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Abstract

In software development, resolving the emergent issues within GitHub repositories
is a complex challenge that involves not only the incorporation of new code but
also the maintenance of existing code. Large Language Models (LLMs) have
shown promise in code generation but face difficulties in resolving Github issues,
particularly at the repository level. To overcome this challenge, we empirically
study the reason why LLMs fail to resolve GitHub issues and analyze the major
factors. Motivated by the empirical findings, we propose a novel LLM-based Multi-
Agent framework for GitHub Issue reSolution, MAGIS, consisting of four agents
customized for software evolution: Manager, Repository Custodian, Developer, and
Quality Assurance Engineer agents. This framework leverages the collaboration of
various agents in the planning and coding process to unlock the potential of LLMs
to resolve GitHub issues. In experiments, we employ the SWE-bench benchmark
to compare MAGIS with popular LLMs, including GPT-3.5, GPT-4, and Claude-
2. MAGIS can resolve 13.94% GitHub issues, significantly outperforming the
baselines. Specifically, MAGIS achieves an eight-fold increase in resolved ratio
over the direct application of GPT-4, the advanced LLM.

1 Introduction

In real-world software development, the code repository for a project is rarely set in stone. High-
quality and popular software always evolves to address emergent bugs or new requirements. On
platforms such as GitHub [21]], issues typically signify the requirement for software evolution. How-
ever, addressing these issues poses significant challenges, as it requires implementing the code change
across the entire repository and maintaining the existing functionality while integrating new capabili-
ties. For example, django, a framework for over 1.6M projects has 34K issues [19]]. Consequently,
resolving GitHub issues remains a significant challenge across academia and industry [27 5]

Large language models (LLMs) have demonstrated remarkable capabilities across a variety of
tasks [8]], including code generation and code understanding [64},47]. Specifically, LLMs excel in
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generating function-level code, as evidenced by their performance on numerous benchmark datasets
such as MBPP [2]] and HumanEval [12]. Despite their success, LLMs remain challenged in tasks that
require advanced code generation capabilities, such as class-level code generation [[14]. Moreover,
LLMs exhibit limitations in processing excessively long context inputs and are subject to constraints
regarding their input context length [33]]. This limitation is particularly evident in repository-level
coding tasks, such as solving GitHub issues, where the context comprises the entire repository, thus
imposing constraints on directly using the full repository as input to LLMs.

To harness the full potential of LLMs, many LLM-based multi-agent systems are designed [23} 43 52].
These methods have significantly improved LLMs’ efficacy in code generation, enabling these
systems to construct code repositories based on LLM. While these methods address the process of
transitioning code repositories from inception to establishment, they rarely consider the handling of
software evolution, e.g., resolving GitHub issues. For GitHub repositories, especially the popular
ones, a large number of commits are pushed every day. These commits derive from a spectrum of
evolutionary requirements that span bug fixes, feature additions, performance enhancements, etc [49].
For open-source software, new requirements frequently emerge as issues in the project’s repository.

Recently, Jimenez et al. [27]] developed a benchmark, namely SWE-bench, to investigate the capability
of popular LLMs in addressing GitHub issues. Their study reveals that LLMs fail to resolve over
95% of instances, even when file paths that require modifications are provided. This significantly low
rate underscores the importance of understanding the reasons behind their suboptimal performance.

In this study, we analyze the factors impacting the effectiveness of LLMs in resolving GitHub issues.
Furthermore, our empirical analysis has concluded a correlation between locating files/lines to be
modified and the performance of resolving GitHub issues. Based on these insights, we propose a
novel LLM-based multi-agent framework, termed MAGIS, comprising four types of agents: Manager,
Repository Custodian, Developer, and Quality Assurance (QA) Engineer. Our approach facilitates
the resolution of GitHub issues through collaboration among agents, each fulfilling a unique role:
the Manager coordinates the entire process, the Repository Custodian enhances locating files, the
Developer performs code changes after locating lines, and the QA Engineer reviews the code change.

In our experiment, we evaluate our framework on SWE-bench and compare its performance against
existing popular LLMs, such as ChatGPT-3.5 [37], GPT-4 [38], and Claude-2 [1]]. The results
demonstrate that our framework, utilizing GPT-4 as its base model, significantly outperforms baselines
and achieves an eight-fold performance gain compared to the direct application of GPT-4. Further
analysis reveals that additional factors, i.e., the planning of code change, locating lines within the
code file, and code review process, can significantly influence the resolution rate.

Our main contributions are summarized as follows:

* We conduct an empirical analysis of LLMs in resolving GitHub issues and explore the correlation
between locating code file/line, complexity of the code change, and the success rate in resolution.

* We propose a novel LLM-based multi-agent framework, MAGIS, to alleviate the limitations
of existing LLMs on GitHub issue resolution. Both our designed four-type agents and their
collaboration for planning and coding unlock LLMs’ potential on the repository-level coding task.

* We compare our framework and other strong LLM competitors (i.e., GPT-3.5, GPT-4, and Claude-2)
on the SWE-bench dataset. The results show MAGIS significantly outperforms these competitors.
Further analysis confirms the effectiveness and necessity of our framework design.

