
omitting noisy runtime branches and ensuring LLM-actionable inputs.

3.2.2 Similar Code Segments. Given the buggy program 𝑃 and a cluster 𝐹𝑐 = {𝑓𝑐1 , . . . , 𝑓𝑐𝑘 }(1 ≤ 𝑘)
of faulty methods, PReMM employs an inheritance-hierarchy-aware code search approach from
TransPlantFix [56] to identify code segments similar to the faulty methods. Here, the code similarity
between two methods is calculated based on the local and global features of the two methods, with
the local features reflecting their structural and syntactical similarities, and the global features
assessing the inheritance relationship of the methods’ containing classes.
In particular, given two methods 𝑚1 and 𝑚2, the local similarity between them is calculated

based on their local features as follows:

𝑆𝑖𝑚𝑙 (𝑚1,𝑚2) = 𝜆1 ∗ jacc(𝑚1 .𝑛𝑎𝑚𝑒,𝑚2 .𝑛𝑎𝑚𝑒) + 𝜆2 ∗ jacc(𝑚1.𝑐𝑜𝑑𝑒,𝑚2.𝑐𝑜𝑑𝑒) (1)

As shown in Equation 1, the local similarity is essentially calculated as the weighted sum of the
Jaccard similarity of the two methods’ names and their body. Note that, in the original TransPlantFix
approach, the local similarity incorporates the similarity between the methods’ names and argument
type lists, and the similarity between two identifiers in CamelCase is calculated by first splitting
them into sets of subtokens and then comparing the two sets. Since we are more interested in
finding out the similarity between the two methods’ implementations, PReMM extends the design
by factoring in the similarity between the two method bodies. It splits each method body into a
set of lexical tokens and then computes the Jaccard similarity between the two sets. We opted for
Jaccard similarity, instead of edit distance, to keep similar code segment identification in PReMM
lightweight. The parameters 𝜆1 and 𝜆2 represent the weights assigned to the similarity score of the
method name and method code, respectively.

The global similarity between methods𝑚1 and𝑚2 is calculated as follows:

𝑆𝑖𝑚𝑔 (𝑚1,𝑚2) =


1 if𝑚1 .𝑐𝑙𝑠 ≃𝑚2 .𝑐𝑙𝑠,
𝜆3 · jacc(𝑚1 .𝑝𝑘𝑔𝑁𝑎𝑚𝑒,𝑚2 .𝑝𝑘𝑔𝑁𝑎𝑚𝑒)+

𝜆4 · jacc(𝑚1 .𝑐𝑙𝑠𝑁𝑎𝑚𝑒,𝑚2 .𝑐𝑙𝑠𝑁𝑎𝑚𝑒) otherwise
(2)

As shown in Equation 2, the global similarity between two methods𝑚1 and𝑚2 captures both class
hierarchy and naming relationships. Specifically, the similarity takes the value 1 if their containing
classes inherit from the same superclass, denoted as𝑚1.𝑐𝑙𝑠 ≃𝑚2.𝑐𝑙𝑠; otherwise, it is the weighted
sum of the similarities between their package names and class names. The parameters 𝜆3 and 𝜆4
represent the weights assigned to the similarity score of their package and class names, respectively.

Following the practice in TransPlantFix, PReMM computes the overall similarity score between
two methods as the average of their local and global similarities. All the weights in the above
two equations, namely 𝜆1, 𝜆2, 𝜆3, and 𝜆4), are set to 0.5 by default so that the Jaccard similarities
contribute equally to the local and global similarity scores. Finally, for each faulty method 𝑓 ,
we select 5 correct methods from the buggy program with the highest similarity to 𝑓 and use
them as similar code segments for 𝑓 . These similar code segments serve as repair references by
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demonstrating how analogous code is implemented elsewhere in the program, helping to guide the
generation of more context-aware and consistent fixes.

3.2.3 Key Tokens. Given a cluster 𝐹𝑐 = {𝑓𝑐1 , . . . , 𝑓𝑐𝑘 }(1 ≤ 𝑘) of faulty methods, PReMM extracts
key tokens from the methods’ containing classes to provide tailored cues to guide repair generation
for the methods. In particular, the set 𝐾 of key tokens is the union of the following 4 types of tokens:
1) the set 𝑉 of variable names from the method, 2) the set𝑀 of method names from the method’s
containing class, 3) the set 𝑃𝑇 of parameter types, and 4) the set 𝑃𝑁 of parameter names. These
tokens provide crucial contextual cues for the LLM during the repair process. The effective use
of these tokens helps the LLM focus on semantically relevant information, thereby avoiding the
generation of irrelevant or extraneous tokens—an issue frequently discussed in previous work on
LLM-based program repair, such as Repilot [51]. The inclusion of method-specific tokens ensures
that the LLM has sufficient context to generate accurate repairs, as these tokens reflect the domain
semantics (e.g., intent hints from method/variable names) of the code.

3.3 LLM-Based Program Repair
As shown in Figure 2, after partitioning the faulty methods 𝐹 into disjoint clusters𝐶 = {𝐹𝑐1 , . . . , 𝐹𝑐𝑚 },
where each cluster 𝐹𝑐 = {𝑓𝑐1 , . . . , 𝑓𝑐𝑘 }(1 ≤ 𝑘) groups methods with shared invocation contexts, and
gathering additional contextual information about the fault for each cluster 𝐹𝑐 , PReMM, attempts
to repair these invocation-wise clusters in a parallel manner. The process operates as follows:
(1) Dual-Agent-Based Patch Generation: For each cluster 𝐹𝑐 , two specialized LLM-based agents
collaborate to generate a compilable patch P(𝐹𝑐 ). And (2) Test-Wise Patch Validation: Generated
patches {P(𝐹𝑐1 ), . . . ,P(𝐹𝑐𝑚 )} are regrouped into test-wise patches based on their test-dependency
relations. Each consolidated patch is validated against its associated tests. If validation fails, detailed
error traces (e.g., test assertion failures) are fed back to the corresponding dual-agent repairers. This
loop continues until either: A fully valid patch is produced, or A predefined interaction limit (e.g.,
time, iterations) is reached. This design is particularly effective because the hierarchical validation
ensures that each invocation-wise cluster patch is independently compilable during the dual-agent
repair phase, preventing systemic rework during test-wise validation.
3.3.1 Dual-Agent-Based Patch Generation. For each invocation-wise cluster 𝐹𝑐 = {𝑓𝑐1 , . . . , 𝑓𝑐𝑘 }(1 ≤
𝑘), PReMM employs two agents, namely fault analysis agent and patch generation agent, which
utilize different types of contextual information extracted through the fault context extraction
component (Section 3.2), to analyze the fault and produce compilable patches for the faulty methods
in 𝐹𝑐 in a collaborative way. As illustrated in Figure 6, this patch generation process essentially
involves three tasks: 1) fault analysis, 2) patch generation, and 3) patch compilation. The resulting
compilable patch is subsequently forwarded to the validation phase (Section 3.3.2).

