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Abstract—Multi-agent Large Language Model (LLM) systems
have been leading the way in applied LLM research across a
number of fields. One notable area is software development,
where researchers have advanced the automation of code im-
plementation, code testing, code maintenance, inter alia, using
LLM agents. However, software development is a multifaceted
environment that extends beyond just code. As such, a successful
LLM system must factor in multiple stages of the software
development life-cycle (SDLC). In this paper, we propose a
vision for ALMAS, an Autonomous LLM-based Multi-Agent
Software Engineering framework, which follows the above SDLC
philosophy such that it may work within an agile software
development team to perform several tasks end-to-end. ALMAS
aligns its agents with agile roles, and can be used in a modular
fashion to seamlessly integrate with human developers and their
development environment. We showcase the progress towards
ALMAS through our published works and a use case demon-
strating the framework, where ALMAS is able to seamlessly
generate an application and add a new feature.

Index Terms—ALl for SE, Agent-Based SE, LLM for Code

I. INTRODUCTION

Software development has evolved dramatically in recent
years with the emergence of Al-assisted coding tools. Al-
though these tools have shown promise in tasks such as code
completion, bug detection, maintenance [1], and documenta-
tion generation, they typically operate as isolated components
rather than as an integrated ecosystem spanning the entire
software development lifecycle. This fragmentation limits
overall effectiveness and may introduce friction in developer
workflows.

We introduce ALMAS (Autonomous LLM-based Multi-
Agent Software Engineer), a novel framework that orchestrates
coding agents aligned with the diverse roles found in agile
[2], human-centric development teams: from product managers
and sprint planners to developers, testers, and peer reviewers.
By mirroring real-world team hierarchies, ALMAS deploys
lightweight agents for routine, low-complexity tasks while as-
signing more advanced agents to handle complex architectural
and integration decisions. This tiered approach not only aligns
with the way human expertise is allocated in practice, but also
ensures optimal resource utilization across development.

A key innovation of ALMAS lies in its dual op-
erational modes that support both autonomous execution
and interactive collaboration with human developers. This
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“three Cs” approach—Context-aware, Collaborative, and Cost-
effective—ensures that specialized agents seamlessly commu-
nicate with one another as well as with their human teammates.
As a result, the framework reduces cognitive load, enhances
productivity, and promotes the cost-effective allocation of
development resources.

The automation of the software development lifecycle
(SDLC) has been a central focus where LLM-based multi-
agent systems have emerged as effective solutions [3]. Prior
work in code generation [4], computer control [S], and web
navigation [6] demonstrates the benefits of defining distinct
agent roles with modular goals. Drawing on these insights,
ALMAS leverages such modularity while addressing two
common limitations of LLMs effectively: (1) context window
length restrictions and (2) the diminishing effects of attention
mechanisms for long prompts—owing to novel components
that enable a compact natural language representation of
codebases and a retrieval strategy that allows the LLM to
effectively act as its own retriever for planning and execution.

Designed with industrial use in mind, ALMAS is envisioned
to operate autonomously while seamlessly collaborating with
human developers, ensuring smooth integration into real-world
workflows. ALMAS agents were evaluated independently in
previous works, but in this paper, we outline the framework’s
blueprint; detailing agent roles, interaction dynamics, and
resource allocation strategies, and present a case study where
an initial prototype successfully tackled a task that involved
both the creation of a new application and the modification of
existing code to add a new feature. ALMAS rapidly completed
the task while integrating with common developer tools such
as Atlassian Jira' and Bitbucket?.

In summary, ALMAS marks a significant evolution toward
an end-to-end ecosystem for Al-assisted software engineer-
ing. By aligning agent roles with agile team dynamics and
strategically allocating resources based on task complexity,
the framework paves the way for an integrated, cost-effective,
and context-aware automation of the software development
lifecycle.

Uhttps://www.atlassian.com/software/jira
Zhttps://bitbucket.org/product
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Fig. 1: Overall conceptual system architecture diagram for ALMAS framework.