2 Empirical Study

SWE-bench [27] reveals the challenges LLMs face in addressing GitHub issue resolution. For
example, in their evaluation, GPT-4 can only resolve less than 2% issues of the test set. Conversely,
in tasks like function-level code generation, LLLMs exhibit superior performance (e.g., GPT-4 gets
the score of 67.0 on HumanEval [36]). Given the complexity of GitHub issue resolution akin to
repository-level coding, we aim to investigate Why the Performance of Directly Using LLMs to
Resolve GitHub Issue is Limited? (RQ 1). We answer this RQ from the following three aspects:

Locating the Files to be Modified. GitHub issue resolution is a repository-level coding task,
distinguishing it from file-level coding tasks primarily in the challenge of locating the files requiring



modi cation. Jimenez et a[27] employ the BM25 methodH] to retrieve relevant code les that

are subsequently utilized as input to the LLM. After employing retrieval methods, it is necessary
to select the tog les or truncate the content based on the maximum context length of the LLM.
Incorporating more les can enhance recall scores. However, it also imposes signi cant demands on
the capabilities of LLMs. As demonstrated by the stU@y][ Claude-2 exhibits a decrease in the
resolved ratio (from 1.96% to 1.22%) as recall scores increase (from 29.58 to 51.06). This decline
may be attributed to the inclusion of irrelevant les or the limited capacity of LLMs to process longer
contexts effectively. Consequently, optimizing the performance of LLMs can be better achieved by
striving for higher recall scores with a minimized set of les, thus suggesting a strategic balance
between recall optimization and the number of chosen les.

Locating the Lines to be Modi ed. Beyond the impact of le locating, we delve into the generation
of failed instances when the correct modi ed les were provided. A typical code change consists of
multiple hunks, each specifying the line numbers targeted for modi cation and detailing the changes
made at these locations. To quantitatively analyze the accuracy of line localization, we use the line
numbers' range of the modi ed content in the reference code change as the basis assuming that the
correct modi cation location of the code change is uniquely determined in most cases. By calculating
the coverage ratio of the line number ranges of the generated and reference, we can estimate the
accuracy of line localization in the generation process, i.e.,
P P
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where the numerator is the length of the intersection of modi ed lines between the reference divided
into n hunks and the generation divided imohunks, and the denominator is the number of modi ed
lines in the reference. More details about Equéftion 1 can be found in Appendix A.1.

For 574 instances in the SWE-bench that ex-
periments GPT-477], the distribution of the
coverage ratio between the results generated by
three LLMs and the reference is shown in Fig. 1.
From this, we observe that the performance of
LLMs in generating the code change is proba-
bly related to their ability to locate code lines
accurately (Detailed explanation can be found
in Appendix A.2).

Furthermore, we assess the relationship between

the coverage ratio and the issue resolution by cal-

culating their correlation coef cient. Given that

the distribution of these variables exhibits skew-

ness, and the resolution result is binary (resolved

or not), logistic regression is employed for the

analysis across three LLMs. However, due tioigure 1: The comparison of line locating coverage
the limited number of successfully generatel’@.tio between three LLMs. The vertical axis representing
instances on GPT-4 and GPT-3.5, a statistica frequency of the range of line locating coverage ratio
signi cant relationship is only detected in thdor each group, and the horizontal axis representing the
result generated by Claude-2. The result, j.§overage ratio.

P-value <0:05, shows statistical signi cance.

Speci cally, with a coef cient,0:5997, on Claude-2, there is a substantial and positive relation
between improvements in the coverage ratio and the probability of successfully resolving issues,
which demonstrates that locating lines is a key factor for GitHub issue resolution.

Complexity of the Code Changes. The complexity of the code change is re ected in various
indices: the number of modi ed les, functions, hunks, and lines added or deleted. Firstly, we
guantitatively assess the complexity by calculating the value of various indices corresponding to the
reference code change. Secondly, the coef cient is calculated between the numbers in each index and
the issue resolution. Tab. 1 shows the correlation scores under the logistic regression.

As shown in Tab. 1, all three LLMs demonstrate a statistically signi cant correlation with the issue
resolution across several indices. The correlation scores for the number of les and functions modi ed



Table 1:Correlation between the complexity indices and the issue resolution.

LLM #Files #Functions #Hunks # AddedLoC # Deleted LoC # Changed LoC
GPT-3.5 17:57 17:57 0:06' 0:02 0:03 0:53
GPT-4 25:15 25:15 0:06 0:10 0:04 0:21
Claude-2 147 1:47 0:11 0:09" 0:07" 0:44"

" The correlation between the index and the issue resolution is signi cant (P-«alu@5).

Figure 2:Overview of our framework, MAGIS. The detailed version can be found in Fig. 14.

are notably negative for all models, indicating that an increase in these indices is associated with a
decreasing likelihood of issue resolution. This suggests that the more complex the code change, as
indicated by a higher number of les and functions modi ed, may hinder the issue resolution. More
analysis can be found in Appendix A.3. The analysis reveals a relationship between the complexity,
as measured by several indices, and whether to successfully resolve the issues in software evolution.
The negative correlations suggest that increased complexity, particularly in terms of the number of
les and functions changed, tends to hinder issue resolution.

3 Methodology

Based on the empirical study identifying key factors affecting LLMs' issue resolution, we design the
framework illustrated in Fig. 2. This framework aims to mitigate negative impacts by transforming
the complex task of GitHub issue resolution into a collaborative effort. It incorporates four key roles
for LLM-based agents working collaboratively in the work ow: Manager this role tasks with team
assembly, meeting organization, and plan formulatiorRepository Custodiarit is responsible for
locating the relevant les in the repository acording to the GitHub issue and recording the change of
the repository® Developer this role participates in planning discussions and completes tasks from
the Manager. Quality Assurance (QA) Enginesdit reviews the code change from Developers to
ensure the quality of the whole repository.

