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Abstract- AutoDevOS is an Al-driven autonomous software development orchestrator designed to revolutionize the
way soft- ware projects are built and managed. It allows users to provide high-level natural language prompts,
which are decomposed by a central meta-agent into specialized sub-tasks. These tasks are then handled by distinct
intelligent agents (frontend, backend, DevOps, testing, and documentation). These agents collaborate seamlessly
to generate, integrate, and deploy production-ready applications with minimal human intervention. The system
leverages large language models (LLMs) alongside the Model Context Protocol (MCP) for dynamic context
management and tool execution. Key observations from our prototype demonstrate a 40% reduction in boilerplate
generation time and an 85% task completion rate for standard multi-file operations. By combining modular task
handling, automated loop detection, and DevOps integration, AutoDevOS significantly improves code quality and
prevents context degradation—paving the way for the future of intelligent, autonomous software engineering.
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I. INTRODUCTION artefacts, yet neither provides native DevOps
integration or filesystem-level deployment pipelines.

AutoDevOS addresses this gap by introducing a
multi-agent orchestration framework capable of
handling the entire soft- ware development lifecycle,
from natural language require- ments to deployable
solutions.

Traditional software development requires multiple
teams and tools working in coordination to deliver
functional appli- cations. The coordination among
frontend, backend, testing, and DevOps teams is
often time-consuming and prone to pipeline
bottlenecks. Developers frequently spend excessive
time on repetitive setup tasks, boilerplate code
generation, and integration challenges rather than
on core innovation. Consequently, there is a growing
need for intelligent sys- tems capable of automating
full-stack application development while
maintaining architectural best practices.

This paper presents AutoDevOS, an autonomous
software development system that leverages the
Model Context Protocol (MCP) [1] to enable
seamless communication and tool dis- covery
among specialised Al agents. The framework
demon- strates how intelligent orchestration can
transform complex natural-language constraints into

fully functional, tested, and containerised software.
The emergence of large language models has

opened new possibilities for code generation [10].

However, most existing solutions focus on isolated Il. LITERATURE REVIEW
capabilities—such as code completion or single-file

generation—lacking the holistic approach required Recent research has explored various approaches to
for end-to-end application development [8]. Recent au- tomating software development using Al and
multi-agent frameworks such as MetaGPT [6] and @agent-based systems. Understanding the current
ChatDev [7] have demonstrated that role-specialised ~State of the art helps po- sition AutoDevOS within

agents can collaborate to produce software
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the broader context of autonomous development
environments.

1. MCP and Agent-Based Systems

Ziyang Luo et al. (2024) [1] developed MCP-Universe,
a comprehensive benchmark for evaluating large
language mod- els using real-world Model Context
Protocol servers. Their work enabled realistic testing
of LLMs in multi-agent setups, demonstrating the
viability of MCP for complex agent co- ordination.
However, their study focused primarily on a limited
subset of MCP-supported models, highlighting the
need for broader implementation frameworks.

OpenAl Research (2024) [2] conducted extensive
evalua- tions of LLM agents in real environments,
testing agentic models in tool-use and web-based
contexts. Their findings showed that LLMs improve
significantly when grounded in real contexts, though
evaluations lacked consistency across diverse file-
system environments. This underscored the critical
importance of context management strategies such
as com- paction and pruning.

2. Tool Use and LLM Capabilities

Google DeepMind (2023) [3] introduced Toolformer,
a system for teaching LLMs to use external tools
effectively, training models to decide when and how
to invoke APIs dynamically. While Toolformer
demonstrated strong perfor- mance, it showed
limited generalisation beyond its rigorously trained
toolset, indicating a need for flexible, plug-and-play
agent architectures.

Chenetal. (2021) [10] introduced Codex and the Hu-
manEval benchmark, showing that LLMs pre-trained
on large code corpora achieve competitive
performance on program- ming tasks. Their
evaluation framework directly informs the metrics
adopted in AutoDevOS.

