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Abstract

Except for coding, Large Language Models (LLMs) are increasingly explored as assistants for soft-
ware design and architectural tasks. However, it remains unclear to what extent LLMs can reliably
apply explicitly requested software architectural patterns when provided with user-defined specific
requirements. In this paper, we empirically evaluate the ability of multiple LLMs to instantiate specific
architectural styles under controlled conditions. We conduct a series of experiments in which mod-
els are prompted with problem descriptions expressed at different levels of structure, ranging from
free-structured requirement lists to complete Software Requirements Specification (SRS) documents.
The models are instructed, using single-shot prompts, to generate architectures in four representative
styles: client–server, 3-tier, Model–View–Controller (MVC), and microservices. The authors assess the
generated architectures with respect to structural correctness, requirement coverage, and adherence to
the requested architectural pattern. Our results show that while LLMs can correctly apply simpler
architectural patterns, performance decreases as architectural complexity and problem size increase.
Model size and requirement representation significantly influence pattern adherence, whereas Re-
trieval Augmented Generation (RAG) exhibits mixed effects depending mainly on the material context
and the LLMs capacity. These findings provide insight into the current capabilities and limitations of
LLMs in architectural pattern application and inform the design of future AI-assisted architectural
tools.

Keywords: software architecture; software requirements; generative AI; LLM

1. Introduction
Software architecture defines the high-level structure of a system by organizing its components,

their responsibilities, and their interactions [1,2]. Architectural patterns such as client–server, 3-tier,
Model–View–Controller (MVC), and microservices provide reusable solutions to recurring design
problems and are widely adopted in industrial practice. Correctly applying such patterns requires
interpreting requirements and translating them into coherent structural decisions that satisfy both
functional and non-functional constraints.

Recent advances in Large Language Models (LLMs) have demonstrated strong capabilities in
source code generation [3,4], documentation synthesis [5], and various software engineering tasks
[6,7]. As a result, LLMs are increasingly being explored as assistants for higher-level design activities,
including architectural modeling. While recent studies explore the use of LLMs for generating software
design artifacts and architectural models from natural language prompts [8,9], systematic evaluation
of their ability to correctly apply explicitly requested architectural patterns that satisfy specific user-
provided requirements remains limited.

Understanding this capability is essential before LLMs can be trusted for more autonomous or
complex architectural design tasks. In particular, it is important to evaluate whether LLMs can (i)
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adhere to the constraints of specific architectural patterns, (ii) achieve complete requirement coverage,
and (iii) produce structurally coherent designs under different prompting and model configurations.

In this paper, we empirically evaluate the ability of LLMs to apply explicitly requested software
architectural patterns. We conduct controlled experiments in which multiple LLMs are prompted
with problem descriptions expressed at different levels of structure, ranging from semi-structured
requirement lists to complete Software Requirements Specification (SRS) documents. The models
are instructed, using a single self-contained prompt, to generate architectures in four specific styles:
client–server, 3-tier, MVC, and microservices.

The authors assess the generated architectures with respect to structural correctness, requirement
coverage, and adherence to the requested architectural patterns. Through this study, we analyze how
model size, model family, requirement representation, and Retrieval Augmented Generation (RAG)
influence architectural pattern application.

To guide our investigation, we address the following research questions:

1. To what extent can large language models correctly apply explicitly requested software architec-
tural patterns by creating specific architectural diagrams?

2. How does requirements representation affect the ability of LLMs to apply architectural patterns?
3. How does RAG affect the quality of the LLM-generated diagrams?
4. Can LLMs calculate reliable quantitative metrics regarding the diagrams they generated?

2. Related Work
The automatic generation of software design models from textual descriptions has gained signifi-

cant attention in recent years, driven by advances in LLMs. Earlier attempts relied largely on NLP
pipelines supported by heuristic rules or ontology-based mappings, which enabled partial automation
but required highly structured input and frequent manual intervention. These methods commonly
struggled with ambiguity in requirements statements, resulting in incomplete or inconsistent models.
Recent work therefore examines whether modern LLMs can interpret natural-language requirements
and generate structured representations that approximate architectural intent.

Eisenreich, Speth, and Wagner proposed a structured six-step process for deriving software
architectures from textual requirements [10]. Their framework begins with automatically generating a
domain model and use-case scenarios, followed by manual refinement and the automatic derivation
and evaluation of multiple architecture candidates. Their exploratory analysis using LLaMA2-70B
and GPT-3.5 showed that, although LLMs can identify domain concepts, they often misunderstand
prompts and struggle to produce correct structured representations such as PlantUML, highlighting the
sensitivity of such approaches to prompt formulation and the continued need for human supervision.

At the level of UML extraction and diagram generation, several studies report similar limitations.
Yang and Sahraoui [11] proposed a pipeline combining sentence classification with pattern-based
fragment assembly and observed substantial semantic loss when transforming natural-language
specifications into structured models. Subsequent empirical evaluations of LLM-generated UML
artifacts further highlight these challenges. Cámara et al. [12] identified scalability issues and semantic
inaccuracies in class diagrams enriched with OCL constraints. De Bari [13] found that, despite
comparable syntactic quality, semantic errors were significantly more frequent in LLM-generated
diagrams than in human-produced ones. Similar findings were reported by Al-Ahmad et al. [14], who
observed moderate correctness levels and variability across different UML diagram types in student-
centered evaluations, and by Krishnan et al. [15], who identified frequent syntactic and semantic errors,
including incorrect relationship mappings and hallucinated elements, in the context of automated Use
Case diagram generation. Collectively, these results indicate that while LLMs can assist in diagram
generation, semantic reliability remains a persistent challenge.