The collaborative process involves planning and coding. In the planning, an issue is assigned to
the Manager and the Repository Custodian. The custodian identi es candidate les relevant to the
issue for modi cation. With the issue description and a list of candidate les, the Manager de nes
tasks and assembles a team, where each member is a Developer speci cally designed for the de ned
task. The Manager holds a kick-off meeting with Developers and devises a plan. During coding,
Developers undertake their assigned tasks from the Manager, and the QA Engineer reviews each code
change. If a change fails to meet quality standards, the QA Engineer provides feedback, prompting
further revisions until the QA Engineer approves or a set iteration limit is reached. More details can
be found in our GitHub repositor

2https://github  :com/co-evolve-lab/magis



3.1 AgentRole Design

Our work ow draws inspiration from the GitHub Flo@p], an effective human work ow paradigm
adopted by many software teams. Both the human work ow and our LLM-based agent framework
prioritize collaboration among individuals with diverse skills. While the underlying principles are

similar, there are notable differences. Accordingly, we have tailored the roles as follows:

3.2 Collaborative Process

Manager. The Manager's role is pivotal in planning. In conventional setups, managers
decompose the issue into tasks according to the pre-formed team and allocate these tasks for
members with different skills. In contrast, our Manager agent can rst decompose the issue into
tasks and then design Developer agents to form a team. This setup improves team exibility and
adaptability, enabling the formation of teams that can meet various issues ef ciently.

Repository Custodian Considering extensive les in a repository, the custodian agent's task
is to locate les relevant to the issue. Unlike humans, who can browse through the entire repository,
the LLM-based agent faces challenges in browsing. Although LLMs have extended context limits,
their application is constrained in two aspects. First, it is a high computational cost to query each
le in an entire repository for each update, particularly when some repositories update frequently.
Second, the performance of LLMs degrades when the context input is long [31, 33, 67].

Developer Compared to human developers, the Developer agent can work continuously and
ef ciently. Therefore, scheduling the agent to work in parallel is easier than scheduling humans who
require considering factors beyond the task. Additionally, although numerous developer agents are
capable of generating cod2d, 43], their ability to modify existing code is not equally pro cient.

To address this issue, our framework decomposes the code modi cation process into sub-operations
including code generation. This approach enables Developers to leverage the bene ts of automatic
code generation thereby producing applicable code changes.

QA Engineer. In software evolution, QA Engineers play a crucial role in maintaining software
quality through code reviewsf, 30]. Despite their importance, code review practices are often
undervalued or even overlooked] [ Such neglect can hinder software development, illustrated
by instances where developers may experience delays of up to 96 hours awaiting code review
feedback §]. To address this problem, our framework pairs each Developer agent with a QA
Engineer agent, designed to offer task-speci c, timely feedback. This personalized QA approach
aims to boost the review process thereby better ensuring the software quality.

Algorithm 1 Locating.
1: Input: repository: R including les

3.2.1 Planning ffig, GitHub issueny, LLM: L

2: Cong: lter top width: k, prompts:P,

Three types of role agents engage in the planning: Repos-nd the latest previous version of the le
itory Custodian, Manager, and Developer. This process and its summarytind

comprises three phases: locating code les, team building;, Output: candidate les:G¢ ; , repos-
and kick-off meeting. itory evolution memoryM

4R BM25(Ri, )
5 ¢ R i[K]

Locating Code Files. Firstly, the Repository Custodian 6 for f; 2 C¥ do

employs the BM25 algorithmdf] to rank the les in the

fh;Sh find (fi;M)

repository based on the GitHub issue description. Subsg- it 9f, and len(sn) < len(f;) then

quently, the tofk les are selected as potential candidates. if hisi then
for further coding. However, as described in 82, this sirm: si sh
ple retrieval method can introduce irrelevant les, increast: else
ing the cost and reducing the effectiveness of subsequiht d diff(fn, fi)
coding process. Therefore, we lter these les based di$: m L ( d;P1)
relevance to minimize their number. While it is feasibl&*: Si sn[m
to directly assess the relevance between each le and e end if
issue by LLMs, queries to the LLM may contain the sanie: E|S§‘_ L (f1:P)
{ [}

code snippets as previous ones, leading to unnecesgary end if

computational costs. Considering that applying the cogg \ .updateff; : sig)
change often modi es a speci ¢ part of the le rather thang: it L ((s;;q); Ps) is false then
the entire le, we propose a memory mechanism to reuse & C k-t
the previously queried information. 22:  endif

23: end for




Algorithm 1 outlines the process of locating les with our designed menidry If a le f; is
compared for the rst time with an issug, the LLM L with promptP, compresses it into the
summarys;, wherei denotes the le's version. This summary is shorter than the code content in
the le and it is stored in memory for future reuse. If the fe has been previously compared,
the latest previous versiom) of the le f, can be found by the scrigind . Sincef; can be
represented as the combinatiorf gfand the difference between themd that be obtained via the
“git diff " command), LLMs can understarig by usingf, and d. If the difference is small
and the lef; is long, it is valuable to reuse the previous summayystored in memory rather
than the content of;. Speci cally, if the length ofs;, is less than that of;, L with promptP;

can summarize the code changed as a “commit messagefi. The combination o, andm
forms the description of the newer versin enabling the LLML with promptP3 to determine
whether it is relevant to the issue in fewer context length. Based on their relevance, the custodian
agent lters irrelevant les, allowing the Manager agent to de ne tasks with remaining relevant les.

Team Building.  In this process, the Manager agerft!9rithm 2 Making the plan.
has the exibility to “recruit” team members as the 1: Input: candidate les:G¥, issue:gy, LLM: L
issue needs. Firstly, upon receiving the located les}: Cong: prompts:P
the Manager begins with analyzing the GitHub issué: Output: tasks: Tit ; , Developer agents'
for the repository and breaks them into detailed le- ole descriptionD ;, plan: Cmain
level tasks. Speci cally, for each code g in the g'j fort_fi fci fd_o b
candidate se€, the Manager leverages the LLM 6 T¢ T ((k'iq&)_’ t-4))
L with the promptP, and the issue descriptiap 7. ' | (1. q,) b ')

. . ’ » 5
to de ne the corresponding le-level task. One g. pk p (k [r
issue can be converted to multiple tasks. These tasks,end for
along with the associated code le, are stored ini: recording= kick_off_meetingD¥)
task sefl;¥. Once a task is clari ed, the Managen1: D L ((D, recording, Ps)
de nes the personality role; of the Developer by 12: cmain L (recording P7)
invoking LLM L with the promptPs and the task;.
By iterating through these candidate code les, the Manager agent ultimately designs a collection of
Developer agent role descriptioBs, thus forming the development team. The details of the team
building are shown in Algorithm 2. This approach simpli es the task for LLMs because each team
member only needs to handle a sub-task rather than resolving the entire complex issue.