Task 1: Fault Analysis. PReMM employs an LLM-based fault analysis agent to accomplish two
crucial tasks: (1) analyze the root cause and context of the fault; and (2) refine its diagnosis by
iteratively incorporating repair history (e.g., past failed patches) and validation feedback (e.g., test
assertion failures). It will produce a fault analysis report to guide the program repair agent so that
the latter can be better oriented in the cluster patch generation process.
In particular, the fault analysis agent is assigned at the very beginning the role of “fault

analysis expert” and the task of “analyzing a functional bug across multiple methods”
via a system prompt. The user prompt for the fault analysis agent in each interaction is divided
into three parts, as shown in Figure 5. The first part is dedicated to describing the fault in the
invocation-wise cluster of faulty methods. More concretely, this part contains i) the signature, the
body, and the faulty lines of each faulty method, and ii) the signature and body of each associated
failing test case, both of which can be easily derived from PReMM’s input. The second part is
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Fig. 6. The Interaction Between the Fault Analysis Agent and the Patch Generation Agent.

dedicated to presenting the information extracted from the fault context, as described in Section 3.2,
including the invocation chain information and similar code segments. Considering that PReMMmay
need to go through multiple iterations of fault analysis and patch generation before a desirable
patch is produced, and that the information about the unsuccessful attempts should be fed back
to the agent, we reserve the third (optional) part of the fault analysis agent’s user prompt for
information about the undesirable patches generated in the latest attempt, if any, and the feedback
on why the patch was undesirable. Here, the feedback can be i) the compilation errors and their
locations in each faulty method if the patch fails to pass the patch compilation (Task 3) or ii) the
signature and body of each failed test case if the patch fails to validate (see Section 3.3.2). The user
prompt also instructs the fault analysis agent to generate a detailed report on why the specified
lines of the methods were faulty. The report is then passed to the patch generation agent to guide
the generation of compilable cluster patches.

Task 2: Patch Generation. PReMM employs a second LLM-based patch generation agent to
accomplish the task: generate the patch P(𝐹𝑐 ) for all the faulty methods in cluster 𝐹𝑐 . Just like the
fault analysis agent, the patch generation agent is assigned the role of “patch generation expert”
and the task of “generating a compilable patch to correct the given fault” via a system
prompt. The user prompt for the patch generation agent in each interaction is divided into three
parts, as shown in Figure 5. Here, the first part is the same as the first part of the user prompt for
the fault analysis agent, which describes the fault of faulty methods in the cluster; the second part
contains the analysis report produced by the fault analysis agent; the third part contains the key
tokens gathered during fault context extraction (see Section 3.2). The user prompt instructs the patch
generation agent to generate patches for the faulty methods in question and explain the reasons
for repairing the faulty methods in the given way. While the explanations do not directly affect
the compilability or validity of the patches, they are valuable information to help the users better
understand the patches, should they validate successfully and get reported to the users.

Task 3: Patch Compilation. This step validates the compilability of the generated patch P(𝐹𝑐 )
for invocation-wise cluster 𝐹𝑐 . Since ∀𝐹𝑐𝑖 , 𝐹𝑐 𝑗 ∈ 𝐶 (𝑖 ≠ 𝑗), P(𝐹𝑐𝑖 ) and P(𝐹𝑐 𝑗 ) are independent,
PReMM first verifies its local compilability by integrating P(𝐹𝑐 ) into the buggy program 𝑃 , to
produce a candidate repair 𝑃 ′ = 𝑃 ∪ P(𝐹𝑐 ). If 𝑃 ′ can be compiled, P(𝐹𝑐 ) proceeds to test-wise
validation (Section 3.3.2). Otherwise, as described earlier, the patch and the errors that compilation
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errors will be utilized as the third part of a user prompt for the fault analysis agent to drive the
next round of compilable cluster patch generation, effectively making the process iterative. Note
that this process only ensures the compilability of P(𝐹𝑐 ), it cannot make all the tests pass yet.
3.3.2 Test-Wise Patch Validation. For two invocation-wise clusters 𝐹𝑐𝑖 and 𝐹𝑐 𝑗 , if they satisfy the
following condition: ∀𝑓𝑖 ∈ 𝐹𝑐𝑖 ,∀𝑓𝑗 ∈ 𝐹𝑐 𝑗 , 𝑓𝑖 ↔𝑡 𝑓𝑗 (𝑓𝑖 and 𝑓𝑗 , are test-dependent), we call 𝐹𝑐𝑖 and 𝐹𝑐 𝑗
are test-dependent. Once PReMM has generated a compilable cluster patch to each invocation-wise
cluster of faulty methods, denoted as {P(𝐹𝑐1 ), . . . ,P(𝐹𝑐𝑚 )}, it proceeds to check the validity of
these patches, i.e., whether they can make the associated tests pass. This is conducted by combining
the compilable patches for all the test-dependent invocation-wise clusters in each test-wise cluster
𝐹𝐶 = {𝐹𝑐1 , . . . , 𝐹𝑐𝑠 } into a larger patch P(𝐹𝐶 ), applying them to the buggy program, and running
the repaired program against the associated test cases 𝑇𝐶 of each 𝐹𝐶 . If the repaired program fails
some test cases in 𝑇𝐶 , the patches of the current test-wise cluster are not valid, and PReMM starts
another iteration of compilable cluster patch generation on each invocation-wise cluster 𝐹𝑐𝑖 ∈ 𝐹𝐶
until a valid patch for 𝐹𝐶 is produced or the maximum number of repetitions has been exhausted.
Otherwise, we have found a potentially valid patch to the faulty methods in 𝐹𝐶 .

Finally, once all the valid test-wise cluster patches become available, PReMM proceeds to synthe-
size a unified program-level patch by combining the corresponding partial patches. This final step
is essential because test-wise validations performed in isolation cannot ensure that the combined
patch will preserve correctness. Since faulty method clustering is based on the call graph of the
original buggy program, the invocation relations among these target methods may be different in
the repaired program, potentially introducing unforeseen interactions between patched compo-
nents. Therefore, to address this, PReMM applies all validated partial patches to the buggy program,
forming a complete program-level patch, and performs a final validation by executing the full test
suite. This step adheres to standard practice in automated program repair. If all test cases pass, the
patch is deemed valid and reported to the user. Otherwise, if any test case fails, the combined patch
is rejected and the repair attempt is considered unsuccessful.

3.4 Implementation

We have implemented the PReMM approach into a standalone tool with the same name, using
Qwen2.5-72B-Instruct [49] (released in September 2024) as the base model, which ranks first on the
OpenCompass Rank [41] (as of September 2024). Qwen2.5 is an open-source large language model
series developed by Alibaba Cloud, and Qwen2.5-72B-Instruct is the instruction-tuned version
of Qwen2.5 with 72B parameters. We utilize the model through the Alibaba Cloud API and set
the temperature to 1.0 to balance creativity and accuracy, allowing the model to generate diverse
yet meaningful patches, following ThinkRepair [59] and ChatRepair [55]. By default, PReMM is
configured to generate at most five candidate patches in each repairing session targeting a specific
bug, and it terminates once a valid patch is found, the maximum number of candidates have been
generated and validated, or the allocated time is used up.

While PReMM is built on top of the Qwen2.5-72B-Instruct model in its current implementation,
it is worth noting that PReMM is only loosely coupled with the underlying large language model,
and we can easily replace the model with other more powerful large language models when they
become available to take advantage of the latest advancements in the area.

4 Experimental Evaluation

In this section, we experimentally apply PReMM to repair bugs in real-world programs and assess
its effectiveness. Our experiments are designed to address the following three research questions:
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RQ1: How effective is PReMM in repairing real-world bugs? In RQ1, we assess to what extent
PReMM is able to generate high-quality repairs to real-world bugs, especially bugs that
demand composite repairs.

RQ2: How does PReMM compare to existing program repair tools in terms of effectiveness? In RQ2,
we compare the repairing results produced by PReMM and learning- or LLM-based program
repair tools that represent the state of the art. Following the previous work [55, 59], we mainly
focus on the number of correct patches each technique can produce in the comparison.

RQ3: How important are its core components in helping PReMM achieve the program repair
results? The PReMM technique is built on three core components, namely faulty method
clustering, fault context extraction, and dual-agent-based patch generation. In RQ3, we zoom
in on the core components of PReMM and investigate how important they are in helping the
tool repair buggy programs.