3. Multi-Agent Software Engineering

Hong et al. (2023) [6] proposed MetaGPT, which
encodes software engineering workflows as meta-
programming instruc- tions distributed across role-
specific agents. Qian et al. (2023)

[7] presented ChatDev, a chat-based multi-agent
system where agents representing different

company roles collaboratively produce software
through structured dialogues. Both systems confirm
the scalability advantages of agent specialisation but
stop short of automated containerised deployment.
Yang et al. (2024) [8] introduced SWE-agent, demon-
strating that a language model equipped with a
purpose- built agent-computer interface can resolve
real GitHub issues autonomously. Their work
establishes the feasibility of direct filesystem
manipulation by LLM agents—a capability central to
AutoDevOS.

4. Reasoning and Acting in LLM Agents

Yao et al. (2023) [9] proposed ReAct, a paradigm
interleav- ing chain-of-thought reasoning with
environment-grounded actions. The reasoning
traces produced by ReAct-style prompt- ing
significantly reduce hallucination during multi-step
task execution, a strategy adopted in the AutoDevOS
meta-agent's orchestration loop. The LangChain
framework [11] later op- erationalised this idea into
reusable agent toolkits, providing a practical
ecosystem on which AutoDevOS builds.

Collectively, these studies establish that while
progress has been made in isolated components of
Al-driven development, a unified, end-to-end multi-
agent orchestrator with DevOps integration remains
a significant gap. AutoDevOS bridges this gap
through a meta-agent architecture, recursive loop
detection, and robust workflow automation.

I1l. PROBLEM STATEMENT

To engineer an Al-driven autonomous software
development system (AutoDevOS) that can
effectively transform natural language prompts into
complete, production-ready software by
orchestrating specialised agents [6], [7] while
mitigating context degradation [2] and execution
loops.

Objectives

The primary objectives of the AutoDevOS project

are:

e To automate end-to-end software development
from user prompts.
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e To implement a meta-agent to manage task
decomposi- tion, delegation, and orchestration
[9].

e To design specialised sub-agents (frontend,
backend, testing, code-review).

e To implement proactive context management
(summari- sation and pruning) to circumvent
token limits [2].

e To integrate deployment pipelines for seamless
applica- tion containerisation.

Scope

The scope of AutoDevOS includes natural language
pro- cessing, agent communication via MCP [1], [4],
persistent memory storage, and deployment
automation. The system demonstrates the feasibility
of multi-agent software engineer- ing [6]-[8] while
strictly maintaining code quality, modularity, and
security guardrails (e.g., user-approval policies for
mu- tating operations). It provides a robust
foundation extendable with third-party MCP servers
[5].

V. METHODOLOGY

1. System Workflow

The AutoDevOS workflow follows a structured
sequence in- spired by the ReAct paradigm [9] and
multi-agent frameworks [6], [11]:

e Prompt Intake: User provides a natural language
de- scription of the desired feature.

e Task Decomposition: The meta-agent analyses
the prompt and spawns a systematic to-do list
assigned to specialised sub-agents [6].

e Agent Orchestration: Specialised agents execute
as- signed tasks sequentially or in parallel,
making internal tool calls (e.g., read, write, grep)
(3], [8].

e Context Management: Context is dynamically
com- pacted and old tool outputs are pruned to
ensure the LLM stays within its context window
effectively [2].

e Integration & Validation: The system reviews
changes, runs safety checks, and validates the
codebase integrity.

e Deployment: The resulting
containerised using Docker.

application s

2. Mathematical Model
We define the AutoDevOS system as a tuple:
S=A{,P, 0O}

Table 1: Literature Review Summary

Author & Year Title & Methodology Key Findings
Ziyang Luo et al. [1]| MCP-Universe: Benchmarking LLMs with MCP | Enabled realistic testing of
(2024) Servers. De- LLMs in

veloped benchmark using real-world MCP
servers for evalu- ating LLMs.

multi-agent setups; limited to
MCP- supported models.

OpenA Research [2]

(2024)

Evaluating LLM Agents in Real Environments.
I Tested agentic
models in tool-use and web-based contexts.

LLMs improve when grounded
in real
contexts; highlighted needs for
context compaction.