Beyond diagram generation, recent work has explored whether LLMs can support architectural
reasoning. Dhar et al. [16] investigated the automatic generation of Architectural Design Decisions
and found that GPT-4 can produce coherent decisions but still falls short of human quality, while

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 March 2026 doi:10.20944/preprints202603.2486.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.2486.v1
http://creativecommons.org/licenses/by/4.0/


3 of 22

smaller fine-tuned models achieve comparable performance. Schindler and Rausch [17] addressed
the inverse task of inferring architectural rules from code-level dependencies, showing that symbolic
learners outperform LLMs, which tend to generate syntactically correct but semantically inconsistent
rules when contextual cues are limited.

In addition, recent studies have begun examining the use of LLMs in software architecture
practice more broadly. Jahić and Sami [18] report that, although LLMs are increasingly adopted for
architectural tasks, practitioners note recurring issues such as non-reproducible outputs, shallow
architectural reasoning, hallucinations, and limited ability to justify design choices, indicating that
current models offer only partial support for architectural design activities. Ferrari and Spoletini
[19], focusing on requirements engineering, warn that LLM-generated artifacts raise concerns of
correctness and trustworthiness unless supported by formal specification and verification techniques.
Although situated at the RE level, their arguments highlight the broader need for a careful evaluation
of LLM-generated technical artifacts, including architectural models.

The present study examines how LLMs interpret and transform textual requirements into architec-
tural structures across varying prompt formats and complexity levels. Unlike prior work that primarily
evaluates diagrammatic quality or artifact-level correctness, this study focuses on the controlled ap-
plication of explicitly requested architectural patterns. We examine whether LLM outputs adhere to
defined structural constraints, reflect the intended architectural logic, and satisfy both functional and
non-functional requirements across varying input representations and model configurations.

3. Experimental Design
Our experimental investigation was organized as a two-phase study on the ability of LLMs to

generate software architectures, represented as UML class diagrams, that conform to predefined archi-
tectural patterns. Phase 1 examined three common architectural styles in the context of a small “toy”
application, while Phase 2 focused on a more complex, modular application intended for deployment
as a software-as-a-service system. In all cases, a single, self-contained prompt was used for every
run. The prompt was not iteratively refined and no corrective feedback was provided. This decision
was intentional in order to evaluate the models’ ability to interpret a fixed problem specification and
produce an architectural design without interactive guidance or prompt engineering. Each scenario
was executed only once, as the objective of the study was to evaluate architectural pattern application
under controlled input conditions rather than response variability across repeated runs. This strategy
ensured that all executions were fully automated and directly comparable, allowing us to examine how
different input representations and model configurations impact the structural quality of generated
architectural designs when provided with the same information.

Across both phases, we varied the model type, input format, and retrieval configuration. The
generated architectures were evaluated by the authors using a predefined assessment rubric that
measured structural correctness and requirements-related quality. The main experimental variables
were as follows:

• Requirements format: functional and non-functional requirements expressed either as textual
lists (two variants) or as an SRS document, also in two variants, as discussed below.

• Model type and size: locally executed models with varying numbers of parameters, as well as
publicly available commercial models.

• Use of RAG: enabled or disabled.
• RAG source material: architectural reference material obtained either from academic textbooks

or from curated web-based descriptions of architectural patterns.
• Embedding and retrieval configuration: embedding model, chunking strategy, and retrieval

parameters used in the RAG pipeline.

To instruct LLMs to generate architectures in a structured and machine-readable form, we re-
quested the diagrams in Diagram-as-Code (DaC) format, and specifically PlantUML, which expresses
UML diagrams using a concise textual syntax that can be generated directly by language models,
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which can then be rendered into a graphical representation using open source tools. Compared to
XML-based UML formats such as XMI, PlantUML provides a significantly simpler textual representa-
tion that is easier for LLMs to generate and for researchers to inspect. At the same time, compared
to other text-based diagram notations such as Mermaid, PlantUML offers broader UML support and
a more mature ecosystem of tools and documentation. UML class diagrams were selected as the
architectural representation because PlantUML does not offer adequate support for the more generic
UML component diagrams. Still, class diagrams are suitable for this investigation, as they provide a
way of describing the structural organization of software systems, with semantics for roles, responsibil-
ities, and relationships between classes, which, in our context may represent any kind of component.
Intentionally, we did not consider asking LLMs to produce diagrams in the form of images.

All materials used in the experiments, including prompt templates, requirements documents,
RAG sources, and all generated outputs (PlantUML diagrams and metadata), are publicly available in
an online repository to support reproducibility1.

