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Abstract. Designing microservices from greenfield requirements remains chal-
lenging because early textual artifacts are ambiguous and LLM-based genera-
tion may produce structurally inconsistent decompositions. This paper presents
ArchiGenMS, a neuro-symbolic framework that combines LLM-guided seman-
tic exploration with a computable Lean 4 validation kernel inside an elitist evo-
lutionary loop. The framework operates over an early architectural abstraction
of services, operations, parameters, and inter-service calls. Across 22 datasets
from the Dalpiaz corpus, the percentage of Lean-valid candidates increases from
74.5% to 99.5% in five generations, while the average cohesion proxy improves
from 0.29 to 0.23. These results position ArchiGenMS as a reproducible and
formally constrained approach to AI-assisted microservice discovery.

Keywords: Microservices, Generative AI, Formal Verification, Lean 4, Evolu-
tionary Algorithms, Neuro-symbolic AI.

Resumo. Projetar microsserviços a partir de requisitos greenfield continua
sendo desafiador porque artefatos textuais iniciais são ambı́guos e a geração
com LLMs pode produzir decomposições estruturalmente inconsistentes. Este
artigo apresenta o ArchiGenMS, um framework neuro-simbólico que com-
bina exploração semântica guiada por LLMs com um núcleo computável de
validação em Lean 4 dentro de um laço evolucionário elitista. O frame-
work opera sobre uma abstração arquitetural inicial de serviços, operações,
parâmetros e chamadas entre serviços. Em 22 conjuntos de dados do corpus de
Dalpiaz, a porcentagem de candidatos válidos em Lean cresce de 74,5% para
99,5% em cinco gerações, enquanto a proxy média de coesão melhora de 0,29
para 0,23. Esses resultados posicionam o ArchiGenMS como uma abordagem
reproduzı́vel e formalmente restrita para descoberta de microsserviços assistida
por IA.

Palavras-chave: Microsserviços, IA Generativa, Verificação Formal, Lean 4,
Algoritmos Evolutivos, IA Neuro-simbólica.



1. Introduction
Microservices remain a dominant style for scalable cloud-native systems, yet their
greenfield design is still difficult because architects must transform incomplete tex-
tual requirements into service boundaries that are cohesive, loosely coupled, and
maintainable [Newman 2021, Dragoni et al. 2017, Taibi et al. 2017, Ünlü et al. 2024].
This challenge becomes sharper when the available artifacts are lightweight user sto-
ries, whose ambiguity directly affects decomposition quality [Lucassen et al. 2016,
Al-Debagy and Martinek 2020]. Existing automated approaches partially alleviate this
burden, but purely semantic decompositions may still produce structurally incon-
sistent outputs and transfer technical debt to later stages [Vera-Rivera et al. 2023,
Bajaj et al. 2022, Esposito et al. 2025, Neri et al. 2020].

Large Language Models (LLMs) have opened new possibilities for au-
tomated software engineering and architectural ideation [Belzner et al. 2023,
Dı́az-Pace et al. 2024, Dhar et al. 2024]. However, as our prior secondary studies
report, generative outputs may look plausible while still violating basic struc-
tural assumptions, a risk we previously framed as architectural hallucination
[Narváez et al. 2025b, Narváez et al. 2024, Adams et al. 2023, Chen et al. 2021].
This motivates a constrained-search perspective in which LLMs explore candidate
decompositions while a second component filters or penalizes infeasible structures
[Harman et al. 2012, Mkaouer et al. 2015].

In that context, this paper presents ArchiGenMS, a neuro-symbolic frame-
work that combines LLM-guided variation with a Lean 4 executable validation kernel
[Moura and Ullrich 2021]. Rather than generating a complete deployable architecture,
the framework optimizes an early structural abstraction consisting of services, opera-
tions, parameters, and directed calls. Within that abstraction, Lean 4 enforces lightweight
invariants, while architectural proxies rank valid candidates. The contribution is therefore
a formally constrained search process for microservice discovery, not a proof of full ar-
chitectural soundness. The empirical study over 22 datasets shows consistent internal im-
provement in validity and cohesion, and the entire pipeline is available as a reproducible
package [ArchiGenMS Project 2025].