Kick-off Meeting.  After building the team, the Manager organizes a kick-off meeting. This meeting
serves two purposes: To con rm whether the tasks assigned by the Manager are reasonable and
ensure that all Developers in the team can collaboratively resolve thegssueTo determine which
Developers' tasks can be executed concurrently and which tasks have dependencies need to be sorted.
The meeting takes the form of a circular speech: the Manager is responsible for opening the speech,
guiding the discussion and summarizing the results, and the Developers provide their opinions based
on previous discussions in turn. One example of the meeting can be found in Appendix B. After the
meeting, Developers adjust their role descriptiBiisbased on the discussioecording, and the
Manager, leveraging the LLM and the prompP;, generates a main work pl&g.i, . This plan is
presented as code, and embedded into the program for execution. The meeting makes collaboration
among Developers more ef cient and avoids potential con icts.

3.2.2 Coding

Based on the empirical study on line locating and the complexity (§2), we transform the code change
generation into the multi-step coding process that is designed to leverage the strengths of LLMs in
code generation while mitigating their weaknesses in code change generation. Two types of agents
participate in the coding process: Developers and QA Engineers. As outlined in Algorithm 3, for
each task; and its associated code Ig in T;X, the Developer agent generates the role description

of the QA Engineer; by the LLM L with the promptPg. Subsequently, Developers collaborate
with their QA Engineers to execute the coding tasks. During each execution of the Developer, the
range of lines of code that need to be modi ed is rstly determined as a set of intdifgii€’]g
wheres? represents the starting line number in tité hunk, anc is the ending line number. The
determination is generated by analyzing the task corteaubd le contentf; usingL with the
promptPg. These intervals split the original code fe into parts to be modi eddld_par?) and

6



parts to be retained. Developers then gen

Algorithm 3 Coding task execution.

ate new code shippetagw_part by L with

the promptP1. The code snippets replacel: Input: le-task pairs setT/, LLM: L
old_part resulting in a new version of the code2: Con g: prompts:P, the max of iterationnmax

le f2 Utilizing Git tools, the code change

di for this le f; is generated. With the
code change di, QA Engineer producee- ¢
view_commenand review_decisionby the .
LLM L with the promptP;. If the deci- g
sion,review_decisionis negative (i.e false),
the feedbackreview_commentprompts De- 10:
velopers to revise the code in the next attempi.:
This iterative process continues until the cod&:
change meets the quality standards (ire-, 13:
view_decisioris true) or reaches a prede ned14:
maximum number of iterations. After the it: 6.
eration, the nal version of the code change.

d, is xed, which is the ultimate modi cation 7g.

5:

L()...

3: Output: code changed
4: for fi,t; 2 T;* do

a L ((fi,ti),Ps)
forj 2 [0, Nmax) do

if j > Othen
ti = (t;, review_commet
end if
flshellg L ((fi,ti),Po)
fi,old_part split(fi, f[s°; €”]g)
new_part L ((fi,t;i, old_pard), P1o)
f2  replacef;, f[s% €%g, new_par}
di  diff(fi, £
review_comment L ((ti, di), P11)
review_decisiorr L ((review_commentP11)
if review_decisioris true then

result on each le. All generated nal-versionyg. enzrﬁak

code changes during this process are merggsl  end for

into the repository-level code chanBeas the 21: d diff(f% ;)

issue solution. 22:. D DI d
23: end for

4 Experiments and Analysis

4.1 Setup

In the experiments, we employ the SWE-bench dataset as the evaluation benchmark because it is the
latest dataset speci cally designed for evaluating the performance of the GitHub issue resolution.
SWE-bench comprise® 294 issues extracted froh2 popular Python repositories, representing

real software evolution requirements. Given the observation that experimental outcome25%the
subset of SWE-bench align with those obtained from the entire da@getfe opt for the sam&5%

subset previously utilized in experiments for GPT-4 according to their matetigisNloreover, the
experimental scores for the ve LLMs, have been made available by them [28].

Our framework is exible to integrate various LLMs. To compare with the scores reported by
SWE-bench, GPT-4 is selected as the base LLM. Another reason for the selection is that GPT-4 shows
remarkable performance on code generation and understanding as demonstrated on benchmarks such
as MBPP [2] and HumanEval [12]. Claude-2 is not chosen due to the unavailability of API access.

Following SWE-bench7], the applied and resolved ratio is used to evaluate the performance under
the setting with the les requiring modi cation provided. The applied ratio indicates the proportion of
instances where the code change is successfully generated and can be applied to the code repository
by Git. The resolved ratio refers to the proportion of instances where the code change is successfully
applied and passes a series of tests. Additional elaboration is provided in Appendix C.