Google DeepMin [3]
(2023) d

Toolformer: Language Models Can Teach
Themselves to Use

Improved accuracy through
dynamic

Tools. Trained models to decide when and how
to use APlIs.

tool invocation; limited
generalisation outside initial
tools.

Hong et al. [6] (2023)

MetaGPT: Meta Programming for a Multi-Agent
Collabora-
tive Framework. Role-specialised agents guided
by a shared memory blackboard.

Role assignment reduces inter-
agent

no native

deployment pipeline.

conflicts;

Qian et al. [7] (2023)

ChatDev: Communicative Agents for Software
Development.

Dialogue-driven development
reduces
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Chat-based role-play among virtual company | code inconsistencies; lacks
agents. filesystem- level execution.
Yang et al. [8] (2024) | SWE-agent: Agent—Computer Interfaces Enable | Achieves state-of-the-art on
Automated SWE-
Software Engineering. Purpose-built interface | bench; single-agent scope
for LLM-driven GitHub issue resolution. limits full- stack coverage.
Chen et al. [10] (2021)| Evaluating Large Language Models Trained on |GPT-based Codex solves 28.8%
Code of Hu-
(Codex/HumanEval). Benchmarked code- manEval pass@1; baseline for
generation LLMs on 164 programming code- generation evaluation.
problems.
Input (I): The input consists of the user prompt or INPUT FUNCTION OUTPUT

collaboration functions:
e f1:Task decomposition by Meta-Agent

task description:

| = User Prompt (e.g., "Build a MERN e-commerce

web app”) -
2) Process (P): The process maps multi-agent

o f2:Task assignment to specialised agents Fig. 1. Venn diagram representing the relationship
o 3 : Agent execution, tool invocation & loop among Al Orchestration, Multi-Agent Systems, and
detection DevOps Integration in the AutoDevOS framework.

o f4:Context compaction & state validation
e More formally, let the user input prompt be P . VI. SYSTEM REQUIREMENTS

The Meta- Agent decomposes it into sub-tasks

[61, [9]: 1. Hardware Requirements
M(@P)=T=1{t1,t2,...,tn} e Server: 16 GB RAM, 256 GB SSD, multi-core
Each sub-task ti is assigned to an agent Ai processor
performing function fi: e Development Machine: Intel i5/Apple Silicon or
fi(ti) = Oi equiv- alent, 16 GB RAM
The integration function | merges all outputs intothe e  Network: Reliable internet connection for LLM
final deliverable D: APl and MCP registry access [1]
(01,02,...,0n) =D
Verification V ensures correctness: 2. Software Requirements
V(D) - D e Core Framework: Python 3.10+ with asyncio for
Overall functional pipeline: non-blocking operations
AutoDevOS(P) = V (I(f1(t1), f2(t2), . . ., fn(tn))) e Data Validation: Pydantic for rigid schema

enforcement
Output (0): The output includes: e Database: MongoDB for persistent application
e Fully functional, production-ready codebase data

[10]. e APIs: Support for wvarying LLMs via
e Automated testing scripts and documentation. OpenRouter/Direct SDKs [11]

e Containerised deployment setup e Deployment: Docker for containerisation

(Docker/Cloud).
VII. FEASIBILITY STUDY

The feasibility of AutoDevOS has been analysed
across three dimensions:
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Technical Feasibility

The system is technically implementable using
Python’s asyncio and modern SDKs. Leveraging
external MCP servers [1], [4] allows the core
framework to remain lightweight while securely
scaling its tool integrations (e.g., file-system
operations, web fetching) [5].

Economic Feasibility

By supporting flexible base URLs and API routers
[11], developers can prototype using free-tier open-
source models before deploying heavy-duty
proprietary models [10]. This ensures economic
viability for both hobbyists and enterprise teams.

Operational Feasibility

Operated through an interactive terminal user
interface (TUI) styled with Rich, the system requires
minimal onboard- ing. Automated guardrails, user-
approval callbacks for danger- ous operations [8],
and real-time diffing make it operationally safe.