II. RELATED WORK

Large Language Models (LLMs) have been widely adopted
in software engineering for tasks such as code summarization
[7], [8], program synthesis [9], code translation [10], auto-
mated repair [11], [12], and test generation [13]. Despite this
focus on coding, only a fraction of developer effort is spent
on implementation [14]. Motivated by this and recent surveys
highlighting both the potential and current gaps of LLM-
based tools [15], [16], our work proposes that automation
across the full SDLC can yield greater benefits. The ALMAS
framework is designed to address this by supporting multiple
SDLC phases in a multi-agent context.

a) Surveys and Overviews: Recent surveys [15], [16]
review LLM-driven multi-agent systems, discussing work-
flows, infrastructure, and challenges like context management.
However, they stop short of proposing concrete solutions for
issues such as task verification failures or agent misalignment.

b) Cognitive and Architectural Approaches: Other stud-
ies have explored cognitive models for developer support [17]
and modular agent architectures [18], but these typically ad-
dress only specific SDLC stages. ALMAS extends these ideas,
offering an end-to-end framework that manages agile role
decomposition, dynamic orchestration, and context limitations.

c¢) Failure Analysis in Multi-Agent Systems: Work by
[19] analyzes common failures in LLM-based multi-agent
systems, such as poor task verification and communication
breakdowns. ALMAS addresses these with agile role align-
ment, dynamic summarization, and a novel retrieval strategy
to reduce such failures.

d) Code Augmentation and Retrieval: Recent meth-
ods have enhanced code generation with retrieval mech-
anisms—Agentless [20], SWE-Agent [4], and OpenHands
[21]—to improve bug fixing. Yet, these often overlook broader
issues like context-window limits in large codebases. ALMAS
advances this area by combining a new retrieval approach
(Meta-RAG) with dynamic code summaries, supporting both
bug fixes and feature development [22].
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In summary, while prior work has advanced individual
aspects of LLM-based software engineering, most solutions
are fragmented. ALMAS unifies these advances, coordinating
agents for planning [23], localization [22], generation, and
review [24], [25], to address persistent challenges like limited
context, attention dilution, and agent misalignment.

III. VISION

Figure 1 outlines the ALMAS architecture detailed below.

Software Planning: ALMAS begins with the Sprint Agent,
acting as Product Manager and Scrum Master. Since unclear
requirements can increase development risks [26], [27], the
Sprint Agent refines user tasks for clarity and completeness,
then breaks them into sub-tasks with descriptions, acceptance
criteria, and effort estimates. Acceptance criteria support unit
testing and code review, while effort estimation leverages few-
shot learning from past examples [23]. The Supervisor Agent
allocates sub-tasks to the most suitable LLMs, optimizing for
cost and performance by maintaining a diverse agent pool [28].

Context-Aware Development: The Summary and Control
Agents enable context-aware development by preprocessing
code repositories. The Summary Agent generates concise,
structured natural-language summaries for each code unit,
addressing LLM context limitations and reducing token costs.
These summaries provide language-agnostic context for other
agents. The Control Agent uses Retrieval Augmented Gener-
ation (RAG) over these summaries to localize relevant code
for each sub-task, a process called Meta-RAG we introduced
in [22]. The Sprint Agent also uses these summaries for task
decomposition.

Collaborative Development: The Developer Agent coordi-
nates multiple specialized agents to implement sub-tasks, using
localized code and summaries. This collaborative setup allows
agents to work alongside human developers, who can selec-
tively integrate agents like Sprint or Peer Review into their
workflow. The modular design supports easy replacement or
ensembling of code generation solutions, enhancing flexibility
and productivity.
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Fig. 2: Example of application generated with ALMAS from a single task

Cost Efficiency: ALMAS is designed with cost efficiency
in mind, leveraging several strategies to reduce cost without
sacrificing performance. By condensing the codebase into
structured natural-language replicas and keeping it up to date
with the interim changes, the framework reduces token usage
in the long run, which is a significant factor in LLM cost [22].
The Supervisor Agent enhances cost efficiency by strategically
routing tasks to the most suitable LLMs, considering their
specialty, size, and cost [28]. By having access to a diverse
set of LLMs, it can select the optimal option for each task,
optimizing resource use. This modular design allows teams to
customize the framework to their needs, further reducing costs
through selective agent utilization.