4.2 How Effective is Our Framework? (RQ 2)

The comparative performance analysi-gable 2: The comparison of overall performance between
between our framework and other LLMZYAGIS and baselines on SWE-bench.

on the same dataset is presented in Tab, Hethod % Applied % Resolved
The results indicate that our framework GPT-3.5 11:67 084
signi cantly outperforms other LLMs. Claude-2 49:36 488
Notably, with a resolved ratio df3:94%  GPT-4 13:24 174
our framework's effectiveness is eight- SWE-Llama 7b 51:56 212
fold that of the base LLM, GPT-4. SWE-Llama13b 49:13 436
This substantial increase underscores oOUMAGIS 97.39 13.94
framework’s capability to harness the po-MAGIS (w/o QA) 92:71 1063
tential of LLMs more effectively. Fur- MAGIS (w/o hints) 94:25 1028
thermore, when contrasted with the pre-MAGIS (w/o hints, w/o QA) ~ 91:99 871




Figure 3:Comparison of recall scores between ofnigure 4:Distribution of the correlation score between the
and BM25. generated task description and the reference code change.

vious state-of-the-art LLM, Claude-2, our framework's resolved ratio exceeds that benchmark by
more than two-fold. This superior performance unequivocally establishes the advance of our method.

The ablation study is designed to simulate two scenariogVithout QA (w/o QA): Considering

the QA Engineer agent as optional within our framework, we directly evaluate the code changes
generated by the Developer agent, bypassing the QA process. This scenario aims to investigate the
effectiveness and necessity of QA Engineer reviewVithout hints (w/o hints): Hints refer to the

textual content found in the comments section of pull requests, which are typically created before the
rst commit of the pull request. This setting means our framework operates without any clari cations
except for the issue, despite such information being available on GitHub before the issue resolution
process begins. This analysis aims to explore if the participation of humans could potentially improve
the success rate of issue resolution.

Our framework shows a signi cant improvement in issue resolution, even without QA or hints. It
achieves a resolved ratio 8f71% which is ve times higher than that of the base LLM. This increase
underscores the contribution of other agents in MAGIS to its overall performance. Furthermore,
integrating cooperation with QA or hints separately can further elevate the resolved ratPbfy

or 1:57% respectively. These ndings underscore the value of QA Engineers and the participation of
humans, as demonstrated by the resolved rates achieved through their integration.

For instance, to resolve the issug] from the repositoryDjango [15], the developer modi es four
hunks in two les [16], as shown in Fig. 15. Despite the availability of two provided les, our method
opts for modi cations in only one le, as illustrated in Figure 16. Remarkably, this simpler code
change enables the repository to pass all requisite test cases.

Additional comparison can be found in Appendix D and E, and detailed case study is shown in
Appendix H. Furthermore, the statistics on the generated code changes can be found in Appendix F.

4.3 How Effective is Our Planning Process? (RQ 3)

To investigate the effectiveness of the planning process, we analyze the Repository Custodian and
Manager agent. The performance of the Repository Custodian agent is observed in the recall score
versus the le number curve, as shown in Fig. 3. This curve demonstrates that our method consistently
outperforms the BM25 baseline across varying numbers of selected les, indicating that our approach
can identify the maximum number of relevant code les with the minimum selection.

For the Manager agent, we examined the alignment of its generated task descriptions with the
reference code change by LLM. Following the stufig][ we select GPT-4 as an evaluator to score

the correlation between the reference code change and the generated task description. The correlation
scores are determined based on a set of criteria de ned in Tab. 6. A higher correlation score indicates
a better alignment and thus, a more accurate and effective planning direction. The distribution of
these correlation scores is presented in Fig. 4. Notably, most of the scofesraabove, implying

that the majority of task descriptions are in the right direction concerning planning. Furthermore, the
higher scores correlate with a higher probability of issue resolution, indicated by a larger proportion

of “resolved” outcomes in scorésand5. This signi es that when the generated task description
closely aligns with the reference, there is a higher possibility of resolving the issue. The analysis



Figure 5: Comparison of line locating coveraggigure 6:Resolved ratio in different line locating coverage
between MAGIS (Ours) and baselines. intervals.

above demonstrates the effectiveness of both the Repository Custodian and the Manager agent in the
planning process of our framework.

4.4 How Effective is Our Coding Process? (RQ 4)

To evaluate the effectiveness of the coding process in our framework, we analyze the performance of
Developers in locating code lines and resolving issues of different complexity.

Fig. 5 illustrates the distribution of the line locating coverage ratio of MAGIS and the baselines. This
visualization reveals that our Developer agent frequently attains a line locating coverage ratio nearing
1. Compared with baselines, the Developer agent demonstrates a pronounced preference for higher
distribution values close tb, and conversely, a reduced preference for lower distribution values near

0. Such a distribution validates the superior performance of MAGIS in locating code lines.

Further analysis is provided in Fig. 6 illustrating the relationship between the line locating coverage
ratio and the issue resolved ratio within those coverages. As shown in Fig. 6, the right four bars are
higher than the ve left, which indicates that the resolved ratio can increase with the line locating
coverage. This observation also suggests that locating lines accurately is important for issue resolution.
The cumulative frequency curve, shown in orange, provides an additional analysis, indicating the
cumulative proportion of issues resolved ratio up to each point along the line locating coverage.
A steady increase in cumulative frequency accompanies the increase in line locating coverage,
reinforcing the idea that resolving issues is more successful in areas of high coverage. The slope
of the curve's left half is lower than that of the right half, indicating that the bene ts of increasing
the coverage ratio are less pronounced at lower coverage ratios than at higher ones. Therefore, the
Developer agent should prioritize improving its capability of locating code lines.

Moreover, as shown in Tab. 3, we present a logistic regression analysis that quanti es the correlation
between several complexity indices and issue resolution. The results show that GPT-4 has signi cant
negative correlations across the number of les and functions, suggesting that as these indices increase,
the likelihood of issue resolution decreases. Conversely, the negative correlations are less pronounced
with our model, MAGIS, particularly in the number of les and functions, suggesting mitigation of
challenges corresponding to these complexity indices.

Table 3:Correlation between the complexity indices and the issue resolution.

Method  #Files #Functions #Hunks # AddedLoC # Deleted LoC # Changed LoC

GPT-4 25:15" 25:15" 0:06 0:10 0:04 0:21
MAGIS 1:55 1:55 0:12 0:04 0:06 0:57
" The correlation between the index and the issue resolution is signi cant (P-«alu@5).