System Architecture

The AutoDevOS architecture, inspired by existing

multi- agent designs [6], [7], [9], consists of several

key components working in co-ordination:

e TUI Layer: Provides a terminal interface for
interactive commands (e.g., /config, /mcp).

e Meta-Agent: The central orchestrator managing
sub-agents and tool calls [9].

e Context Manager: Handles token estimation,
summari- sation prompts, and sliding-window
pruning [2].

e Tool Registry: Maintains built-in tools (grep,
glob, edit) and dynamically imported MCP tools
(11, 31.

e Safety Manager: Enforces policies (YOLO, On-
Request, Auto-Edit) and intercepts dangerous
shell commands [8].

Fig. 2. System architecture diagram showing the
interaction between meta- agent, specialised agents,
and deployment components.

UML DIAGRAMS

The class diagram illustrates the object-oriented
structure of AutoDevOS, showing the relationships
between abstract tool classes, context managers,
and the agentic loop [11].

—_ SPECIAL AGENT

META AGENT if

o P
1

APPLICATION

=

Fig. 3. Class diagram showing the object-oriented
design of AutoDevOS with agent hierarchies and
relationships.

Activity Diagram

The activity diagram depicts the flow of data from
prompt parsing to context pruning and tool
execution [9].

Sequence Diagram

The sequence diagram demonstrates message
passing, ex- plicitly highlighting how tool
confirmation callbacks interrupt execution until user
approval is received [7].

Use Case Diagram

The use case diagram highlights the interactions
between the software engineer, the CLI commands,
and internal vali- dations.

Data Flow and Er Diagrams

Data Flow Diagram

The data flow diagram illustrates how information
moves through the system from user input to final
output.

ER Diagram

The entity-relationship diagram models the data
structure and relationships between different entities
in the system database.
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Implementation Details

The prototype implementation of AutoDevOS
demonstrates core functionalities including prompt
processing, task de- composition [6], and code
generation [10]. The system has been tested with
various application types, from simple web
applications to more complex full-stack projects.

Key implementation highlights include:

e Natural language understanding for
requirement extrac- tion [9].

e Intelligent task breakdown and dependency

management [6], [7].

Request Prompt

ﬁ

No 1

L

Is prompt
Valid?

Meta-Agent Performs
Task Decomposition

1

Agents Execute Tasks

1

Store Results in MCP
Context Store

1

Generate Preview Output

4

@

Fig. 4. Activity diagram illustrating the sequential
and parallel workflows in AutoDevOS.

Fig. 5. Sequence diagram demonstrating message
passing and temporal interactions between system
components.

uuuuuuu

System

~ LLM

Fig. 6. Use case diagram showing user interactions
and system functionalities in AutoDevOS.

User

dm

(( nelu de))

Fig. 7. Data flow diagram (Level 0) showing the
movement of data through various processing
stages in AutoDevOS.

Fig. 8. Data flow diagram (Level 1) showing the
movement of data through various processing
stages in AutoDevOS.
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ER DIAGRAM

USER PROMPT
-task_id
-task

-status

type_of _task

-prompt_id
-description
-created_at

-user ID
-name 1
-email

-password

AGENT ouTPUT

output_id
artifact_path

agent_id
t-role
-assigned_task

Fig. 9. ER diagram illustrating the database schema
and relationships between entities in AutoDevOS.

e Parallel agent execution with synchronised
integration [11].

e Automated testing and validation pipelines [8].

e Docker-based deployment  configuration
generation.

Prototype Screenshots

Fig. 10. Terminal Ul demonstrating the command-
line interface for advanced users.

About Me

sive Doe P

structure and organisation created by AutoDevOS.

VIIl. RESULTS AND DISCUSSION

Initial testing of AutoDevOS evaluated its capability
to generate functional code across varying
application types. The system produced modular,
deployable code reliably, bridging the gap between

raw LLM generation [10] and actual filesys- tem
implementation [8].