3.1. Experimental Setup

Local models were executed through the Ollama platform, which allows LLMs to run locally on the
experimental hardware. A Python-based pipeline implemented with LangChain was used to construct
prompts, invoke models, and optionally integrate RAG. When RAG was enabled, requirements
documents and reference materials were first segmented into textual chunks, from which vector
embeddings were generated and stored in the Chroma vector database. These embeddings were
then used to retrieve relevant context for each prompt according to a consistent retrieval strategy. All
experimental scenarios were defined in a structured table, where each row represented a single scenario.
Each scenario specified the architectural pattern, the requirements materials, the prompt template,
the model configuration (including RAG settings and embedding model), and the output path for
generated artifacts. A Python script iterated over this table to automatically execute all scenarios, log
execution metadata, and store the raw LLM responses, including the generated PlantUML diagrams.

3.2. Phase 1: Dummy Coordinate Converter

Phase 1 experiments asked LLMs to produce the architecture of “Dummy Coordinate Converter
(DCC)” [20], a small application that manages point coordinates in Cartesian and Polar form. DCC
supports conversion, storage, retrieval, modification, and deletion of points. The system is intentionally
simple so that the experiments can focus on how LLMs respond to variations in requirement represen-
tation and architectural pattern selection. Before running the experiments, we implemented DCC in
Java using the same architectural patterns, namely client–server, 3–tier, and MVC, and produced the
corresponding UML class diagrams. These diagrams served as reference material. Exact replication
by the LLMs was not required; however, the generated architectures were expected to adhere to the
primary responsibilities and structural rules associated with each architectural pattern.

For the requirement representations, we prepared two sets of functional requirements (FR)
and two sets of non-functional requirements (NFR) describing the same system at different levels of
granularity. The first set (FR1) is user-oriented and grouped by high-level features such as creation,
storage, and deletion, with internal logic left implicit. The second set (FR2) is implementation-oriented
and organized by logic, data operations, and user interactions, with explicit descriptions of operations,
conversion steps, and display updates. For NFRs, the first set specifies basic technology choices, while
the second introduces explicit object-oriented design guidelines. We paired FR1 with NFR1 and FR2
with NFR2 to form two requirement bundles with different levels of structural detail.

To study the effect of richer specification documents, we also prepared two variants of an SRS.
The concise variant (SRS1) covers the system scope and main use cases, while SRS2 follows the
structure recommended by IEEE 29148 [21] standard and additionally includes business context, user
roles, constraints, suggested technologies, and assumptions. Both SRS versions include supporting

1 https://github.com/ntua/ai4softwarearch/tree/main
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PlantUML diagrams. In all cases, the surrounding prompt structure remained fixed so that differences
in outputs could be attributed only to the requirements representation, model configuration, and
model behavior.

A single prompt template was used for the DCC experiments 2,3. The template specified the
task, the target architectural pattern, the system description with either FR/NFR or SRS content, and
explicit instructions for producing UML class diagrams in PlantUML, including attributes, methods,
associations, and basic package structure. The prompt style remained unchanged across runs.

We evaluated a set of local and online LLMs with different parameter counts. Local models,
hosted via Ollama and quantised to Q4_0 where applicable, included Llama 3.1 (8B), DeepSeek-R1
(70B), Command-R, Gemma2 (27B), Mixtral (8×7B), and Phi-3 Medium (128K). Online models included
Claude Sonnet, DeepSeek-R1, Gemini, GPT-4o, and several variants of OpenAI o-series models.

For RAG experiments, we used two embedding models: nomic-embed-text-v1.5 and text-
embedding-3-large. Three RAG configurations were used in the DCC phase: (1) an academic source
derived from the architecture chapters of Sommerville’s Software Engineering textbook [2], (2) the
same material split into pattern-specific files designed to emphasize the requested architecture, and (3)
a composite reference document constructed from curated web-based descriptions of MVC, 3-tier, and
client–server architectures obtained from practitioner-oriented sources. All materials used in the RAG
corpus are archived in the online replication package.

For each architectural pattern, we varied the requirement bundle, model, RAG configuration, and
embedding choice, resulting in approximately five hundred experimental scenarios. Each generated
diagram was subsequently evaluated following the procedure described in Section 3.4.

3.3. Phase 2: MyCharts App, Architectured as Microservices

Phase 2 extended the study to a more complex, yet still experimental, software app, MyCharts [22],
a web-based service that allows non-expert users to create, manage, and download charts in different
formats. The application includes multiple modules and data flows, making it suitable for architectural
design using a microservices pattern. Before conducting the experiments, we designed a reference
microservices architecture based on established microservices design principles. A corresponding
UML class diagram was created to serve as a reference during the evaluation process. Exact replication
by the LLMs was not required; instead, the reference architecture was used to assess whether the
generated diagrams respected key structural properties of microservices systems, such as service
decomposition, data ownership, and inter-service communication.

As in Phase 1, we used both FR/NFR requirement bundles and a complete SRS document
as inputs. The FR/NFR inputs describe system functionality, inter-service communication, and
deployment constraints in list form, while the SRS provides a consolidated specification including
functional behavior, non-functional requirements, and contextual constraints. Equivalent prompt
templates were used for the two requirement representations4,5. Both templates explicitly required
a microservices architecture, summarized the MyCharts system, provided design guidelines such
as loose coupling and independent deployment, and requested UML class diagrams in PlantUML
format. In addition to generating architectural diagrams, the models were asked to compute a set
of quantitative architecture metrics derived from their own diagrams. The rationale was that, since
the architecture was generated by the models themselves, computing structural metrics from that
representation should be straightforward. These metrics are described in Section 3.5.