To evaluate the performance of the QA Engineer, the ablation experiment is conducted and the results
are shown in Tab. 2. As the table shows, in settings with and without hints, the presence of the QA
Engineer can increase the resolved ratid 7 %and3:31%, respectively. This overall enhancement



substantiates the QA Engineer's contribution to improving outcomes. Furthermore, a case detailed in
Appendix | underscores the QA Engineer's effectiveness.

5 Related Work

Researchers have developed LLM-based multi-agent systems, enabling more complex task com-
pletion. For instance, MetaGP23, 24] simulates a programming team's Standardized Operating
Procedures (SOPs) and achieves leading scores on benchmarks like Huméa@Famd MBPP P].
Similarly, ChatDev #3] functions as a virtual development company, decomposing requirements into
atomic tasks and utilizing mutual communication and self-re ection to mitigate LLM hallucinations.
While these systems excel in transforming requirements into code, they often overlook the challenges
of code change generation during software evolutg). [GitHub issues include different types of
requirements and most of them belong to bug xing. Previous researchers have proposed methods
to localize the bugsdb, 42] and some researchers explored various methods to automatic program
repair[57, 7, 55, 3, 59, 53]. The full version of related work can be found in Appendix J.

6 Conclusion

This paper illuminates the potential of LLMs in software development, particularly in resolving
GitHub issues. Our empirical study identi es the challenges of direct LLM application. To address
the challenges, we propose a novel LLM-based multi-agent framework, MAGIS, enhancing issue
resolution through well-designed agents' collaboration. The superiority of MAGIS on the SWE-
bench against popular LLMs highlights its effectiveness, pointing towards a promising direction for
integrating LLMs into software evolution work ows.
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A Detailed Explanation in Empirical Study

A.1 Coverage Ratio

The formula for calculating the coverage ratio is Equation 1. As it shows, for each instance of GitHub
issue resolution, the range of code change (in terms of the number of lines) in the reference
represented as a set of intervals = f[sg; &];:::;[Sn; €. ]9, while the line ranges of the generated
code changgisL g = f[s3;€3]; :::;[s8, ; €9, 19, wheres ande respectively represent the starting and
ending line number of each modi cation hunk in the le, withhunks in the reference code change
andm hunks in the generated one.

A.2 Observation on Fig. 1

As shown in Fig. 1, we observe that: The distribution near the coverage rafidleft side of the

gure) is the highest for all three LLMs, indicating that in most cases, the content generated by these
models has a very low coverage ratio with the reference in terms of locating code lines. This means
that these LLMs are most likely not able to accurately locate code lines that need to be modi ed
in the process of generating the code changén the distribution near the line locating coverage

of 1 (right side of the gure), the three models show a consistent ranking (i.e., Claad&RT-4

> GPT-3.5) and this ranking is also consistent with the proportion of instances solved by the three
models. This phenomenon suggests that the performance of LLMs in generating the code change is
probably related to their ability to locate code lines accurately.

A.3 Analysis on Complexity of the Code Change

As shown in Fig. 1, compared with GPT-3.5 and GPT-4, Claude-2 exhibits a different pattern, with
much lower negative correlations for the number of les and functions, which indicates that it is a
more ef cient approach to generate the code change for GitHub issue resolution. However, it also
shows signi cant negative correlations across other indices such as the number of hunks, added lines
of code (LoC), deleted LoC, and changed LoC.

B Kick-off Meeting Example

Figure 7 illustrates a kick-off team meeting. In this meeting, three participants are present: the
Manager agent, Oliver CodelLead, and two Developer agents, Django Database Specialist and Alex
Rossini. They discuss a speci ¢ issyassigned tasks, and determine the work ow sequence.

C Metrics

The applied ratio indicates the proportion of instances where the code change is successfully generated
and can be applied to the existing code repository using Git tools, i.e.,
. . iDj

Applied Ratio= JJITJ (2)
whereD represents the set of instances in the generated code change set that could be applied to the
original code repository using thgit apply ” operation, and is the set of all instances in the test
set. The resolved ratio refers to the proportion of instances in which the code change is successfully
applied and passed a series of tests, i.e.,

¥ (Taa(@)9\F Toew (@)0) .
i ’ ©

whereT,q denotes all the test cases that the old version of the code repository could pass,
represents all the test cases designed for new requirementd;, dadotes the code change generated
to resolve the issue in theth instance. Furthermor@&,(d) = True means that the code changiean
pass all the test casesin

Resolved Rati

3https://code :djangoproject :com/ticket/30664
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Figure 7: Kick-off meeting to resolve the issue [18].
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The recall score versus le number curve is used to measure the effectiveness of locating code les to
be modi ed. The recall score refers to the proportion of les that are successfully located out of all
the les that require modi cation. The formula for calculating the le locating recall score for the
i-th instance is as follows:
(GA\R i
Recali= [ R 10004 4)
IRi
P
whereG = J-“:(, 0;; represents the set of le paths located Igy our framework, with each le path

in the set denoted ap; and the total number of lesas; R; = ., rix denotes the paths of the

les that need to be modi ed, with each reference le path denoted;.asand the total le number as

m. In this curve, “ le number” refers to the average number of les that need to be processed across
all instances to achieve the given recall score. Speci cally, it illustrates how many les averagely
need to be located by our framework before reaching the recall score denoted by the curve at any
point. This metric represents both the effectiveness and ef ciency of le locating.

D Comparison Result on SWE-bench Lite

Recently, some contemporaneous works, e.g., AutoCodeRédlearid SWE-Agent$8], have been
proposed for this task. These methods are evaluated using SWE-bench lite, a canonical subset of
SWE-bench, which is recommended for evaluati@n Considering budget constraints, we conducted
experiments on SWE-bench lite to compare with them on the same issues' resolution.