Validation, Verification, and Error Handling: Validation
is built in: the Developer Agent checks code formatting,
compilation, and runs unit tests to ensure correctness. The
Peer Agent reviews code for functionality, vulnerabilities [24],
performance, hallucinations [25], formal verification [29],
and quality, providing a report for human review. For error
handling, failed tests trigger the Control Agent to localize
and address issues, while the Supervisor Agent tracks agent
actions. If automated recovery fails after several attempts,
control passes to a human developer with a summarized action
history, ensuring resilience.

Tool Usage and Integration: ALMAS integrates seam-
lessly with SDLC tools—CI/CD, version control, task manage-
ment—and can connect to IDEs like VS Code or IntelliJ via
plugins. This ensures it fits naturally into existing development
workflows, serving as both a standalone and complementary
solution.

IV. PROGRESS TOWARDS VISION

A number of ALMAS agents have been developed, in-
cluding Summary Agent, Control Agent, Sprint Agent, one
Code Agent, and Peer Agent. The ALMAS framework aims
to join these into a multi-agent system that aligns with real-
world software engineering roles. In order to demonstrate the
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potential of the wider vision, these agents were tasked with
the creation of a Python streamlit application. All agents use
GPT-4o for this exercise. The agents were also given access
to interact with Atlassian tools; Jira for task management
and Bitbucket for code versioning. Figure 2 illustrates the
automated software development workflow utilizing the multi-
agent system architecture.

The workflow is divided into two main phases: Code
Generation and Code Augmentation. In the Code Generation
phase, the Sprint Agent initiates the process by interpreting
user requirements and breaking them down into manageable
sub-tasks, providing effort estimates in the form of story
points. The Code Agent then develops the application by
writing and committing code, and corresponding unit tests.
To ensure code quality, the Peer Agent conducts thorough
code reviews, offering feedback and recommendations for
improvement. The final output of this phase is the automated
generation of the application by ALMAS, resulting in a stock
options visualization tool.

The Code Augmentation phase starts with generating code
summaries and supports iterative development through new
feature requests, such as adding a bar chart for average stock
prices. The Control Agent identifies necessary code snippets
for the Code Agent to make progress towards fulfilling the
user task. The Code Agent, then, generates and commits code
and unit tests. The Peer Agent revisits the code review process,
and in this phase we focus on code differences to demonstrate
implementation of new features within the existing codebase.
Finally, the application is updated, incorporating the new
feature to enhance its functionality and user experience.

This multi-agent system architecture creates a modular
framework by which the agents can be used individually or in
combination. As such, they can be configured such that each
agent can use a different LLM, taking into account their need
for a specialized LLM or LLMs of different sizes and costs.
Furthermore, this design has allowed us to conduct extensive
research into each agent in isolation. Nevertheless, this paper



demonstrates the wider vision of the interaction of all special-
ized agents towards one common purpose. The necessary end-
to-end evaluation will be explored more thoroughly in future.

V. CONCLUSION AND FUTURE WORK

In this paper, we presented ALMAS—a multi-agent LLM-
based framework that embodies the diverse roles of an agile
software development team. By integrating specialized agents
for sprint planning, code generation, and code review, inter
alia, ALMAS effectively automates multiple stages of the soft-
ware development lifecycle. Our illustrative example, where
ALMAS successfully built a Streamlit application and later
augmented it with a new feature, demonstrates the framework’s
potential for automated software development.

Looking ahead, we plan to conduct end-to-end evaluations
of ALMAS on a range of coding tasks. For instance, using
benchmarking datasets like SWE-Bench, we aim not only to
assess its capability in resolving bug fixes but also to measure
intermediate metrics such as localization efficiency.
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