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 Manual generation of unified modeling language (UML) diagrams creates 

bottlenecks in agile development due to inconsistency and labor intensity. 

While large language models (LLMs) offer generative capabilities, existing 

solutions suffer from data scarcity and inadequate evaluation tools. To 

address this, we present a dual-LLM pipeline integrating lightweight 

specification generation with reasoning-oriented code synthesis. Uniquely, 

this framework employs a weighted multimodal validation module utilizing 

diverse vision-language models (VLMs) to assess diagrammatic fidelity. We 

further address the data shortage by releasing benchmark datasets 

comprising 5,000 class and 3,000 use case diagrams. Empirical results 

demonstrate a 95.8% rendering success rate for class diagrams and strong 

semantic alignment for use case models. By mitigating structural and 

behavioral reasoning conflicts, this research provides a replicable 

architecture and rigorous assessment methodology, establishing a robust 

foundation for scalable, artificial intelligence-driven automation in software 

engineering. 
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1. INTRODUCTION 

In software engineering, effective communication among stakeholders requires a common language 

regardless of their expertise. Unlike English (which requires learning a large vocabulary and grammar), 

unified modeling language (UML) uses a compact set of visual notations that convey complex system 

structures and behaviors through diagrams [1]. As a result, UML has become a standard for modeling 

software-intensive systems. Despite its widespread adoption, UML diagrams are still mostly created 

manually. This process is labor-intensive, error-prone, and poorly suited to modern Agile and DevOps 

environments, where system requirements change frequently [2], [3]. When design documentation fails to 

keep pace with system implementation, documentation mismatches occur, gradually creating engineering 

debt, and reducing design reliability [3], [4]. For this reason, maintaining consistency between requirements, 

design models, and codebases continues to pose a major challenge in large-scale software development. 

Automating the construction of UML models from written requirements specifications has long 

been considered a daunting task. The main reason is that natural language in the specification inherently 

contains many ambiguous and dynamic elements [5]. Early work to alleviate this issue relied rule-based 

natural language processing (NLP) techniques and manually designed heuristic sets to extract UML 
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components from text [6], [7]. While these methods performed relatively well in tightly constrained contexts, 

they lacked robustness when dealing with informal, incomplete, or unstructured specifications. This limited 

their applicability in real-world scenarios. The emergence of large language models (LLMs) has brought 

about significant changes in this field [8], [9]. Transformer-based models such as LLaMA and DeepSeek 

have demonstrated the ability to function as “novice analysts,” translating natural language descriptions into 

intermediate modeling representations with minimal supervision [10], [11]. Empirical studies further showed 

that instruction-based training substantially improves the capture of architectural intent from textual inputs 

[12]. In parallel, advances in vision–language models (VLMs), including Qwen2-VL and Aya-Vision, have 

enabled machines to reason directly over visual artifacts, opening new possibilities for automated validation 

of software diagrams [13], [14]. 

However, fully automated UML generation remains underexplored and fragmented. Existing studies 

typically focus on isolated diagram types or narrow syntax translations, without addressing the complete 

pipeline from requirements to validated design artifacts [15]. Progress is further constrained by the lack of 

large-scale, high-quality datasets containing semantically validated UML diagrams; available datasets often 

exhibit duplication, limited diversity, or missing ground truth annotations [16], [17]. Most critically, current 

evaluation practices rely either on text-based metrics such as BLEU or ROUGE, or on subjective manual 

inspection both of which fail to capture the structural logic and semantic correctness of visual models [18]–[20]. 

Prior work consistently reports that LLMs struggle with the strict syntax and spatial constraints of UML 

without specialized feedback or fine-tuning mechanisms [21], [22]. 

To address these limitations, this paper introduces an end-to-end framework for automated UML 

generation and validation based on a dual-LLM architecture and a multimodal weighted evaluation strategy. 

The generation process is decomposed into two stages: lightweight specification extraction using LLaMA-3.2, 

followed by reasoning-oriented UML synthesis using DeepSeek-R1. This separation resolves the tension 

between creative language generation and strict syntactic adherence. To mitigate data scarcity, we further 

release two large-scale benchmark datasets comprising 5,000 class diagrams and 3,000 use case diagrams 

derived from realistic software scenarios. 