4.1 Datasets
Following the practice in existing research [53–55, 59], we apply PReMM to repair the real-world
bugs from the Defects4J datasets [18] in our experiments. Defects4J V1.2 contains 395 bugs across
6 Java projects, while Defects4J V2.0 includes 444 different bugs across 12 Java projects. In total, the
two versions provide 839 unique bugs, of which 545 involve a single buggy method, 186 involve
multiple buggy methods, and 108 involve buggy code elements outside methods (e.g., class fields).
PReMM is designed to address both single-method (SM) and multi-method (MM) bugs.

Table 1 provides detailed statistics of the projects and bugs from the two datasets. In particular,
for each project in the dataset, the table lists: 1) the total number of lines of code in the project
(LOC); 2) the total number of bugs in the project4 (#Bug); and 3) the number of single-method bugs
(#SMB). Regarding the multi-method bugs in each project (MMB), the table also lists: 5) the total
number of multi-method bugs (Tot); 6) the number of multi-method bugs where the faulty methods
were/were not partitioned into different clusters (#C/#NC); 7) the total number of faulty methods
involved (#FM); and 8) the total numbers of test-wise (#TC) and invocation-wise (#IC) clusters into
which the faulty methods were partitioned.

According to the statistics, a significant percentage, 22.2% (=186/839) to be precise, of the Defects4J
bugs demandmulti-method patches and are beyond the repairing power of most existing LLM-based
program repair techniques [55, 59], which highlights the necessity and importance of techniques
like PReMM that aim to repair multi-method bugs. More concretely, for 97, or 52.2% (=97/186),
multi-method bugs, the involved faulty methods are partitioned into different clusters, which
suggests that divide-and-conquer in general and faulty method clustering in particular are effective
strategies for reducing the complexity of multi-method bug repairing in many cases; for 89, or 47.8%
(=89/186), multi-method bugs, the involved faulty methods are not partitioned into different clusters.
This indicates that these methods are invocation-dependent on each other, meaning successful
program repair must produce coordinated patches for all of them as a whole, which highlights
the necessity of sophisticated techniques like fault context extraction and dual-agent-based patch
generation to guide the LLMs in diagnosing the faults and generating the patches.

4.2 Baselines
To address RQ2, we compare PReMM with 8 state-of-the-art automated program repair techniques.
In particular, the baselines include 4 neural-machine-translation-based (NMT-based) approaches, i.e.,
RewardRepair [58], TENURE [40], KNOD [16], and Mulpo [29], and 4 LLM-based APR methods, i.e.,

4The numbers of single-method and multi-method bugs do not add up to the total number of bugs in some projects because
certain bugs only require changes outside methods, e.g., concerning class field declarations.
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Table 1. The Defects4J Datasets of Real-World Bugs Used for Evaluating PReMM and the Evaluation Results.

Project LOC #Bug #SMB MMB Valid Correct

Tot #C #NC #FM #TC #IC Tot #SM #MM Tot #SM #MM

Chart 230K 26 17 9 7 2 23 18 20 22 15 7 22 15 7
Closure 149K 133 100 30 8 22 65 31 38 43 41 2 35 33 2
Lang 61K 65 46 15 11 4 36 23 29 45 36 9 36 29 7
Math 186K 106 74 29 22 7 66 39 54 55 46 9 41 32 9
Mockito 22K 38 24 9 5 4 41 19 34 10 10 0 9 9 0
Time 68K 27 18 8 3 5 32 15 21 9 8 1 4 3 1

Defects4J V1.2 716K 395 279 100 56 44 263 145 196 184 156 28 147 121 26

Cli 4K 39 30 7 4 3 19 7 13 23 20 3 17 16 1
ClosureV2.0 149K 43 13 12 6 6 25 12 18 5 5 0 2 2 0
Codec 5K 18 12 2 1 1 5 2 4 10 10 0 8 8 0
Collections 64K 4 1 1 0 1 3 1 1 0 0 0 0 0 0
Compress 12K 47 36 5 5 0 15 6 11 27 25 2 22 20 2
Csv 1K 16 12 1 1 0 2 1 2 11 11 0 10 10 0
Gson 11K 18 12 3 3 0 14 5 6 7 7 0 7 7 0
JacksonCore 27K 26 13 11 6 5 41 14 22 14 10 4 13 10 3
JacksonDatabind 75K 112 61 22 4 18 59 23 31 49 37 12 44 32 12
JacksonXml 7K 6 4 0 0 0 0 0 0 3 3 0 1 1 0
Jsoup 17K 93 63 13 6 7 35 22 22 41 40 1 35 34 1
JxPath 28K 22 9 9 5 4 20 12 14 1 1 0 1 1 0

Defects4J V2.0 400K 444 266 86 41 45 238 105 144 191 169 22 160 141 19

Overall 1116K 839 545 186 97 89 501 250 340 375 325 50 307 262 45

Table 2. The Baseline APR Techniques and PReMM.

Approach RewardRepair TENURE KNOD Mulpo AlphaRepair GAMMA ChatRepair ThinkRepair PReMM

Category NMT-based NMT-based NMT-based NMT-based LLM-based LLM-based LLM-based LLM-based LLM-based
Repair-
Granularity Token IR AST Statement/Ex-

pression/Token Token (Cloze) Line/Hunk
/Method Method Method

Stop Criterion 200 5 Hours 5 Hours 3 Hours 5000 5 Hours ≤ 1500 ≤ 125 ≤ 15
Venue ICSE2023 ICSE2023 ICSE2023 ISSTA2024 FSE2022 ASE2023 ISSTA2024 ISSTA2024 –
Reference [58] [40] [16] [29] [54] [60] [55] [59] –

AlphaRepair [54], Gamma [60], ChatRepair [55], and ThinkRepair [59]. One noteworthy difference
between the two categories of program repair techniques is that, while NMT-based APR approaches
require fine-tuning the underlyingmodels on historical bug-fixing data to achieve good performance,
LLM-based approaches often do not require such fine-tuning. More concretely, AlphaRepair and
Gamma treat automated program repair as a cloze task and utilize pre-trained LLMs to complete
the task, while ChatRepair and ThinkRepair repair bugs through conversational interactions with
ChatGPT via the OpenAI API [5]. All these 4 approaches eliminate the need for fine-tuning the
underlying models on bug-fixing data. Similarly, PReMM repairs bugs through conversational
interactions with the Qwen2.5-72B-Instruct model via the Alibaba Cloud API, without the need
for fine-tuning as well. Table 2 summarizes the basic information about the 8 baselines. For each
baseline, the table lists its category, repair granularity, the stopping criterion adopted, the reference
to the corresponding paper, and the venue at which the paper was published. We systematically
review these baselines and the other representative program repair techniques in Section 5.
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4.3 Experimental Setup

Each bug 𝑏 from the datasets provides a buggy program 𝑃𝑏 and a set𝑇𝑏 of tests such that 𝑃𝑏 fails on
at least one of the tests in 𝑇𝑏—thus triggering 𝑏. Following the standard practice in evaluations of
NMT-based and LLM-based automated program repair tool [53–55, 59], we assume the availability
of perfect information about the faults’ locations in the experiments. In particular, given a bug 𝑏, we
assume the perfect location information 𝐿𝑏 about 𝑏 is known before applying PReMM or a variant
to repair the bug. Here, 𝐿𝑏 contains not only the collection𝑀𝑏 of faulty methods associated with 𝑏
but also the exact fault locations in those methods. In the repair session targeting a specific bug 𝑏,
PReMM or one of its variants takes 𝑃𝑏 , 𝑇𝑏 , and 𝐿𝑏 as the input and, when successful, eventually
produces a valid patch 𝑣𝑏 to 𝑏, i.e., 𝑣𝑏 can make 𝑃𝑏 pass all the tests in 𝑇𝑏 .
We follow the practice of previous evaluations of APR tools [54, 61] and allocate by default an

end-to-end timeout of 5 hours for fixing each bug. However, the average time required to repair
Defects4J bugs is at the minute level in our experiments. This is primarily because PReMM only
samples a small number of (maximum 3 ∗ 5 = 15, to be precise) candidate repairs for each bug.
All the experiments were performed on a desktop equipped with an Intel® CoreTM i7-10700

CPU, 32GB RAM, running Ubuntu 22.04. To account for the randomness involved in the repairing
process, we run the experiment of applying PReMM or a variant to repair each bug 3 times and
consider the bug being repaired with a valid patch if that is the case in at least one of the runs.