The experimental results are shown in Tab. 4. MAGIS achieves the highest resolved5.8664,

than other baselines. The performance of MAGIS slightly decreased when evaluated without QA,
reaching23:33% and dropped under the other two ablation settings. This comparative study un-
derscores the robustness of MAGIS, particularly when provided with comprehensive inputs, and
highlights the impact of QA and hints on its performance. The results indicate that while new methods
like AutoCodeRover and SWE-Agent show promise, MAGIS remains an effective method for GitHub
issue resolution.

Table 4:The comparison of overall performance between MAGIS and baselines on SWE-bench lite.

Method | AutoCodeRover SWE-Agent MAGIS
| Full w/o QA w/o hints  wi/o (hints, QA)
Resolved | 16:11% (22:33%") 18:00% 25.33% 23:33% 1667% 1600%

" Note thatl6:11 is the average scores among 3 runs wRR2e33 is under the union of from the 3 runs.

E Comparison with Devin

Devin is a novel agent for software developmest]] and its performance has also been assessed
using the SWE-bench. However, the evaluation dataset employed by Devin differs from the subset
used for experiments with GPT-4 reported by the paper of SWE-b&Wh An analysis of the
repository name and pull request ID of each instance reveals that 4@lystances coverage between

the two datasets.

Within the shared pool 0140 instances, our framework successfully resol2&é415%) issues,
surpassing Devin's resolution @B (12:86%) issues'. This comparison, however, may not be entirely
equitable. Devin's possible underlying LLM is unknown, and it possesses the capability to integrate
feedback from the environment. Moreover, Devin's reported scores are under the setting given the
entire repository, and it operates with “common developer tools including the shell, code editor, and
browser”, and “agents with internet access could potentially nd external information through other
methods” as detailed at the repartn contrast, our approach solely relies on the shell, without the
need of any additional external tools.

“https://github  :com/CognitionAl/devin-swebench-results/tree/main/output_diffs/
pass
Shttps://www :cognition-labs :com/introducing-devin
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For running time, 72% of instances resolved by Devin require greaterdthaninutes to complete.

In contrast, our framework nalizes each resolved issue within approximately 3 minutes. On average,
our framework completes the processing of each instance in under 5 minutes, demonstrating its
capability to assist in resolving GitHub issues with minimal time expenditure.

F Statistics on the Generated Code Changes

This section provides statistics on code changes corresponding to resolved issues and those applicable
but unresolved using our framework.

The statistics on the code change for instances with resolved issues are presented in Tab. 5. Overall,
the statistical information of the generated code changes for these instances, such as the average
number of code les, functions, hunks, and deleted lines, all differ slightly (not exce@dhfrom

the reference solutions written by humans. This indicates that for these instances, the complexity of
the code change generated by our framework is similar to that of humans. Furthermore, the maximum
values observed in the table reveal that our framework can implement code modi cations involving
two les, four hunks, andl; 655lines modi cation, with single modi cations reaching up 1®0

lines. Results demonstrate the effectiveness of our method in resolving complex issues that need to
modify the code le on multiple locations and with long context.

Speci cally, the distribution of the number of modi ed lines for the resolving instances is shown

in Fig. 8. We observe that the distribution of the number of modi ed lines in our framework for

the solved instances exceeds that of the reference solution, especially in terms of the number of
added lines being signi cantly higher than the reference. Upon manual inspection, we found that the
generation results provided by our framework often contained more comment information, which led
to an increase in the total number of modi ed lines. For example, Fig. 10 displays the generation
result of our framework. Line865 368 371; 374 383in the new version le correspond to the
comment for the added code. These natural language descriptions are valuable in actual software
evolution 26, 35]. In contrast, Fig. 12 shows a human-written solution lacking such explanatory
comments, which might disadvantage software maintainers in reading and understanding.

The statistics on the code change for instances without resolved issues are shown in Tab. 5. From the
table, our framework can generate applicable code changes includind.8pés and 28 hunks, and

the location of the modi cations can be as far as lih&50, with a single modi cation reaching up to

9; 367lines. These results suggest that our method has a strong adaptability in generating applicable
code changes. However, considering that these code changes have not passed all the potential test
cases they could pass, which indicates that there is still room for improvement.

To further analyze the reasons behind the failure of test cases in these instances, we have quanti ed
the distribution of the lengths of code changes in the unresolved instances, as shown in Fig. 9. From
the gure, we observe that for unresolved instances, the framework tends to delete a larger number
of lines while adding fewer lines, in contrast to the distribution of human-written changes. This
discrepancy may point to different repair strategies or attitudes towards problem-solving, where the
framework presented herein might prefer to reduce errors by removing potentially problematic code,
whereas human developers may lean towards adding new code to address issues.

Figure 8: Distribution of the LoC in the resolved infFigure 9: Distribution of the LoC in the applied
stances. but not resolved instances.
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Figure 10:Case fromscikit-learn  (ours, after re- Figure 11:Case fronscikit-learn  (ours, before
view) for the issue [41]. review) for the issue [41].

Moreover, a comparison between the resolved instances and not resolved ones shown in Tab. 5
reveals that the latter contains a higher overall number of les, hunks, and changed lines of code.
These instances, involving more modi cation locations, correspond to more complex scenarios. This
phenomenon suggests that the performance of our framework in resolving such complex issues
requires further enhancement.

Furthermore, the variability in dif culty across different software repositories may in uence the
effectiveness of code changes. To this end, we compile statistics on the resolved ratios in various
software repositories, as shown in Fig. 13. From the gure, we observe that there is a signi cant
variation in the resolved ratios across different repositories in our framework. Some repositories have
aresolved ratio as high 49% while others are close 6. This suggests that the differences among
various software such as code structure and coding style can impact the generation and application of
the code change.
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_ Figure 13:The number of applied and resolved in-
Figure 12:Case fromscikit-learn ~ (gold) [40].  stances in different repositories.