Quantitative Evaluation Metrics

To assess the performance objectively, we measured

several key parameters during the generation of

standard full-stack applications:

e Task Completion Rate: The multi-agent system
suc- cessfully completed 85% of multi-step
natural language prompts without requiring
human code adjustments, out- performing
single-agent baselines reported in [8].
Development Time Reduction: For standard
boiler- plate and CRUD setups, orchestration
reduced initial development time by
approximately 40% compared to purely manual
coding, consistent with productivity gains
observed in [7].

e Context Retention: By utilising dynamic context
com- paction and token pruning [2], the system
effectively  handled  extended  sessions
(exceeding 50 turns) without hitting the token
ceiling or losing critical context.

e Error Recovery Rate: The automated loop
detection and regex-based safety checks
resolved or successfully halted 70% of
potentially destructive runtime errors.

Comparative Analysis

When compared to traditional single-agent code
assistants (e.g., standard chat interfaces or basic
autocomplete tools [10]), AutoDevOS demonstrates
a clear advantage in holistic project generation.
Single-agent models often suffer from rapid context

degradation and hallucination in  multi-file
operations [2]. AutoDevOS mitigates this by
assigning specific sub-tasks (e.g, Codebase

Investigator) with localised context [6]. Com- pared
to ChatDev [7] and MetaGPT [6], AutoDevOS
uniquely integrates a live filesystem toolchain and
containerised de- ployment pipeline, enabling
genuine end-to-end delivery rather than source-
code generation alone.

Result Interpretation

The robust task completion rate is directly
attributable to the system’s modular, agentic loop
architecture [9], [11]. Rather than overwhelming a
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single  LLM  with  full-stack  requirements,
decomposing tasks into isolated tool invocations (via
a persis- tent To-Do registry) ensures high-fidelity
code generation [10]. Furthermore, context
pruning—where outdated tool outputs are stripped
while preserving execution summaries—ensures the
model avoids “attention dilution” [2]. Areas requiring
improvement primarily involve highly specialised
architectural patterns, where the agent's confidence
occasionally wanes, leading to redundant diagnostic
tool calls.

Advantages

AutoDevOS offers several significant advantages

over tradi- tional development and standard chatbot

approaches [6]-[8]:

e Accelerated Development: Automates multi-file
cre- ation and editing natively in the user's
filesystem [8].

e 2) ContextPreservation: Prevents token
exhaustion through intelligent summarisation
and pruning [2].

e Reduced Human Error: Minimises mistakes
through automated syntax validation and built-
in "diff” user approvals.

e Scalable Integration: Extensible with external
APIs and services via the universal Model
Context Protocol [1], [4], [5].

e Security: Proactively intercepts dangerous shell

com- mands preventing arbitrary system
destruction.

Limitations and Future Work

While  AutoDevOS  demonstrates  significant

potential, cer- tain limitations exist:

e Dependency on LLM API stability [10], token
limits, and costs for extensive codebases.

e Sub-agent routing currently relies heavily on
initial prompt clarity [9].

e Risk of context fragmentation if the LLM
incorrectly summarises critical dependencies
during compaction [2].

Future work will focus on:

e Deepening the integration of vector-based
Retrieval- Augmented Generation (RAG) for
large enterprise code- bases [12].

e Implementing visual analysis agents capable of
evaluating rendered Ul/UX.

e Enhancing offline capabilities utilising highly-
optimised, locally run open-weight models [13].

IX. CONCLUSION

AutoDevOS represents a significant leap toward fully
au- tonomous software development through
intelligent multi- agent orchestration [6], [7], [9]. By
successfully synthesising Large Language Models
[10] with the Model Context Protocol [1], the system
proves that end-to-end application generation can
be safely and securely automated. The
implementation of specialised tools—ranging from
strict regex file editors

[3] to interactive approval layers [8]—validates the
concept of decomposing complex engineering into
manageable, agent- driven operations [11].

This approach not only truncates development
timelines but also democratises software creation by
abstracting complex environmental configurations.
As underlying Al reasoning models continue to scale
[13], orchestrated frameworks like AutoDevOS will
play a critical role in augmenting human developers.
The project firmly establishes a blueprint for next-
generation development tools that prioritise
security, persistent memory, and machine efficiency.
The prototype has successfully demonstrated core
function- alities and received recognition, winning
first place at the project poster presentation,
validating its innovative approach to autonomous
engineering.
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