The contributions of this study are threefold. First, it introduces a Dual-LLM architecture featuring a 

two-stage pipeline that separates specification generation from UML synthesis, thereby ensuring both 

computational efficiency and semantic accuracy. Second, the study proposes a multimodal weighted 

validation framework that aggregates insights from diverse VLMs specifically Qwen2.5-VL, LLaMA-Vision, 

and Aya-Vision to objectively assess diagrammatic fidelity in a manner that surpasses traditional metrics. 

Finally, this work provides the research community with a scalable resource through the release of validated, 

large-scale benchmark datasets for both class and use case diagrams. 

 

 

2. RELATED WORK 

Early works focused on syntactic transformations from textual requirements into UML diagrams 

using handcrafted grammars, patterns, and linguistic heuristics. These approaches mapped noun verb phrases 

to UML elements such as classes, attributes, and relationships [23]. While effective for narrow domains, they 

lacked scalability and generalization when applied to heterogeneous requirements. 

With the advent of deep learning, sequence-to-sequence (seq2seq) architectures were applied to map 

natural language descriptions into intermediate specification languages [24], using NLP techniques, 

heuristics [19], [25]. These methods improved adaptability compared to rule-based systems but were 

constrained by data scarcity and the inability to handle long-range reasoning in complex software 

descriptions. 

Recent progress in transformer-based models such as GPT [26], LlaMA [27], [28] has enabled direct 

text-to-code and text-to-UML generation. Yang and Sahraoui [23] explored automated extraction of UML 

class diagrams from unstructured natural language specifications, while Conrardy and Cabot [29] 

investigated image-to-UML generation using multimodal LLMs, model generation with LLMs [4], automatic 

code generation [30], image based UML diagram generation using LLMs [29], extracting UML models from 

images [31]. These studies highlight the potential of LLMs in bridging unstructured requirements with 

formalized UML artifacts. However, they primarily focus on single diagram types and lack standardized 

validation mechanisms. 

In parallel, vision-language representation learning has progressed significantly with models such as 

UNITER [32] and VinVL [33], generation from diagram images using multimodal LLMs [15], which enable 

joint reasoning over text and images, semantic recognition from images [34]. More recent efforts Qwen2-VL 

[13], [35], and Aya-Vision [14] extend these capabilities to multilingual and high-resolution reasoning, 

providing opportunities for evaluating structured visual artifacts like UML diagrams. 

Despite these advances, two persistent challenges remain: i) the scarcity of large, high-quality 

datasets for UML generation and validation and ii) the absence of robust evaluation frameworks that capture 
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both structural fidelity and semantic alignment. Existing metrics (BLEU and ROUGE) [36], [37] are 

inadequate for structured diagram evaluation, while manual assessments hinder reproducibility.  

The paradigm of automated modeling has transitioned from rule-based extraction to generative 

synthesis. Comprehensive surveys by Ahmed et al. [3] and Abdelnabi et al. [38] indicate that while NLP-

based transformation rules provide determinism, they lack the flexibility to handle ambiguous natural 

language requirements. To address this, recent approaches have leveraged the reasoning capabilities of 

advanced LLMs. The DeepSeek-R1 model utilizes reinforcement learning to incentivize reasoning paths, 

showing promise in solving complex logic tasks inherent in system design [39]. Concurrently,  

Bates et al. [15] explored multimodal LLMs for generating code from diagram images, suggesting that the 

"chain-of-thought" prompting method [40] significantly enhances the structural correctness of the output. 

These studies collectively suggest that decomposing the generation process into specification extraction and 

code synthesis a dual step approach may yield superior results compared to direct end-to-end generation. 