Repair Results of Baseline Techniques. We refrained from repeating the experiments of the
8 baseline techniques on Defects4J bugs and reused the program repair results reported in the
publications associated with the techniques in addressing RQ2. This is partly because the reported
results should represent the typical effectiveness of the baseline techniques in repairing Defects4J
bugs, and partly because no easy-to-use replication package is available for download for some
of those techniques, e.g., while Gamma [60] provides patch generation scripts, it lacks automated
validation components and produces an excessive average of 475.8 patches per bug in Defects4J V1.2,
making comprehensive validation prohibitively resource-intensive. These technical constraints
make reproducing their results highly challenging or even infeasible, consistent with established
APR practices [55, 59] of comparing published results under identical benchmark conditions.

4.4 Metrics
As customary in the APR literature [16, 17, 26–28, 36, 40, 53, 54, 57, 58], we determined the correct
patch to a bug in Defects4J by manually checking the valid patch 𝑣𝑏 and comparing it to the
manually-written patch for the fault under repair: 𝑣𝑏 is correct if it is semantically equivalent to the
patch manually written by the developers and included in the benchmark. Conservatively, 𝑣𝑏 is
marked incorrect if we cannot conclusively establish it as equivalent in a moderate amount of time.

For each bug, we record whether a valid patch is produced and whether the valid patch produced
is correct. For each program repair tool 𝑥 considered in the experiments and a specific collection 𝑦
of bugs, we also calculate the following measurements:

• the recall of valid patches, or v-recall, achieved by 𝑥 on bugs from 𝑦, calculated as the
percentage of 𝑦 bugs for which 𝑥 produced a valid patch;

• the recall of correct patches, or c-recall, achieved by 𝑥 on bugs from 𝑦, calculated as the
percentage of 𝑦 bugs for which 𝑥 produced a correct patch;

• the precision achieved by 𝑥 on bugs from 𝑦, calculated as the percentage of 𝑦 bugs with valid
patches whose patch is actually correct.

We do not record the time that PReMM spent on repairing each bug for three reasons. First,
both PReMM and the LLM-based baseline techniques need to repeatedly query the underlying,
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Fig. 7. The Distribution of the V-Recall and C-Recall PReMM Achieved on Datasets Defects4J V1.2 and V2.0.

remote large language models for candidate patches or their components via APIs, making their
repair time greatly affected by the LLMs’ responsiveness. Second, when applied to a bug within
their capability, both PReMM and the baseline techniques tend to produce high-quality candidate
patches after a small number of attempts, leading to repair times that are magnitudes shorter than
those required by earlier techniques (e.g., based on repair patterns and/or heuristics) and easily
acceptable for non-interactive usage. Third, repair time was not considered an essential metric in
recent work on LLM-based program repair.

4.5 Experimental Results
We report the experimental results achieved and answer the research questions in this section.
4.5.1 RQ1: Effectiveness. Table 1 also lists the program repair results PReMM has achieved. For
each project in the Defects4J datasets, the table lists the total number of bugs that PReMMmanaged
to repair with a valid patch (Valid/Tot), the breakdown of that to the numbers of single- and
multi-method bugs that PReMM produced valid patches for (#SM and #MM), and the counterpart
data for correct patches (Correct).
Considering all the 839 bugs in the datasets, PReMM generated valid patches for 375 of them,

achieving a v-recall of 44.7% (=375/839), and correct patches for 307 of them, achieving a c-recall of
36.6% (=307/839), showing that PReMM is highly effective in proposing valid patches. The overall
precision PReMM achieved is quite high, 81.9% (=307/375) to be precise. Such a high precision
strongly suggests that PReMM is highly effective in guiding the program repair process to navigate
the candidate patch space and discover the patches that are actually correct.

Single- vs.Multi-method Bugs. In general, PReMM ismore effective in repairing single-method
bugs than multi-method bugs, which is as expected. More concretely, if we consider all the 545
single-method bugs in the datasets, PReMM generated valid patches for 325 of them, achieving
a v-recall of 59.6% (=325/545), and correct patches for 262 of them, achieving a c-recall of 48.1%
(=262/545) and a precision of 80.6% (=262/325). In the meanwhile, if we consider all the 186 multi-
method bugs in the datasets, PReMM generated valid patches for 50 of them, achieving a v-recall of
26.9% (=50/186), and correct patches for 45 of them, achieving a c-recall of 24.2% (=45/186) and a
precision of 90.0% (=45/50).

We make two observations from the detailed comparison. On the one hand, multi-method bugs
were beyond the repairing power of existing LLM-based program repair techniques, but PReMM
managed to produce valid and correct patches for around 25% of them, which is an extraordinary
achievement and highlights PReMM’s effectiveness in achieving the goal we set for it. On the
other hand, PReMM produced valid and correct patches for around 50% of the single-method
bugs in the datasets, which underlines the remarkable effectiveness of fault context extraction and
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Table 3. Performance of PReMM vs. Baseline Tools on Defects4J (Left to Right: Worst to Best).

Project #Bug RewardRepairAlphaRepair KNOD GAMMATENURE Mulpo ChatRepair ThinkRepair PReMM

T S M T S M T S M T S M T S M T S M T S M T S M T S M T S M

Chart 26 17 9 5 5 0 9 8 1 10 9 1 11 9 2 7 6 1 13 10 3 15 15 0 11 11 0 22 15 7
Closure 133100 30 15 15 0 23 23 0 23 23 0 24 23 1 26 24 2 26 23 2 37 37 0 31 31 0 35 33 2
Lang 65 46 15 7 7 0 13 12 1 11 11 0 16 11 5 16 13 3 19 15 4 21 21 0 19 19 0 36 29 7
Math 106 74 29 19 18 0 21 19 2 20 18 2 25 19 6 22 16 6 23 17 6 32 32 0 27 27 0 41 32 9
Mockito 38 24 9 3 2 0 5 4 0 5 5 0 3 2 0 4 3 0 7 5 1 6 6 0 6 6 0 9 9 0
Time 27 18 8 1 1 0 3 3 0 2 2 0 3 1 2 4 3 1 4 2 2 3 3 0 4 4 0 4 3 1

Defects4J V1.2 395279100 50 48 0 74 68 5 71 68 3 82 64 17 79 64 14 92 72 19 114 114 0 98 98 0 147121 26