Based on the results of Phase 1, the model set for Phase 2 was restricted to configurations that
demonstrated stronger architectural performance. The local models included larger variants such
as Llama 3.3, DeepSeek-R1 (70B), Gemma2 (27B), Mixtral (8×22B), and a smaller Mistral model, all

2 DCC Prompt template with FR/NFR
3 DCC Prompt template with SRS
4 MyCharts Prompt template with FR/NFR
5 MyCharts Prompt template with SRS
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quantised to Q4_0. The online models included recent versions of Claude Sonnet 3.7, DeepSeek-R1,
Gemini, GPT-4o, several OpenAI o-series models, a hosted Mistral model, and Grok.

For RAG, we used two focused sources on microservices architecture patterns: a textbook chapter
by Richardson [23], which provides conceptual and pattern-level guidance, and a practitioner-oriented
book by Malhotra [24], which summarises practical design rules. These materials were embedded
and retrieved using the same Chroma-based pipeline described in Phase 1. Experimental scenarios
were constructed by varying the requirement representation, model configuration, RAG setting, and
the presence or absence of the metrics-related prompt component. Each generated architecture was
subsequently evaluated according to the procedure described in Section 3.4.

3.4. Qualitative Evaluation Dimensions

The final step of our experiment involved a qualitative assessment of the generated diagrams.
The architectures were evaluated independently by the four authors using a predefined rubric. Each
evaluator assigned scores on a 0–5 ordinal scale, where 0 indicates that the criterion is not satisfied and
5 indicates full satisfaction.

The evaluation dimensions differed between the two experimental phases, reflecting the distinct
architectural complexity of the systems under study.

Phase 1 Evaluation Criteria

Phase 1 focused on client–server, 3–tier, and MVC architectures. The evaluation rubric therefore
included four architectural dimensions:

• Adherence to architecture: whether the LLM-generated diagram respects the structural principles
of the requested architectural pattern and assigns responsibilities to appropriate components.

• Correctness of class relationships: whether associations, dependencies, and directions of interac-
tion between classes are appropriate.

• Cohesion and coupling: whether related responsibilities are grouped within appropriate compo-
nents while unnecessary inter-class dependencies are avoided.

• Consistency with requirements: whether the generated architecture satisfies the specific in-
context functional and non-functional requirements described in the input.

Phase 2 Evaluation Criteria

Phase 2 examined microservices architectures for a more complex system. The four Phase 1 di-
mensions were insufficient to capture microservices-specific design concerns. Therefore, the evaluation
rubric was expanded to include the following seven dimensions:

• Functional alignment and responsibility distribution: whether each microservice corresponds
to a bounded context and implements a focused set of functionalities.

• Coupling and deployment independence: whether services are loosely coupled and designed
for independent deployment.

• Cohesion: whether each service maintains strong internal cohesion and whether use cases involve
the appropriate set of services.

• Data management: whether each service owns and manages its own data rather than relying on
shared databases.

• Data consistency: whether the design includes mechanisms for maintaining data consistency
across services, for example through events or transactions.

• Communication and flow control: whether service interactions are implemented using appropri-
ate coordination mechanisms such as choreography, orchestration, messaging systems, or API
gateways.

• Non-functional requirements: whether the architecture satisfies the system-level non-functional
requirements described in the input specification.
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3.5. Quantitative Metrics for Microservices

To complement the qualitative evaluation, we used a set of quantitative metrics introduced in
prior research on microservices architecture [25–27].

Since the architecture diagrams were generated by the LLMs themselves, the prompt explicitly
requested the models to compute these metrics from the diagrams they produced. This setup allowed
us to examine whether the models were able not only to construct a microservices architecture but
also to identify its structural properties. Because the architectures were generated within the same
response, computing relatively simple structural metrics from that representation was expected to be a
straightforward task for the models. Most of the evaluated LLMs also supported sufficiently large con-
text windows; therefore prompt length was not expected to prevent the models from performing this
additional reasoning step. To ensure reliable measurements, the same metrics were also independently
computed by the authors, by inspecting the generated diagrams. These manually derived values were
used as the ground truth for the quantitative analysis and for comparison with the values reported by
the models.

At the architecture level, the following metrics were defined:

• Statelessness index

SI =
#stateless services

total services

• Data ownership coverage

DOC =
#services with their own datastore

total services

• Service transaction share

SST =
#transaction-aware services

total services

At the service level, we also measured operational complexity and dependencies:

• Service interface complexity

SIC(S) = #operations of service S

• Afferent service coupling
AIS(S) = #services invoking S

• Efferent service coupling
ADS(S) = #services invoked by S

These metrics were used to assist the interpretation of qualitative ratings. In particular, SIC relate
to functional alignment and cohesion; SI, AIS, and ADS capture aspects of coupling and deployment
independence; DOC reflects data ownership principles; and SST relates to the presence of consistency
mechanisms.

Certain architectural properties, such as communication style or satisfaction of non-functional
requirements, could not be reliably quantified and were therefore assessed exclusively through qualita-
tive evaluation.