Table 5:The statistical analysis of our framework on resolved and applied but not resolved instances.

Resolved Instances

Applied but Not Resolved Instances

MAGIS Gold MAGIS Gold
Min Max Avg. | Min Max Avg. | Min Max Avg. | Min Max Avg.
# Code Files 1 2 1.02 1 2 1.04 1 13 1.50 1 18 1.61
# Functions 1 2 1.02 1 2 1.04 1 13 1.50 1 18 1.61
# Hunks 1 4 1.45 1 6 1.66 1 28 2.52 1 52 3.72
# Added Lines 1 146 9.7 0 38 4.34 1 920 40.38 0 3,050 28.27
# Deleted Lines 0 77 5.2 0 115 5.16 0 9,160 327.27 0 2,975 14.51
Change Start Index 1 1655 27012 1 1657 256.09 1 4568 42484 0 6,651 485.01
Change End Index 22 1665 30168 O 1666 315.05 9 7,150 513.13 0 6,658 728.96
# Changed Lines 2 190 15.0. 1 115 9.50 1 9367 367.65 1 6,025 42.79

G Evalu

ation on Task Description

Since there is no ground truth for the task descriptions generated by the Manager, we utilize GPT-4 to
simulate human evaluation and score each task description based on its corresponding reference code
change. Table 6 illustrates the standards used by GPT-4 to assess the correlation between the task
description and the code change. The score given by GPT-4 is considered the performance metric for
the task description.

Table 6:The meaning of scores in GPT-4 evaluation on the correlation between the generated task description
and the reference code change.

Score Meaning
1 The code changes are unrelated to the task description.
2 The code changes address a minor part of the task but are largely irrelevant.
3 The code changes partially meet the task requirements but lack completeness or accuracy.
4 The code changes are relevant and mostly complete, with minor discrepancies from the
task description.
5 The code changes perfectly align with the task description, fully addressing all speci ed

requirements with high accuracy and completeness.
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H Case Study

Fig. 14 illustrates the detailed process of our framework used to resolve the issue frDjarige
repository [L5] as described in the following tickét To address this issue, two candidate les were
identi ed for modi cation. Based on the issue description and the candidate les, the Manager
de ned two le-level tasks. For these tasks, two Developers were assigned: Django Database
Specialist (Developer I) and Alex Rossini (Developer I1). Following a kick-off meeting attended by
both Developers and Managers, the Django Database Specialist commenced work rst, followed
by Alex Rossini. During the coding phase, Developer | identi ed the code lines to be modi ed and
generated the new code to replace them. The initial code changes made by Developer | were approved
by the QA Engineer. Developer | made three attempts during the coding process. The QA Engineer
provided review comments on the rst two attempts. Ultimately, both Developers completed their
coding tasks, and the merged results from their code changes passed all necessary tests.

Fig. 15 shows a reference issue resolution result, which resolves the’ igsume the repository
Django [15], the human developer modi es four hunks in two letd]. Despite the presence of
modi cations in two les, our method focuses on changes in only one le, as shown in Figure 16.
Notably, this simpler modi cation allows the repository to pass all necessary test cases.

| The performance of the QA Engineer Agent

Fig. 12 shows an issuet]] from the repositoryscikit-learn [39] and the reference code
change 40]. During the ow of our framework, the Developer rstly modi es the code as shown

in Fig. 11 but the parametemdom_state (Line 371in the new-version code) of the function
kmeans_single is not assigned the right numberseeds. After the erroneous modi cation was
made, the QA Engineer identi ed the mistake and provided feedback. Their commentary highlighted
the issue: “This code change modi es the implementation of K-means algorithm and doesn't seem
entirely correct”. They further elaborated, “Running the algorithm just one time could lead to worse
results, compared to running it multiple times (n_init times) and choosing the best result, as was
originally done”. This critique speci cally targets the aw associated with the iterative process
(“running times”). With the help of the QA Engineer, the Developer further revise the code, and the
nal code change is shown in Fig. 10. All of the necessary test cases are passed after applying this
code change.

J Related Work (Detailed)

J.1 Large Language Models

Large Language Models (LLMs) refer to the pre-trained language models that contain a large number
of parametersg2]. The parameter counts of these models typically range in the tens or hundreds of
billions. Popular LLMs include the Generative Pre-trained Transformer (GPT) series, such as GPT-
3 [44], GPT-4 [38], and the open-source LLaM/A]] which publicly shares its weight information.

The rst version of the open-source model LLaMA has parameters ranging from 7 billion to 65 billion.
Many researcher$B, 20] have built upon the foundation of LLaMA, implementing enhancements to
forge new LLMs. These LLMs have demonstrated formidable natural language generation capabilities
in general scenarios, with GPT-4, in particular, standing 82t§3]. It has consistently maintained

the top position in several rankings, including code generation, re ecting its signi cant potential in
tasks related to software engineering [25].

J.2 LLM-Based Multi-Agent System

With the powerful text generation capabilities of LLMs, many research28s48, 10, 56, 43,

52, 61] have explored the construction of LLM-based Multi-Agent Systems, enabling them to
accomplish tasks beyond the capabilities of the LLMs themselves. For example, MetagPT [
which simulates the Standardized Operating Procedures (SOPs) of a programming team, completing
tasks including de nition, design, planning, coding, and testing through constructed roles (e.g.,

Shttps://code :djangoproject :com/ticket/30664
"https://code  :djangoproject :com/ticket/30255
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Figure 14:Detailed overview of our framework, MAGIS (Kick-off meeting refers to Fig. 7).
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