Cli 39 30 7 8 8 0 5 5 0 6 6 0 9 9 0 4 4 0 7 7 0 5 5 0 9 9 0 17 16 1
ClosureV2.0 43 13 12 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 3 3 0 2 2 0
Codec 18 12 2 6 4 2 6 5 0 6 5 1 3 2 1 6 5 1 3 3 0 8 8 0 10 10 0 8 8 0
Collections 4 1 1 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0
Compress 47 36 5 4 4 0 1 1 0 3 3 0 4 4 0 8 6 2 10 10 0 2 2 0 16 16 0 22 20 2
Csv 16 12 1 3 3 0 1 1 0 4 4 0 0 0 0 3 3 0 3 3 0 3 3 0 8 8 0 10 10 0
Gson 18 12 3 1 1 0 2 2 0 2 2 0 3 3 0 2 2 0 1 1 0 3 3 0 5 5 0 7 7 0
JacksonCore 26 13 11 2 2 0 3 3 0 5 5 0 3 2 1 3 3 0 5 3 2 3 3 0 7 7 0 13 10 3
JacksonDatabind 112 61 22 11 10 1 8 8 0 11 10 1 10 9 1 10 7 3 13 10 3 9 9 0 17 17 0 44 32 12
JacksonXml 6 4 0 1 1 0 0 0 0 1 1 0 0 0 0 1 1 0 0 0 0 1 1 0 2 2 0 1 1 0
Jsoup 93 63 13 10 9 1 9 9 0 8 8 0 11 10 1 12 12 0 14 13 1 14 14 0 28 28 0 35 34 1
JxPath 22 9 9 4 2 2 1 1 0 3 2 1 2 1 1 0 0 0 4 3 1 0 0 0 2 2 0 1 1 0

Defects4J V2.0 444266 86 50 44 6 36 35 0 50 47 3 45 40 5 50 44 6 60 53 7 48 48 0 107 107 0 160141 19

Overall 839545186 100 92 6 110 103 5 121115 6 127104 22 129108 20 152125 26 162 162 0 205 205 0 307262 45

dual-agent-based program repair techniques in helping PReMM diagnose and repair bugs requiring
relatively smaller patches.

Generalizability across Datasets. PReMM proposed valid and correct patches to 184 and 147
bugs, respectively, from Defects4J V1.2. The corresponding v-recall, c-recall, and precision achieved
are 46.6% (=184/395), 37.2% (=147/395), and 79.9% (=147/184), respectively. In contrast to that,
PReMM proposed valid and correct patches to 191 and 160 bugs, respectively, from Defects4J V2.0.
The corresponding v-recall, c-recall, and precision achieved are 43.0% (=191/444), 36.0% (=160/444),
and 83.8% (=160/191), respectively. The box plots in Figure 7 show the distributions of the v-recall
and c-recall achieved on Defects4J V1.2 and V2.0 projects. It is clear that, while the v-recall and
c-recall achieved on Defects4J V2.0 are slightly lower than those achieved on Defects4J V1.2, the
differences are only marginal, which shows that the results PReMM achieved on Defects4J V1.2 are
generalizable to Defects4J V2.0.

Answer to RQ1: PReMM was effective in proposing valid patches for both single- and multi-method
bugs across different datasets, and most of the valid patches it proposed were indeed correct.

4.5.2 RQ2: Comparison. Table 3 reports the number of correct patches that different baseline
program repair techniques produced on the datasets. For each baseline program repair technique
and each project, the table lists the number of all bugs (T), single-method bugs (S), and multi-method
bugs (M), for which the technique was able to produce a correct patch. For easy reference, we
reproduce in the table the number of all bugs, single-method bugs, and multi-method bugs in
each project, as well as the corresponding results produced by PReMM. For each project and the
(sub)totals, the table also highlights the largest (positive) numbers of correct patches any technique
has produced for all bugs, single-method bugs, and multi-method bugs, respectively.

Overall, PReMM substantially outperformed all the baseline program repair techniques in produc-
ing correct patches for the subject bugs. In particular, it generated correct patches for 307 bugs and
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Fig. 8. The Numbers of Defects4J Bugs Correctly Repaired by PReMM and the Baseline Techniques.

achieved a c-recall of 36.6%, which improves the same metric achieved by the baseline techniques by
49.8% (w.r.t. ThinkRepair) to 207.0% (w.r.t. RewardRepair). The huge improvement clearly highlights
PReMM’s superiority over the baseline techniques. Statistically, the McNemar test [38] confirms
that the differences in the repair results (“success” if a correct patch is produced for a bug, and
“failure” otherwise) between PReMM and each baseline tool were significant (52.5 ≤ 𝜒2 ≤ 157.0,
𝑝 < 10−11)5. Besides, in terms of effect size, the differences between PReMM and three baseline tools,
namely ThinkRepair, Mulpo, and ChatRepair, are medium, with the odds ratios (OR)6 being 3.13,
4.04, and 4.45, respectively, and the differences between PReMM and the remaining five baseline
tools are large, with the odds ratios being greater than 5.2 [1, 6, 9].

Single- vs. Multi-method Bugs. Considering single-method bugs, among all baseline tech-
niques, ThinkRepair performed best, correctly repairing 205 such bugs in Defects4J and achieving a
c-recall of 37.6%. Compared to that, PReMM produced correct patches for 262 single-method bugs
in total and achieved a c-recall of 48.1%, improving ThinkRepair’s c-recall by 27.9%. This result
clearly demonstrates PReMM’s extraordinary repairing power on single-method bugs.

Considering multi-method bugs, baseline techniques like ChartRepair and ThinkRepair failed to
generate correct repairs for any of them since the techniques were not designed for that kind of
task, while the other baseline techniques were able to produce valid or correct patches for some
multi-method bugs. For instance, Mulpo correctly repaired 26 such bugs and achieved a c-recall
of 14.0% [29], outperforming all the other baseline techniques. Since these techniques lack proper
design to correctly handle the dependence relation among faulty methods, they often end up treating
each faulty method individually and generating multi-method patches by naively combining the
candidate patches for those methods. In contrast to that, PReMM explicitly incorporates three core
component techniques to effectively address multi-method bugs. This targeted approach enabled
PReMM to correctly repair 45 multi-method bugs, i.e., 19, or 73.1%, more than Mulpo.

Generalizability across Datasets. Compared with Defects4J V1.2, the repair capability of tools
such as ChatRepair, Mulpo, TENURE, Gamma, KNOD, and AlphaRepair tends to degrade when
repairing bugs in Defects4J V2.0, which is consistent with trends observed in prior work [32, 61].
This drop in performance is likely due to the increased difficulty of the bugs in Defects4J V2.0.
In contrast to that, ThinkRepair and PReMM remained comparably effective on both versions of
Defects4J, highlighting both tools’ generalizability across different datasets.
5𝜒2 = (𝑏 − 𝑐)2/(𝑏 + 𝑐) , where 𝑏 denotes the number of bugs correctly repaired by PReMM but not by the baseline, and 𝑐 is
the reverse. The 𝑝-value quantifies the likelihood that the differences in the repairing results were purely by chance.
6The odds ratio is defined as𝑂𝑅 = 𝑏/𝑐 . An OR value within the range [0, 1.44), [1.44, 2.48), [2.48, 4.27), and [4.27,∞) indicates
a very small, small, medium, and large effect, respectively.
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Table 4. PReMM Variants and the Numbers of Bugs They Correctly Repaired.