4. Results
This section presents the results of both experimental phases and answers the research questions

introduced in Section 1. The analysis draws on the qualitative evaluation dimensions described in
Section 3.4, the quantitative microservices metrics defined in Section 3.5, and the observed behavior of
the models during the experiments. The results include both visual and quantitative representations
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of the generated architectures. Several PlantUML class diagrams produced by the LLMs are presented
as illustrative examples, accompanied by figures summarizing overall evaluation outcomes. Figure 7
reports the average architectural evaluation scores for each model across all experiments. Figures 8, 9,
10, and 11 illustrate the impact of specific experimental conditions, such as requirement representation
and RAG. In these figures, the reported values represent the difference between the average scores
obtained under two alternative conditions for each model.

4.1. Examples of Generated UML Diagrams

This subsection presents selected UML class diagrams generated by the evaluated LLMs in
PlantUML format. The models produced PlantUML code as part of their responses, which we
rendered into UML diagrams. The selected examples show typical outputs produced by the models
and are discussed further in Section 4.2.

Figure 1 shows an example of a correct generated 3-tier architecture of DCC System. The diagram
clearly separates the presentation, logic, and data access layers and includes appropriate classes within
each layer.

Figure 1. Example of a correct 3-tier architecture generated by Llama3.1 using FR1/NFR1 requirements. Available
at: DCC FR-NFR 3-tier ID=85.

Figures 2 and 3 illustrate how requirement representation can influence the generated architecture.
When prompted with the requirement lists, the commercial model produced an incomplete and
structurally inconsistent MVC diagram (Figure 2). When prompted with the SRS, the same model
generated a more coherent architecture (Figure 3).
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Figure 2. Example of an incorrect MVC architecture generated by Gemini using FR1/NFR1 requirements.
Available at: DCC FR-NFR MVC ID=234.
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Figure 3. Example of a more coherent MVC architecture generated by Gemini using SRS1 requirements. Available
at: DCC SRS MVC ID=69.

Figures 4 and 5 illustrate a case where the SRS representation resulted in a weaker architectural
output for a local model. When using the SRS input, the generated diagram contains fewer methods
and omits functionality (e.g. absence of conversion logic) expected from the target architecture
(Figure 4). In contrast, the FR/NFR-based prompt produced a more detailed and structurally complete
diagram (Figure 5).
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Figure 4. Example of a weaker 3-tier architecture generated by Gemma2:27b using SRS1 requirements with RAG
enabled. Available at: DCC SRS 3-tier ID=10.

Figure 5. Example of a correct 3-tier architecture generated by Gemma2:27b using FR1/NFR1 requirements with
RAG enabled. Available at: DCC FR-NFR 3-tier ID=23.

Finally, Figures 5 and 6 show the effect of RAG for the same model and prompt configuration.
When RAG is applied, the generated diagram correctly instantiates the 3-tier architecture with proper
layer separation (Figure 5). Without RAG, the model confuses responsibilities between layers and
misrepresents several class relationships (Figure 6).

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 March 2026 doi:10.20944/preprints202603.2486.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://github.com/ntua/ai4softwarearch/tree/main/DCC/srs/results/tt111/diagrams/10.png
https://github.com/ntua/ai4softwarearch/tree/main/DCC/fr-nfr/results/tt111/diagrams/23.png
https://doi.org/10.20944/preprints202603.2486.v1
http://creativecommons.org/licenses/by/4.0/


12 of 22

Figure 6. Example of an incorrect 3-tier architecture generated by Gemma2:27b using FR1/NFR1 requirements
without RAG. Available at: DCC FR-NFR 3-tier ID=21.

4.2. Answers to Research Questions
4.3. RQ1: To What Extent Can Large Language Models Correctly Apply Explicitly Requested Software
Architectural Patterns by Creating Specific Architectural Diagrams?

Figure 7 summarizes the average architectural evaluation scores achieved by each model across all
experiments. Across both experimental phases, the models attempted to generate UML class diagrams
that followed the requested architectural style. For the simpler “toy” system (DCC), most models
produced diagrams that matched the general outline of the requested client–server, three-tier, or
MVC patterns6,7. Even smaller and medium-sized models were generally able to apply these simpler
patterns with reasonable structural alignment, particularly when provided with concise FR/NFR-based
prompts (as illustrated in Figure 1). However, structural issues were common, including misplaced
responsibilities (e.g., business logic within presentation layers), unnecessary tiers or classes, unclear
separation of concerns, and inconsistencies with the requested pattern constraints. These deviations
did not always break the overall architectural shape, but they required improvement to fully comply
with the requested pattern.

6 DCC FR-NFR client-server ID=3
7 DCC SRS client-server ID=67
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Figure 7. Average performance per model across all experiments. Asterisk indicates local LLMs.

For the more demanding microservices architecture (MyCharts), correctness degraded noticeably.
Only larger models, both commercial and large open-source, consistently preserved key microservices
properties such as service-level data ownership, API-based loose coupling, and clear responsibility
boundaries8. Smaller and medium-sized models frequently defaulted to centralized data storage,
blurred service boundaries, or introduced structural inconsistencies, particularly when input complex-
ity increased (e.g., SRS-based prompts)9.

Overall, LLMs were only able to generate the high-level structure of well-known architectural
patterns. However, the correct and in-context application of the desired architectural pattern varies by
the complexity of the pattern itself and, of course, the model capacity. Model size is critical: larger
models maintained structural integrity and pattern adherence more reliably, while smaller models
exhibited increased degradation as architectural demands and input length increased.