Parallel to generation, the evaluation of visual software artifacts has evolved with the advent of 

vision-language models (VLMs). As noted in a 2025 survey by Danish et al. [17], VLMs have achieved 

state-of-the-art performance in cross-modal understanding, making them suitable for validating diagrammatic 

fidelity. Benchmarking studies like MMMU [41] reveal that models such as Qwen2-VL [13] and Aya-Vision 

[14] possess strong optical character recognition and spatial reasoning capabilities tailored for high-resolution 

document analysis, a benchmark for evaluating automated UML synthesis [42]. However, the application of 

these models in validating UML syntax remains underexplored. Most existing evaluation frameworks rely on 

textual metrics (BLEU and ROUGE) or pixel-wise comparison, which fail to capture the semantic nuances of 

software architecture. This highlights the need for a specialized multimodal validation framework that 

aggregates insights from diverse VLM architectures to provide a reliable quality score. 

Unlike previous studies that either focused on single diagram types or relied on subjective/manual 

evaluation this paper introduces three novel contributions: 

− Dual-LLM pipeline: a two-stage architecture that separates lightweight specification generation from 

reasoning-intensive UML synthesis, ensuring both computational efficiency and semantic accuracy. 

− Multimodal weighted validation: a reproducible evaluation framework that leverages multiple vision–

language models (Qwen2.5-VL-3B, LLaMA-3.2-11B-Vision, and Aya-Vision-8B) and aggregates their 

outputs through weighted scoring guided by the MMMU benchmark, mitigating individual model bias. 

− Benchmark dataset release: the construction of two large-scale, validated datasets (5,000 class diagrams 

and 3,000 use case diagrams), providing the community with a scalable resource for future research on 

UML automation. 

Together, these contributions establish the first end-to-end reproducible framework that integrates 

requirement to UML generation with automated multimodal validation, paving the way toward generalizable 

UML automation in artificial intelligence (AI)-driven software engineering. 

 

 

3. METHOD 

Our method comprises a unified, sequential pipeline adaptable to different UML diagram types, 

moving from specification generation to final multimodal scoring. 

 

3.1.  Requirement specification generation 

A lightweight language model, LLaMA 3.2 1B-Instruct, is optimized for instruction-following tasks 

[28]. The model is good at producing text, asking questions, and doing some light logical reasoning with only 

1 billion parameters. This makes it resource-efficient for edge applications or situations where computing 

power is limited. LLaMA 3.2 1B's "Instruct" version is fine-tuned on a high-quality instruction dataset to 

consistently interpret input requests and provide succinct responses. LLaMA 3.2 1B-Instruct is a suitable 

candidate for small language model (SLM) research in the areas of code generation, NLP, and intelligent 

education, owing to its efficacy and performance. 

We conducted a feasibility study comparing LLaMA-3.2-1B-Instruct with Gemma-2-2B and 

DeepSeek-R1-Distill-Qwen-1.5B. LLaMA 3.2-1B-Instruct was the most efficient model, with an inference 

time of 60 seconds per 100 prompts (Figure 1). DeepSeek-R1-Distill-Qwen-1.5B required 87 seconds, 

whereas Gemma-2-2B took 116 seconds. Its compact dimension renders it competitive in structured 

generation tasks such as code synthesis and UML modeling. So, we selected LLaMA-3.2-1B-Instruct as the 

primary model for our research due to its optimal equilibrium between speed and quality. 

To ensure high-quality textual inputs, we developed a structured prompt template that guides the 

model to act as a product owner. This approach focuses on functional requirements while intentionally 

excluding technical implementation details, as illustrated in Table 1. 
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Figure 1. Measured response times (in seconds) illustrating latency differences across evaluated small 

language models 

 

 

Table 1. Prompt templates for software requirement generation 
Prompt template LLaMA-3.2-1B output 

System instruction: "Act as an end-user or product owner who 
has conceived a software feature. Describe the feature's 

functionality from a user's perspective. Focus on 'what' the 

system does rather than 'how' it is implemented. Avoid technical 
jargon, class names, or implementation details." 

Input: "Generate a detailed user requirement for a note-taking 

application feature." 

"As a user, I want to be able to easily find and view all my notes 
in a single, organized list. I want to see a comprehensive 

overview, including any attachments or comments, so I can 

review them at a glance. Additionally, I need a search function 
for specific notes or keywords to quickly locate relevant 

information." 