Tool Technique Overall Defects4J V1.2 Defects4J V2.0

F C D I Tot #SM #MM Tot #SM #MM Tot #SM #MM

PReMM-FCDI ✗ ✗ ✗ ✗ 119 105 14 54 43 11 65 62 3
PReMM-FCD ✗ ✗ ✗ ✓ 218 195 23 105 91 14 113 104 9
PReMM-CD ✓ ✗ ✗ ✓ 222 195 27 107 91 16 115 104 11
PReMM-FC ✗ ✗ ✓ ✓ 235 208 27 110 92 18 125 116 9
PReMM-FD ✗ ✓ ✗ ✓ 229 206 23 104 90 14 125 116 9
PReMM-F ✗ ✓ ✓ ✓ 298 262 36 143 121 22 155 141 14
PReMM-C ✓ ✗ ✓ ✓ 238 208 30 111 92 19 127 116 11
PReMM-D ✓ ✓ ✗ ✓ 233 206 27 105 90 15 128 116 12
PReMM ✓ ✓ ✓ ✓ 307 262 45 147 121 26 160 141 19

Overall, PReMM achieves top performance on Defects4J, delivering 49 and 53 more correct repairs
than the current state-of-the-art APR tool, ThinkRepair, on Defects4J V1.2 and V2.0, respectively.
Moreover, in 12 out of the 18 projects in the Defects4J benchmark, PReMM achieves the highest
number of correct repairs, underscoring its robust performance across diverse codebases. These
results demonstrate PReMM’s ability to generalize effectively to various project types and defect
categories, surpassing previous tools in both the quantity and quality of generated repairs.

Unique Bugs Repaired. To better understand the relative strengths of PReMM and the baseline
techniques, we analyze and compare the unique bugs correctly repaired by each tool. Overall,
PReMM correctly repaired 86 unique bugs from the Defects4J datasets, among which 23 were
multi-method bugs, and the other 63 were single-method bugs. Following previous work [55, 59],
we break down the repair results for Defects4J V1.2 and V2.0 separately, highlighting the unique
contributions of PReMM.

For Defects4J V1.2, Figure 8a presents the Venn diagram of the unique bugs correctly fixed by all
the studied baselines and PReMM. We selected the top three baselines (i.e., ChatRepair, ThinkRepair,
and Mulpo) based on the number of bugs correctly fixed while grouping all other APR tools under
the label “Others.” As shown in the diagram, PReMM successfully generated correct patches for 35
unique bugs that no prior approach has been able to fix on Defects4J V1.2. Notably, the number of
unique patches generated by PReMM is far larger than the other top 3 tools, further demonstrating
its superior ability to address challenging defects.
For Defects4J V2.0, Figure 8b presents a similar Venn diagram comparing the unique bugs

correctly fixed by PReMM and the top three baselines (i.e., ThinkRepair, Mulpo, and TENURE),
with all other tools grouped under the label “Others.” As with Defects4J V2.0, PReMM demonstrates
its strength by generating 51 unique patches that no other baseline has successfully fixed. This
reinforces the versatility and power of PReMM, as it continues to outperform existing tools on
more challenging bugs in Defects4J V2.0.

Answer to RQ2: Compared with the baseline techniques, PReMM produced correct patches for
substantially more single- and multi-method bugs, among which 86 were not successfully repaired
by any of the baseline techniques before, and its effectiveness generalizes better across datasets.

4.5.3 RQ3: Ablation Study. To evaluate the contribution of each core component in PReMM,
namely faulty method clustering, fault context extraction, and dual-agent-based patch generation,
we construct eight variants of PReMM, each with one or more of PReMM’s component techniques
being disabled, and compare their effectiveness in program repair with that of PReMM’s.
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All variants are trimmed versions of PReMM and named by appending a different postfix to
the string “PReMM-”, with each letter in the postfix representing one component technique that
is present in PReMM but disabled in the variant. More concretely, the letters and the component
techniques they represent are as follows: F for faultymethod clustering, C for fault context extraction,
D for dual-agent-based patch generation, and I for iterative LLM-based repairing. Note that, we
investigate in this study the contribution of iterative LLM-based repairing because it has been
implemented in some, but not all, LLM-based baseline techniques, and we believe it is a major
factor influencing repairing techniques’ effectiveness. We do not consider iterative LLM-based
repairing a novel contribution of this work or a core component technique of PReMM.

In particular, the eight variants are as follows:
• PReMM-FCDI takes a buggy program and the bug location information as the input and
solely relies on the plain Qwen2.5-72B-Instruct model to generate repairs. It represents the
lower boundary of all the variants in terms of effectiveness.

• PReMM-FCD expects the input as by PReMM-FCDI and the failing test cases and iterative
feedback and invokes the Qwen2.5-72B-Instruct model repeatedly to repair the faulty program,
but it does not incorporate any of PReMM’s core component techniques.

• PReMM-CD has faulty method clustering and iterative repairing enabled and fault context
extraction and dual-agent-based patch generation disabled.

• PReMM-FC has dual-agent-based patch generation and iterative repairing enabled and faulty
method clustering and fault context extraction disabled.

• PReMM-FD has fault context extraction and iterative repairing enabled and faulty method
clustering and dual-agent-based patch generation disabled.

• PReMM-F has faulty method clustering disabled and the other component techniques enabled.
i.e., PReMM-F functions the same as PReMM except that the faulty methods are not clustered
during repairing. In other words, PReMM-F always treats all faulty methods as a single cluster
and generates patches for them as a whole.

• PReMM-C has fault context extraction disabled and the other component techniques enabled.
i.e., PReMM-C functions the same as PReMM except that the extra fault context information
(i.e., invocation chain information, similar code segments, and key tokens) is not extracted or
utilized to guide the diagnosis and repair of the bug.

• PReMM-D has dual-agent-based patch generation disabled and all the other component
techniques enabled. PReMM-D functions like PReMM but lacks the collaborative mechanism
between the diagnostic and repair agents.

Table 4 lists the 8 variants and, for each variant, the component techniques enabled/disabled
(Technique), the number of all (Tot), single-method (#SM), andmulti-method (#MM) bugs it correctly
repaired from both datasets (Overall), and the breakdown of that to Defects4J V1.2 and V2.0. We
reproduce the corresponding information of PReMM in the table for easy reference.

PReMM-FCDI correctly repaired 119 bugs in total, and iterative repairing enabled it to correctly
repair 109 more bugs. This shows that iterative repairing alone can provide a substantial perfor-
mance boost, even without the core component techniques proposed in this work. Still, PReMM
outperformed PReMM-FCD by repairing 89 more bugs, and the vast improvement convincingly
demonstrates the effectiveness of the three core component techniques when combined together.
Next, we analyze the impact of each individual technique on the results achieved in program repair.

Impact of Faulty Method Clustering. While faulty method clustering does not impact the
repair of single-method bugs, it plays a critical role in repairing multi-method bugs. To obtain a
more comprehensive understanding of the technique’s impact under different circumstances, we
examined the effectiveness changes caused by faulty method clustering when it is combined with
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other component techniques. The results show that it helped PReMM-FCD, PReMM-FC, PReMM-FD,
and PReMM-F correctly repair 4, 3, 4, and 9 additional multi-method bugs, respectively, leading to
an increase of 17.4% (=4/23), 11.1% (=3/27), 17.4% (=4/23), and 25.0% (=9/36) in c-recall.
Faulty method clustering yielded the most significant improvement on PReMM-F, correctly

repairing 9 more multi-method bugs. We manually inspected the multi-method bugs successfully
repaired by PReMM and made the following observations: 1) 44.4% (50/45) of the successfully
repaired multi-method bugs have faulty methods that are not partitioned into different clusters
after FMC, but they are still within PReMM-F’s repairing capability and can be correctly repaired
by both PReMM-F and PReMM. 2) 55.6% (25/45) of the successfully repaired multi-method bugs
have faulty methods that are partitioned into different clusters after FMC. Among these bugs, 9
were only repaired by PReMM after the faulty methods were partitioned into smaller clusters, while
the other 16 bugs were also repaired by PReMM-F without clustering the faulty methods, which
highlights the repairing power of PReMM-F.