4.4. RQ2: How Does Requirements Representation Affect the Ability of LLMs to Apply Architectural Patterns?

Requirements representation significantly influenced pattern application behavior. Structured
FR/NFR lists were generally sufficient for simpler architectures such as the DCC system and often

8 MyCharts FR-NFR msa ID=16
9 MyCharts SRS msa ID=12
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guided LLMs to achieve clearer pattern alignment10,11. However, the internal organization of re-
quirements text can also influence the final result apart from the form of problem description. The
user-oriented FR1/NFR1 set, organized around high-level features such as creation and storage, did
not implicitly guide LLMs to any specific architecture, and therefore tended to produce more unbiased
outputs across patterns. In contrast, the implementation-oriented FR2/NFR2 set, which structures
requirements by logic, data operations, and user interactions, introduced a noticeable bias: diagrams
produced from FR2/NFR2 frequently applied 3-tier architectures, even when a different pattern was
requested. In this example12, the generated diagram follows a clear three-layer structure despite the
prompt requesting an MVC architecture, likely influenced by the way the requirements are organized.
This implies that in the context of this experiment, LLMs did not even attempt to satisfy the request to
apply an explicit architectural pattern.

For more complex architectures, such as in the MyCharts system, however, FR/NFR lists still
enabled large models to try to create a microservices design as requested, but the resulting architecture
often lacked clear and well-defined service boundaries.

The effect of SRS documents that follow specific structures according to standards, also differed
based on model size and capability. Even in the simple DCC experiment, only large online commercial
models consistently produced better diagrams when given an SRS instead of freely-structured text,
as depicted in Figure 8. We observed more complete coverage of the functional behavior and better
targeting of the requested architecture by these LLMs (see Figures 2 and 3). For these models, the
additional context and standardized semantics in the SRS, including DaC UML diagrams, were benefi-
cial. In contrast, for local models, both small and large, the effect was neutral or even negative. With
SRS inputs, these models often produced diagrams that neglected important elements or introduced
inconsistencies that were less frequent with plain text, likely due to the substantial increase in prompt
length. This suggests that, for such models, the extra size and complexity inherent in the SRS can
minimize the benefit of the additional semantics.

In the MyCharts experiment, as shown in Figure 9, a similar pattern was observed: large models
were able to exploit the SRS to improve the generated microservices architecture13,14. Most smaller
models, however, degraded when moving to the SRS, generating architectures with more confusion in
service boundaries and data responsibilities15,16. In this case, specific examples further highlight model
size as the decisive factor: mixtral:8x22B, a very large local model, coped well with the SRS, whereas
the smaller online model o3-mini-high performed worse. In summary, structured SRS documents help
models that can cope with longer inputs and richer context, but they are not universally beneficial. For
smaller models, a concise and well-structured requirements plain text appeared more effective than an
SRS.

10 DCC FR-NFR client-server ID=539
11 DCC FR-NFR 3-tier ID=85
12 DCC FR-NFR MVC ID=296
13 MyCharts FR-NFR msa ID=17
14 MyCharts SRS msa ID=17
15 MyCharts FR-NFR msa ID=10
16 MyCharts SRS msa ID=10
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Figure 8. Effect of using SRS vs text in DCC (∆ = SRS – text). Asterisk indicates local LLMs.

Figure 9. Effect of using SRS vs text in MyCharts (∆ = SRS – text). Asterisk indicates local LLMs.

4.5. RQ3: How Does RAG Affect the Quality of the LLM-Generated Diagrams?

In both experiments, RAG generally improved the quality of architectures produced by local
models, but the effect was not uniform or consistent and depended on the input format and the model’s
capacity. Figure 10 shows the effect of RAG in the DCC experiment. When using FR/NFR input, most
local models produced clearer architectures with better pattern alignment when RAG was enabled.
Models such as command-r, llama3.1:latest, mixtral:8x7b, and gemma2:27b produced diagrams that
followed the requested patterns more closely when additional contextual information was provided
through RAG (see Figures 5 and 6). One exception was phi3:medium-128k, which showed a small
decrease, indicating difficulty in integrating the additional information.

When RAG was applied together with SRS documents, the outcome was less favourable. The
SRS inputs already increased the cognitive load for smaller models, and the added retrieval material
sometimes amplified this effect. In these cases, RAG did not reliably improve results and at times even
reduced clarity. Figure 11 presents the effect of RAG in the MyCharts experiment. Only, deepseek-
r1:70B, the largest local model tested, showed clear and consistent improvement with RAG for both
input types. For the other local models, the effect of RAG was inconsistent. This variability is due to
the higher complexity of microservices architectures compared to simpler patterns, the smaller sample
size for this configuration, and the limited ability of local models to process larger prompts.
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Figure 10. Effect of using RAG in DCC across input types (∆ = Average Scores with RAG applied – Average Scores
with no RAG applied). Asterisk indicates local LLMs.

Figure 11. Effect of RAG in MyCharts across input types (∆ = Average Scores with RAG applied – Average Scores
with no RAG applied). Asterisk indicates local LLMs.