2. Related Work
Research on greenfield microservice discovery has evolved along three convergent lines.
A first line focuses on requirement-driven processes. In this context, the Behavior-Driven
Microservice Architecture (BDMA) frames decomposition as an iterative transition from
behavioral requirements to candidate service boundaries, which is especially suitable for
agile greenfield settings [Battaglia et al. 2025]. A second line uses semantic similarity,
domain analysis, and metric-based decomposition. Domain-driven design and metric-
based evaluations remain central references for service boundary decisions [Evans 2004,
Taibi and Systä 2019]. Approaches such as SEMGROMI show that NLP can clus-
ter requirements effectively, but semantic grouping alone does not ensure structural
consistency or maintainability [Vera-Rivera et al. 2023, Al-Debagy and Martinek 2020,
Neri et al. 2020]. Moreover, embedding-based analyses may suffer from anisotropy,
which affects discrimination among functionally distinct requirements [Pérez et al. 2025].

A third line explores generative AI and formal methods. Recent work shows that



Figure 1. ArchiGenMS as a neuro-symbolic search pipeline.

LLMs can support architecture design and microservice discovery from requirements, but
also highlights the stochastic instability of unconstrained generation [Belzner et al. 2023,
Dhar et al. 2024, Pereira et al. 2025, Adams et al. 2023]. Formal methods offer a nat-
ural complement because they turn structural assumptions into executable checks
[Clarke and Wing 1996, Moura and Ullrich 2021]. Our earlier doctoral work and prelim-
inary study already suggested this direction [Narváez 2025, Narváez et al. 2025a]. The
present paper advances that line with a reproducible neuro-symbolic loop that integrates
LLM-based exploration, Lean 4 validation, and fitness-guided selection.

3. The ArchiGenMS Framework

Figure 1 summarizes ArchiGenMS. Starting from user stories, the framework generates
candidate decompositions with an LLM, validates them in Lean 4, and ranks them with
structural proxies. The search is semantic because candidates are inferred from require-
ments, and constrained because malformed structures are rejected or heavily penalized.

Neural layer. The neural layer uses the LLM as a semantic variation operator
[Novikov et al. 2025, Harman and Yao 2010]. In generation 0, the prompt contains only
user stories and requests a JSON object with two fields: microservices and calls.
Each service includes a name and a list of operations; each operation contains its name
and parameter list. In later generations, the prompt is enriched with one valid parent and
up to three additional valid inspirations sampled from the search history. The prompt
also states lightweight design heuristics such as single responsibility, low coupling, and
bounded-context clarity.

Symbolic layer. ArchiGenMS operates on an early architectural abstraction composed of
services, operations, parameters, and directed inter-service calls. It does not model gate-
ways, discovery, tracing, messaging styles, data ownership, or transactional boundaries.
Within this abstraction, Lean 4 acts as a computable validation kernel that checks three
invariants: absence of self-calls, existence of every caller service, and existence of every
callee service. Therefore, the symbolic layer enforces structural consistency under the
adopted model, not full architectural correctness.

Fitness function. The search uses four computable proxies. For each service s, cohesion
is estimated with an LCOM-inspired proxy based on parameter sharing among operations.
Let p be the number of unordered operation pairs in s that share no parameter, and q the
number of pairs that share at least one parameter. Then

LCOM(s) =

0, |Ops(s)| < 2 or p = 0 or q = 0
p

p+ q
, otherwise (1)

Granularity is measured as SGM(s) = |Ops(s)|, parameter dispersion as the standard
deviation of parameter counts per operation, denoted sgmSd(s), and coupling as fan-
out. At genotype level, the framework reports lcom avg, sgm max, sgm sd sum, and
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Figure 2. Search dynamics under the ArchiGenMS fitness function.

coupling max, and defines for each valid candidate A:

F(A) = lcom avg(A) + sgm max(A) + sgm sd sum(A) + coupling max(A) (2)

Invalid candidates receive a penalty of 106 + |m|, where m is the validation message
returned by Lean 4. Since these components are not normalized to a common unit, F is
used as a ranking heuristic rather than as an absolute architectural quality measure.

4. Experimental Setup
The evaluation used the 22 publicly available requirement datasets of the Dalpiaz corpus
[Dalpiaz 2018]. Each dataset consists of story cards that serve as the sole textual input to
the framework. This choice matches early greenfield scenarios, but it also constrains the
granularity of the resulting decomposition because acceptance criteria and richer domain
artifacts are not available.