Impact of Fault Context Extraction. Similarly, our analysis of the effectiveness changes re-
sulting from the integration of fault context extraction shows that this component enabled enabled
PReMM-FCD, PReMM-FC, PReMM-CD, and PReMM-C to correctly repair 10, 63, 10, and 69 addi-
tional bugs, respectively, resulting in increases of 5.0% (=11/218), 26.8% (=63/235), 5.0% (=11/222),
and 29.0% (=69/238) in c-recall. It is clear from the comparison that the effectiveness of fault context
extraction depends heavily on the presence of dual-agent-based patch generation. On the one hand,
when dual agents were disabled (e.g., in PReMM-FCD and PReMM-CD), the extra fault context
information only slightly increased the c-recall (e.g., by 5.0% and 5.0%), probably because the extra
fault information becomes overwhelming or misleading when provided together with the other
inputs to LLMs for program repair. This observation aligns with our earlier concerns that excessive
context may mislead LLMs, mirroring findings by Liu et al [33]. On the other hand, when dual
agents were present (e.g., in PReMM-FC and PReMM-C), the extra fault context information can
greatly increase the c-recall (e.g., by 26.8% and 29.0%), probably because the extra fault context
information can effectively help the fault analysis agent precisely diagnose the fault and guide the
patch generation agent to produce patches that are more likely to be correct.

Impact of Dual-Agent-Based Patch Generation. The dual-agent-based patch generationmech-
anism also contributed substantially to the overall repair performance. Results show that it enabled
PReMM-FCD, PReMM-FD, PReMM-CD, and PReMM-D correctly repair 17, 69, 16, and 74 additional
bugs, respectively, resulting in increases of 7.8% (=17/218), 30.1% (=69/229), 7.2% (=16/222), and
31.8% (=74/233) in c-recall. The performance gains achieved by enabling dual-agent-based patch
generation vary significantly depending on the presence of other components, especially fault
context extraction, which highlights the importance of synergy between this component technique
and the others. When fault context extraction was disabled (e.g., in PReMM-FCD and PReMM-CD),
the improvements were moderate (7.8% and 7.2%, respectively); when fault context extraction was
enabled (e.g., in PReMM-FD and PReMM-D), the improvements were much more pronounced (30.1%
and 31.8%, respectively). This suggests that the dual agents alone provide incremental benefits but
require extra information about the fault context to realize their full potential.

Answer to RQ3: All three core component techniques helped PReMM correctly repair more Defects4J
bugs. Faulty method clustering was critical for repairing multi-method bugs. Fault context extraction
and dual-agent-based patch generation were the most effective when applied together.
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Table 5. Bug Classification in Defects4J-Trans and GitBug-Java, and the Number of Bugs Correctly Repaired

by PReMM and ThinkRepair
†
. Note That All Bugs in Defects4J-Trans Are Single-method Bugs.

Datasets # Bug ThinkRepair† PReMM

Tot #SM #MM Tot #SM #MM Tot #SM #MM

Defects4J V1.2-Trans 255 255 0 51 51 - 83 83 -
Defects4J V2.0-Trans 228 228 0 56 56 - 99 99 -
Defects4J-Trans 483 483 0 107 107 - 182 182 -

GitBug-Java 199 132 47 16 16 0 41 35 6

4.6 Data Contamination

Due to possible data contamination, the repair results of LLM-based techniques on Defects4J bugs
may not be representative of the techniques’ actual performance in practice [45]. In view of that,
we conducted extra experiments to assess PReMM’s repairing power on bugs outside the Defects4J
benchmark. In this section, we report on these experiments and the corresponding findings.

We adopted bugs from two benchmarks, namely Defects4J-Trans [24] and GitBug-Java [48],
which are less likely to be contaminated, as subjects for our experiments. The Defects4J-Trans
dataset contains 483 bugs derived by applying semantic-preserving transformation operations to the
483 single-method bugs in the Defects4J benchmark (versions 1.2 and 2.0), and it was first released in
October 2024 (i.e., one month after Qwen2.5-72B-Instruct was released). The GitBug-Java dataset
contains 199 bugs collected from the commit histories of 55 Java projects, and prior work [45] has
shown that it faces a limited risk of data contamination. Among the 199 bugs, 132 involve a single
buggy method, 47 involve multiple buggy methods, and 20 involve buggy code elements outside
methods (e.g., class fields), which are naturally beyond the fixing power of PReMM. Table 5 lists,
for each dataset, the total number of bugs and their breakdown into single- and multi-method bugs.
A good baseline technique to use in this study should both represent the state of the art in

LLM-based program repair and, when compared with PReMM, suffer/benefit as little as possible
from the disadvantages/advantages of its underlying LLM. In view of that, we construct the baseline
technique by using ThinkRepair, the technique that delivers the best overall effectiveness among
existing program repair techniques, as the basis, replacing its underlying LLM with Qwen2.5-72B-
Instruct, and adopting the same settings for Qwen2.5-72B-Instruct as in PReMM. We refer to this
variant of ThinkRepair as ThinkRepair†.

We then follow the same experimental protocol described in Section 4.3 and apply PReMM and
ThinkRepair† to repair the bugs from the two benchmarks. Table 5 reports the same measures of
the repairing results as listed in Table 3 for each benchmark and technique.
Overall, PReMM correctly repaired 182 of the (single-method) bugs from Defects4J-Trans

and 41 of the bugs from GitBug-Java, achieving a c-recall of 37.7% and 20.6%, respectively. In
particular, the c-recall PReMM achieved on multi-method bugs from GitBug-Java is 12.8%, which
is significant, considering the challenges involved in correctly repairing multi-method bugs. Such
c-recall values are at the same level of magnitude as the c-recall value achieved by PReMM on
Defects4J bugs (36.0%), suggesting that PReMM can still be highly effective in repairing new bugs,
i.e., bugs unlikely to be used for training its underlying LLM.

Compared with PReMM, ThinkRepair† correctly repaired 107 and 16 bugs fromDefects4J-Trans
and GitBug-Java, achieving a c-recall of 22.1% and 8.0%, respectively, and it did not manage to
correctly repair any of the multi-method bugs in GitBug-Java. Hence, PReMM improved the
c-recall achieved by ThinkRepair† on Defects4J-Trans and GitBug-Java by 70.1% and 156.3%,
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respectively. The improvement is substantially greater than what’s been observed on Defects4J,
highlighting again PReMM’s superiority over ThinkRepair†.
In summary, PReMM’s overall effectiveness on datasets Defects4J-Trans and GitBug-Java

was comparable to that achieved on Defects4J bugs, and the improvement PReMM brought about
over ThinkRepair† in repairing Defects4J-Trans and GitBug-Java bugs was greater than that
observed on Defects4J.

PReMM’s effectiveness and its superiority over the state-of-the-art program repair techniques, as
demonstrated in Section 4.5.2, is not significantly affected by the data contamination issue.

4.7 Threats to Validity
4.7.1 Construct Validity. Construct validity concerns whether themeasures used in the experiments
capture salient features. We classify a patch as correct if it is semantically equivalent to a given
programmer-written fix. Since we assess equivalence manually, others may disagree with some of
our assessments. To mitigate this threat, we followed the same methodology as previous studies
[54, 55, 59], and we were conservative in evaluating equivalence: each patch was subjected to a
thorough examination and comprehensive discussion, with evaluations conducted by two PhD-level
computer science experts; the patch evaluations were carried out independently and cross-verified
to ensure consistency and reliability; if a patch does not clearly introduce the same behavior as the
reference patch, we classify it as incorrect.