The main empirical finding from the DCC experiment still holds. RAG can improve performance
when the combined length of the base input and the retrieved context remains within the model’s
effective processing capacity. In MyCharts, this condition was met only by the largest local model. This
indicates that, when specific conditions are met, even local models can be productive in architectural
design tasks.

4.6. RQ4: Can LLMs Calculate Reliable Quantitative Metrics Regarding the Diagrams They Generated?

Architectural metrics, as mentioned in Section 3.5, were introduced explicitly only in the MyCharts
microservices experiment, where the prompts described a set of microservices-related metrics and
asked the models to compute these values in addition to generating the architecture. The metric values
returned by the models themselves were often incorrect, indicating hallucination or “fabrication” of
the result, as shown in Figure 12, which presents the success rate of metric computation, defined as
the frequency with which the LLMs accurately computed the metric, where the values they produced
matched those obtained through our manual calculations.
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Figure 12. Correctness of LLM-reported metrics compared to human-calculated values. Asterisk indicates local
LLMs.

These inconsistencies appeared across most LLM types, but their extent varied. Some larger LLMs
produced metric values that were closer to the truth, obtained by manual calculation, while others
exhibited substantial divergence. In several cases, LLMs seemed to extract and report metric values
from general documentation about microservices, rather than from the elements they had actually
just produced. Our experiments indicate that self-reported architectural metrics from LLMs should be
treated with caution, given that nearly all models exhibited success rates below 50%. Even when the
generated diagram is structurally reasonable, the accompanying metrics may be hallucinated and may
not correspond to the actual diagram. At present, reliable use of metrics requires external computation,
human validation, and further investigation.

5. Threats to Validity
As with any empirical study, several factors may affect the validity of the results. Following

common practice in empirical software engineering research, we discuss potential threats in terms of
internal, construct, and external validity.

5.1. Internal Validity
5.1.1. Subjectivity of Expert Evaluation

The architectural quality assessment relied on the authors’ judgment. Four evaluators (two
graduate engineers, one PhD researcher, and one experienced Software Architect, Professor of Software
Engineering) independently scored each generated diagram. To reduce evaluation bias, a 0 to 5 ordinal
scale with explicit anchors (0 = incorrect, 5 = correct) was provided for each evaluation criterion.
Evaluators performed their assessments independently, and final scores were computed as the average
of their ratings. Although this procedure reduces individual bias and does not depend on one single
person, the evaluation of software architectures inherently involves a substantial degree of subjective
interpretation. This is partially mitigated through the use of multiple independent evaluators and the
aggregation of scores across reviewers; In all cases, the objective is to ensure that the results remain
comparable

5.1.2. Single-Run Executions

Each experimental configuration (model × prompt type × RAG setting) was deliberately executed
once. Considering that LLM outputs are not deterministic, repeated executions of the same config-
uration may produce different architectural diagrams. This study compensates for this limitation
by evaluating a large number of scenarios across multiple models, prompt structures, requirement
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representations, RAG settings, and architectural patterns. The objective was to capture the general
behavioral trends across models, rather than variability within the same model running the same
prompt multiple times. Architectural diagram generation was designed as a single-step task that
should not require iterative corrections. Iterative prompting and refinement strategies were inten-
tionally avoided to ensure the results remained independent of any single user’s approach or biases,
therefore, preserving their comparability. Although iterative prompting may help the LLM apply the
requested architectural pattern, our main focus was on comparability, which would be compromised
by iterative prompting. Single-run executions therefore preserve the integrity of the comparative
analysis by eliminating this potential source of subjective variability.

All generated outputs are archived and publicly available in an online repository, supporting
transparency and reproducibility. Future work may extend the analysis by executing multiple runs per
configuration in order to quantify output variance.

5.2. Construct Validity
5.2.1. Architectural Representation

The study evaluates generated architectures using UML class diagrams expressed in PlantUML.
Class diagrams primarily capture static structural relationships and do not represent dynamic behavior,
deployment topology, or runtime process views. Architectural frameworks such as the 4+1 view model
emphasize the importance of multiple complementary views in architectural description. This limits the
representational completeness of the evaluated architectures. However, the goal of this study is not to
assess full architectural documentation or multi-view architectural reasoning. Instead, the objective is
to evaluate whether LLMs can correctly instantiate explicitly requested structural architectural patterns.
For the architectural styles considered in this study, client–server, 3-tier, MVC, and microservices,
core architectural properties such as separation of concerns, layering constraints, service boundaries,
and data ownership are primarily reflected in static structural relationships. UML class diagrams
therefore provide a sufficient, controlled and comparable medium for assessing structural adherence
to architectural patterns.

5.3. External Validity
5.3.1. Model Selection

The study evaluated a range of LLMs, including both commercial and open-source models
available during the experiments, spanning multiple parameter scales. The goal was not exhaustive
coverage of all existing LLMs, but representation across different model families and sizes. Conse-
quently, the results primarily generalize to models with similar capabilities and parameter scales rather
than to all existing or future LLMs. As the LLM ecosystem evolves rapidly, newly released models
may exhibit different architectural reasoning capabilities.

