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ABSTRACT
Autonomous agents can adapt their behaviour to changing envi-
ronments, but remain bound to requirements, goals, and capabil-
ities fixed at design time, preventing genuine software evolution.
This paper introduces self-evolving software agents, combining BDI
reasoning with LLMs to enable autonomous evolution of goals, rea-
soning, and executable code. We propose a BDI–LLM architecture
in which an automated evolution module operates alongside the
agent’s reasoning loop, eliciting new requirements from experi-
ence and synthesizing corresponding design and code updates. A
prototype evaluated in a dynamic multi-agent environment shows
that agents can autonomously discover new goals and generate
executable behaviours from minimal prior knowledge. The results
indicate both the feasibility and current limits of LLM-driven evolu-
tion, particularly in terms of behavioural inheritance and stability.
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1 MOTIVATION AND BACKGROUND
Modern software systems increasingly operate in open and dy-
namic environments shaped by machine learning, IoT, and cloud
computing [1, 23], where requirements, assumptions, and opera-
tional contexts evolve over time [3, 9]. While self-adaptive systems
and autonomous agents can modify their behaviour at runtime,
they typically remain bound to goals, requirements, and capabil-
ities defined at design time. As a result, they can adapt, but not
genuinely evolve. Software evolution, originally limited to code
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fixes and incremental updates [15], now entails revising system ob-
jectives, internal reasoning structures, and executable capabilities in
response to emerging needs [8]. Despite extensive research on soft-
ware evolution [6, 11, 25, 27], requirements engineering [2, 14, 24],
and self-managing systems [10, 13, 22], current agent architectures
lack explicit mechanisms to autonomously evolve their own require-
ments and code while preserving architectural coherence [19, 29].
Recent advances in Large Language Models [4] offer new opportu-
nities to automate parts of the software evolution process, including
requirement elicitation, design revision, and code synthesis. How-
ever, existing agentic AI approaches largely rely on prompt-driven
behaviour and externally defined objectives, providing limited sup-
port for structured, long-term evolution.

This work addresses this gap by introducing a framework for
self-evolving software agents that integrates automated software
evolution principles within a BDI architecture, enabling agents to
evolve goals, reasoning, and actions autonomously.

2 SELF-EVOLVING AGENTS ARCHITECTURE
Figure 1 illustrates the proposed BDI–LLM architecture for self-
evolving software agents [12, 18, 31]. The model builds on a classi-
cal BDI reasoning loop [26, 31, 32], where the agent continuously
updates beliefs, deliberates over desires, selects intentions, and exe-
cutes plans in response to environmental perceptions. In addition
to the standard reasoning loop, the architecture introduces an Auto-
mated Evolution Module that operates independently from runtime
decision making. This module monitors the agent’s experience and
identifies unmet needs or novel opportunities that cannot be ad-
dressed by the current knowledge, goals, or action repertoire. When
triggered, it initiates an automated software evolution cycle based
on variation, selection, and inheritance.

The evolution process acts on three architectural layers of the
agent: (i) knowledge representation and reasoning, by extending
or revising perceptual and inference mechanisms; (ii) goal genera-
tion and decision making, by introducing new goals and intention-
selection policies; and (iii) execution, by synthesizing or adapt-
ing executable actions and plans. By isolating evolution from the
reasoning loop, the architecture preserves behavioural coherence
while enabling autonomous, long-term evolution of the agent’s
internal structure. This approach addresses challenges in adaptive
systems [8, 20, 30] and leverages recent advances in LLMs for auto-
mated code generation [4, 5, 7, 17].

3 PROTOTYPE AND PRELIMINARY
EVALUATION

We implemented a prototype of the proposed self-evolving agent
using a BDI control loop extended with an LLM-driven evolution
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Figure 1: BDI–LLM architecture for self-evolving software agents. An automated evolution module operates alongside the
classical BDI reasoning loop, enabling autonomous evolution of knowledge, goals, and executable actions.

module [21, 28]. The agent operates in a dynamic multi-agent en-
vironment inspired by the Deliveroo.js framework, where it must
perceive the environment, discover goals, and generate executable
plans while interacting with other agents and environmental con-
straints. The agent is initially provided only with a textual de-
scription of the environment and a minimal set of APIs, without
predefined domain-specific knowledge or goals. The evolution mod-
ule is triggered when perceived information cannot be interpreted
or exploited using the current knowledge and goal structures. In
such cases, the agent autonomously generates new goals, revises
its reasoning structures, and synthesizes executable actions, which
are then validated through interaction with the environment. Suc-
cessful behaviours are retained and reused in subsequent situations,
while ineffective ones are discarded.

Preliminary experiments show that the agent is able to auto-
nomously discover operational goals and generate executable be-
haviours starting from minimal prior knowledge. At the same time,
the results highlight current limitations of LLM-driven evolution,
particularly in terms of behavioural inheritance and robustness as
environmental complexity increases. These observations confirm
the feasibility of autonomous software evolution while motivating

further investigation on mechanisms for stabilising and reinforcing
evolved behaviours.

4 CONCLUSIONS AND OUTLOOK
This paper introduced a framework for self-evolving software agents
that integrates automated software evolution principles within a
BDI architecture augmented by LLMs. By separating runtime rea-
soning from an explicit evolution module, the proposed approach
enables agents to autonomously revise goals, reasoning structures,
and executable actions, moving beyond traditional notions of be-
havioural adaptation. The prototype and preliminary evaluation
demonstrate the feasibility of autonomous evolution in dynamic
multi-agent environments, while also revealing current limitations
in behavioural inheritance, stability, and scalability. These chal-
lenges point to the need for reinforcement mechanisms, memory
consolidation, and more robust selection strategies.

Future work will focus on strengthening inheritance and long-
term consistency, extending the evaluation to more complex multi-
agent scenarios, and exploring collective and cooperative forms of
software evolution among agents, as well as leveraging retrieval-
augmented generation [16] to enhance LLM reasoningwith external
knowledge.
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