4.7.2 Internal Validity. Internal validity concerns whether the experiments controlled for possible
confounders. An important threat to the internal validity of our experimental findings comes from
possible data contamination. That is, some developer-generated patches might overlap with the
training data used by the LLM. Our analysis revealed that 43.0%(132/307) of the correct patches
generated by PReMM exactly matched developer fixes. However, beyond these matching patches,
PReMMalso generated 175 unique correct patches, which underscores its capability to produce novel
fixes. Moreover, PReMM produced 188 more correct patches than the underlying LLM (Section 4.5.3).
This improvement suggests that PReMM ’s effectiveness is not merely a result of memorizing history
patches. To mitigate the threat that bugs in Defects4J may have been contaminated and the repair
results reflect memorization rather than true repair capability, we evaluated PReMM on two extra
datasets of bugs, namely Defects4J-Trans and GitBug-Java, that are less likely to be affected by
data contamination. PReMM’s effectiveness on the two datasets was comparable to that achieved
on Defects4J bugs, and the improvement it brought about over the state-of-the-art program repair
techniques was greater than that observed on Defects4J, suggesting that the experimental results
PReMM achieved on Defects4J were not significantly affected by the data contamination issue.

4.7.3 External Validity. External validity concerns whether the experimental findings generalize
to other contexts. Evaluating PReMM on the two additional datasets of bugs, Defects4J-Trans
and GitBug-Java, also helped mitigate the risk that Defects4J bugs are not good representatives of
new bugs in real-world software systems, and the experimental results clearly demonstrated the
generalizability of our findings on Defects4J. Considering that PReMM is not limited to using Qwen
as the base LLM, and it can be easily configured to use other LLMs like ChatGPT and DeepSeek,
we plan to conduct comprehensive experiments in the future to evaluate the impact of different
underlying LLMs on PReMM’s repairing power.

5 Related Work
Our work is closely related to existing work in the following areas.
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5.1 Large Language Model
Large Language Models (LLMs) [4] have gained widespread adoption due to significant advance-
ments in Natural Language Processing (NLP). These advancements enable LLMs to be extensively
trained using billions of parameters and training samples, resulting in substantial performance
improvements. LLMs can be readily adapted for downstream tasks either through fine-tuning [44]
or prompting [34], as they are designed to be general-purpose models capable of capturing diverse
knowledge from various domain-specific data. Fine-tuning involves updating model parameters for
a specific downstream task by training the model on a targeted dataset. In contrast, prompting al-
lows users to directly guide the model by providing natural language instructions or a few examples
of the task. Compared to prompting, fine-tuning is more resource-intensive, as it requires additional
training and is less practical in scenarios where sufficient labeled datasets are unavailable.

ChatGPT [47], an evolution of InstructGPT [42], is fine-tuned using the Reinforcement Learning
with Human Feedback (RLHF) approach [8, 42, 62]. The RLHF process begins by fine-tuning the
model using a small dataset of prompts paired with desired outputs, typically written by humans.
Next, a reward model is trained on a larger set of prompts by sampling outputs generated by the
fine-tuned model, which are then ranked by human evaluators. Finally, reinforcement learning [46]
is employed to compute rewards for each generated output based on the reward model, subsequently
updating the LLM parameters accordingly. By leveraging fine-tuning and aligning with human
preferences, LLMs achieve a deeper understanding of input prompts and instructions, enabling
superior performance across a wide range of downstream tasks [2, 42].

5.2 Automated Program Repair (APR)
Broadly speaking, the existing APR techniques can be classified into traditional APR approaches,
learning-based APR approaches, and Large Language Model (LLM)-based APR approaches.

Traditional APR Approaches. The traditional APR approaches primarily involves three kinds:
heuristic-based [21, 23, 52], constraint-based [10, 20, 35, 39], and template-based ones [13, 15,
31, 32, 37]. The heuristic-based approaches typically leverage heuristic techniques (e.g., genetic
programming) to construct a search space based on previous patches and then search for valid
patches within this space. The constraint-based approaches focus on a single conditional expression
in the program and synthesize patches using constraint-solving or synthesis techniques. The
template-based approaches typically use pre-defined repair templates that are often hand-crafted by
experts based on specific software bugs to correct buggy programs. However, the generalizability
of these classic APR approaches is limited because they either target specific types of bugs (e.g.,
bugs in conditional expressions) or have limited search spaces for the patches (e.g., spaces defined
by lists of templates based on existing bugs). On the contrary, LAMAR explores the extensive
knowledge within LLMs to generate patches, thereby achieving better generalizability.

Learning-Based APR Approaches. Recently, with the rapid success of deep learning tech-
nologies, a variety of learning-based APR approaches have been proposed to automatically learn
bug-fixing patterns [11, 16, 17, 26–29, 36, 40, 57, 58, 61]. RewardRepair [58] trains a model with
dynamic domain data. KNOD [16] uses expensive static domain data to train models. TENURE [40]
constructs two large-scale datasets for training the model. Mulpor [29] adopts unsupervised pre-
training tasks to acquire semantic and syntactic knowledge, then fine-tunes on a real-world bug
dataset, and is ultimately used for model training. These learning-based approaches generally treat
the program repair problem as a neural machine translation (NMT) task to transform buggy code
into correct code by training an NMT model using a dataset of historical bug fixes. While DL
models show powerful capability in learning hidden repair patterns from massive code corpora,
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the performance of the DL models relies heavily on their training data. However, it is challenging
to obtain high-quality training data for these models, and furthermore, they may fail to generalize
to bug fix types not seen in their training data. PReMM avoids training a new DL model for repair
generation but directly leverages LLMs, which are pre-trained on billions of code snippets and thus
acquire a vast repository of knowledge.

LLM-Based APR Approaches. Very recently, LLMs have been successfully applied to a broad
range of code-related tasks and demonstrated impressive performance. Inspired by this, researchers
have started to directly leverage advanced LLMs for APR [19, 43, 53–55, 59]. AlphaRepair [54]
is the first tool designed for cloze-style Automated Program Repair (APR), and its performance
demonstrates that LLM-based APR surpasses the widely studied NMT-based APR techniques in
real-world systems. On the other hand, ChatRepair [55] leverages the conversational capabilities
of ChatGPT, iteratively incorporating test information to derive the final patch. However, its
effectiveness is heavily influenced by the quality of prompts. ThinkRepair [59] introduces the first
single-function repair paradigm, combining a set of knowledge-driven thought processes with
interactive LLM-based repair. By exploring the extensive knowledge encoded in LLMs, the LLM-
based APR approaches mitigate the reliance on historical bug fixes, enabling their application to a
wider range of repair scenarios. In fact, the LLM-based APR approaches have already become the
new state-of-the-art in the APR community. While promising, existing LLM-based APR approaches
mainly focus on repairing a single function with straightforward fault contexts, overlooking the
problem of cross-method program repair, which is often encountered in real-world scenarios. In
this work, we propose a novel LLM-based approach for cross-method program repair, extending
the scope of current APR techniques.

6 Conclusion
In this paper, we propose the PReMM technique that implements the divide-and-conquer strategy
for effective repair of multi-method bugs. Given a faulty program to repair, location information
about the fault, and a collection of passing and failing test cases, PReMM partitions the faulty
methods into clusters based on the test- and invocation-dependence relation among them, extracts
extra contextual information about the fault, and employs two LLM-based agents to diagnose the
fault and generate desirable patches iteratively. Experimental evaluation results of PReMM on real-
world bugs from datasets like Defects4J, Defects4J-Trans, and GitBug-Java clearly demonstrate
that PReMM is effective in correctly repairing both single- and multi-method bugs, it considerably
outperformed the state-of-the-art NMT- and LLM-based program repair techniques, and all three
core component techniques play essential roles in helping PReMM achieve its effectiveness.

Data Availability
The PReMM tool and a replication package are available [30] at https://github.com/LinnaX7/PReMM.
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