5.3.2. Problem Scope and Architectural Patterns

The study evaluates LLMs using two experimental systems that represent commonly used ar-
chitectural patterns: client–server, 3-tier, MVC, and microservices. Although these patterns are well
established and widely documented in software architecture literature, they do not cover the full spec-
trum of architectural paradigms encountered in industrial systems. More complex architectures, such
as distributed event-driven systems, domain-driven architectures, or highly domain-specific platforms,
may introduce additional challenges that are not captured in this evaluation. The benchmark systems
used in the experiments (DCC and MyCharts) were intentionally designed to provide controlled
and interpretable evaluation scenarios. While this design enables systematic analysis of how LLMs
interpret and instantiate architectural patterns, the systems are smaller and more constrained than
typical industrial software systems. Consequently, the findings may not fully reflect the challenges
associated with generating architectures for large-scale applications with complex domain constraints.
In this regard, the reproducibility of good performance exhibited in our experiments is not guaranteed
for larger and more complex software systems.
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Future research should therefore extend the evaluation to larger real-world systems and more
diverse architectural styles.

6. Conclusions
This study investigated the ability of LLMs to generate software architectures from textual

requirements while respecting explicitly requested architectural patterns. Through two experimental
phases covering both simpler architectural styles (client–server, 3-tier, and MVC) and a more complex
microservices architecture, we evaluated how requirement representation, model capacity, and RAG
influence the structural quality of the generated architectures. A practical reason to consider using
locally-hosted open-source LLMs for supporting architectural decisions would be to overcome the
reluctance of developers to share proprietary software artifacts, such as requirement specifications,
with LLMs. Our findings indicate that this could be possible under certain conditions.

The results indicate that LLMs are able to produce architectural designs that resemble well-
known architectural patterns, particularly for simpler software systems. However, the correctness and
structural consistency of these architectures depend strongly on both the capacity of the model and
the structure of the requirements input. Larger models generally maintained architectural constraints
more reliably, whereas smaller models exhibited increasing degradation as architectural complexity
and prompt size increased. Requirement representation also influenced the results: concise lists of
functional and non-functional requirements often produced clearer outputs for smaller models, while
richer SRS documents benefited primarily models capable of processing longer and more complex
inputs. Similarly, RAG improved the architectural quality in some scenarios by providing additional
contextual knowledge, but its effectiveness depended on the relevance of the retrieved material and
the model’s ability to process the expanded prompt.

Beyond architectural generation itself, the study also examined whether LLMs can compute
architectural metrics based on the diagrams they generate. While metrics calculated externally from
the produced architectures proved useful for analysing structural properties of architectures, the
metrics reported directly by the models were frequently incorrect and often inconsistent with the
generated diagrams. This observation suggests that LLM-generated architectural artifacts should be
interpreted cautiously and that automated evaluation of architectural properties still requires external
verification mechanisms. It also indicates that requesting both architecture generation and metric
computation within a single prompt may not constitute a reliable workflow. Future work could
therefore explore staged approaches in which architectural models are generated first and structural
metrics are subsequently derived through separate analysis steps or external tools.

Taken together, these findings highlight a broader implication: many of the longstanding chal-
lenges of requirements engineering and architectural design are reflected in LLM-based architectural
generation. Requirements documents often vary in structure, completeness, and semantics, and archi-
tectural patterns themselves allow multiple valid interpretations. These variations are also present in
the training data of LLMs and are likely to contribute to the diversity and inconsistency observed in
the architectures they generate.

Several directions for future work follow from this study. First, diagram-as-code representations
proved to be a practical format for interacting with LLMs, both for providing architectural context and
for requesting structured outputs. Further investigation is needed to determine whether alternative
notations and tools could improve model behavior. Although UML was used in this work due to its
widespread adoption and established semantics, other approaches, such as the C4 model, may provide
simpler and more architecture-oriented representations that could be better suited to LLM-based
workflows. Similarly, evaluating additional diagram-as-code options beyond PlantUML may help
identify representations that influence LLM reasoning more effectively.

Another promising direction concerns the role of XMI as a machine-readable representation
of UML models. In principle, XMI should be able to support semantically-rich, structured and
interoperable exchange of UML content [28]. In practice, however, our experiments showed that
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LLMs struggle to produce syntactically valid and semantically correct XMI representations, a difficulty
also observed in recent studies [29]. Further research is required to determine whether improved
prompting strategies or tool support could make XMI usable in LLM-driven architectural workflows.

A related research direction is the exploration of architecture-as-code approaches, in which
software architectures are described directly using programming languages or executable specifica-
tions [30]. Such representations may provide clearer semantics and allow architectural metrics to be
extracted automatically through static code analysis tools. Investigating whether LLMs can more
reliably interpret and generate architecture-as-code representations may provide an alternative to
diagram-based architectural modeling. The source code produced could be easily reverse-engineered
to create any diagrammatic representation.

Finally, our experience indicates the need for a common benchmark for evaluating LLMs in
software architecture generation. Current studies employ different systems, requirements descriptions,
evaluation criteria, and prompting strategies, making it difficult to compare results across experiments.
Establishing a shared benchmark consisting of representative architectural problems, requirement
specifications, and agreed evaluation dimensions would support more systematic progress in this
research area. The experimental setup and artifacts produced in this study aim to contribute towards
this direction by providing an initial empirical foundation for understanding how requirement repre-
sentation, model capacity, and retrieval mechanisms influence the ability of LLMs to generate software
architectures.
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