The implementation uses GPT-4o-mini as the neural generator and a Lean 4 ex-
ecutable as the validation kernel. The search runs for five generations with a population
size of 10 and an elite of 5 candidates per generation. The initial generation is built di-
rectly from user stories; subsequent generations are generated from the stories plus one
selected parent and up to three valid inspirations. The temperature used in the reported
configuration is 0.5. For every candidate, Lean 4 returns either an error message or a
metrics report containing lcom avg, sgm max, sgm sd sum, and coupling max. The
framework code, datasets, and generated artifacts are available in the reproducible pack-
age [ArchiGenMS Project 2025].

5. Results and Limitations
Figure 2 summarizes the optimization behavior. The average aggregate fitness decreases
from 16.3 in the first generation to values below 9.1 by generation 5, while the log-scale
view shows the early dominance of penalized invalid candidates and the later concen-
tration of the population inside the feasible region. Since invalid candidates receive a
large formal penalty, the first stages are largely devoted to feasibility, whereas later stages
emphasize structural improvement among already valid candidates.

Figure 3 shows the clearest quantitative trend: the percentage of Lean-valid candi-
dates rises from 74.5% to 99.5%, and the average cohesion proxy improves from 0.29 to
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Figure 3. Validity, quality proxy, and computational overhead across generations.

Figure 4. Selected final candidate for the ScrumAlliance dataset. The graph visualizes
the service decomposition evolved by the framework under the adopted abstrac-
tion.

0.23. We interpret these results carefully. The increase in validity means that more candi-
dates satisfy the modeled invariants of the symbolic layer; it does not mean that the final
architectures are fully validated in the broader software-architecture sense. Likewise, the
cohesion improvement should be read as improvement in the chosen service-level proxy,
not as definitive proof of maintainability. Figure 3(c) also shows that the symbolic stage
remains computationally lightweight relative to LLM generation, supporting the feasibil-
ity of keeping formal validation in the loop [Woods et al. 2021].

The g10-scrumalliance dataset illustrates the type of decomposition produced by
the framework. Figure 4 shows the selected final genotype, where identity-related oper-
ations, certification management, course-related behavior, and notification concerns are
separated into distinct services. The figure is useful because it makes the search outcome
visually inspectable: the final candidate is not merely a metric vector, but an explicit ser-
vice graph with internal operations. At the same time, it should be interpreted as an early
design artifact; it does not yet encode messaging semantics, gateway patterns, tracing,
service discovery, or data ownership.

These results should be read together with the study’s limitations. First, the sym-
bolic kernel is intentionally narrow: it checks referential integrity and absence of self-
calls, but not stronger invariants such as cycle freedom, bounded-context integrity, com-
munication mode, interface isolation, or transactional consistency. Second, the datasets
contain only story cards; therefore, the framework infers operations and parameters from
incomplete early requirements. Third, the empirical study evaluates internal evolution-
ary improvement only. It does not include expert judgment, LLM-as-a-judge assessment,
statistical significance tests, or direct baselines against LLM-only, clustering-based, or



SBSE-only alternatives. Consequently, the current paper should be interpreted as an
exploratory yet reproducible step toward formally constrained AI-assisted microservice
discovery.

6. Conclusions and Future Work
ArchiGenMS combines LLM-based semantic exploration with a Lean 4 validation ker-
nel to support microservice discovery from greenfield requirements. The empirical study
over 22 datasets shows that, within the adopted structural abstraction, the framework sub-
stantially increases the proportion of valid candidates and improves a cohesion-oriented
service proxy while keeping formal validation computationally inexpensive.

Methodologically, the work shows that neuro-symbolic search is a viable way to
constrain stochastic architecture generation. Empirically, it provides reproducible evi-
dence that lightweight formal checks can remain inside the loop without dominating run-
time. At the same time, the study does not claim full architectural certification: the current
model captures only an early structural view of services and calls, and the reported qual-
ity improvements are tied to explicit proxies rather than to comprehensive architecture
evaluation.

Future work will extend the formal kernel with richer invariants, incorporate ar-
chitectural elements such as communication style and ownership boundaries, compare
against stronger baselines, add statistical analysis and expert-based evaluation, and ad-
vance toward an interactive human-in-the-loop workbench for verified architectural ex-
ploration.
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