 

 

3.2.  Unified modeling language code synthesis with reasoning 

We utilize DeepSeek-R1-Distill-Qwen-32B, a model distilled from Qwen-72B to optimize 

reasoning and code generation while minimizing inference costs. With 32 billion parameters trained on 

extensive code and instruction datasets, it delivers performance comparable to larger LLMs, specifically 

excelling in multi-hop reasoning and complex synthesis [39]. For diagram rendering, we leverage PlantUML, 

an open-source tool that transforms textual descriptions into UML diagrams. Its concise, code-like syntax 

offers a lightweight alternative to graphical tools, facilitating seamless integration with version control (Git) 

and DevOps workflows [29]. By treating diagrams as code, PlantUML ensures high maintainability, 

reproducibility, and collaboration, making it an ideal solution for automated software modeling. 

 

3.3.  Diagram rendering and multimodal validation 

We automate quality assessment using three diverse open-source VLMs: Qwen2.5-VL-3B,  

LLaMA-3.2-11B-Vision, and Aya-Vision-8B [13], [14], [28]. This selection integrates varying architectural 

perspectives ranging from efficient high resolution processing to complex visual reasoning and multilingual 

alignment effectively mitigating individual model bias. Their reasoning capabilities are benchmarked against 

MMMU to inform a robust [43], weighted scoring mechanism for objective diagram evaluation. 

 

3.4.  Weighted scoring 

A defining characteristic of this algorithm is its ability to dynamically filter invalid inputs. In this 

system, model outputs are quantified on a scale from 0 to 6, where a score of zero designates an invalid or 

failed evaluation. To ensure the final metric remains robust, a logical indicator acts as a gatekeeper during the 

aggregation process. If a model returns a zero, it is strictly treated as non-participatory for that specific record. 

Consequently, the composite score is computed by summing the weighted values of only the valid 

scores. Crucially, the normalization factor the divisor in the calculation adjusts dynamically for each record. It 

consists solely of the sum of weights from the models that provided valid feedback, rather than the total weight 

of all existing models. This mechanism prevents invalid zeros from artificially deflating the aggregate score. 

By isolating valid contributions, this method produces a normalized, reliability-adjusted consensus, ensuring a 

fair and accurate representation of data quality even when certain models fail to generate usable inferences. 
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The formula for 𝑆𝑗  is defined as (1): 
 

𝑆𝑖 =
∑ 𝛿𝑁

𝑖=1 (𝑠𝑖𝑗)⋅𝑠𝑖𝑗⋅𝑤𝑖

∑ 𝛿𝑁
𝑖 (𝑠𝑖𝑗)⋅𝑤𝑖

 (1) 

 

3.5.  The unified generation and validation pipeline 

The automated generation of UML diagrams from natural language requires a sophisticated balance 

between architectural reasoning and syntactic precision. To bridge the gap between high-level requirements 

and formal visual representations, we propose a robust multi-stage framework that leverages specialized 

LLMs for distinct cognitive tasks. This modular approach ensures that semantic intent is preserved through a 

structured pipeline of refinement, synthesis, and multimodal verification. Specifically, the framework 

operates in three stages: 

− Stage 1 technical specification generation: LLaMA 3.2-1B-Instruct is refined to create specifications 

based on the type of diagram: the model plays the role of "system architect" for class diagrams to define 

static structures (classes, relationships), and "requirements analyst" for use case diagrams to describe 

functional interactions (actors, use cases). 

− Stage 2 UML PlantUML code generation: the detailed specification from Stage 1 is passed to the 

DeepSeek-R1-Distill-Qwen-32B model. Acting as a "UML expert", the model translates the specification 

into syntactically valid PlantUML code. The prompt emphasizes correct syntax for the specific diagram 

type and encourages chain-of-thought reasoning using <think> tags to decompose the problem effectively. 

− Stage 3 diagram rendering and multimodal validation: the PlantUML code is rendered as an image 

(syntax errors receive a score of 0) and verified by three VLMs (Qwen, LLaMA, and Aya). These models 

evaluate the fit between the diagram and the description on a 6-point scale, and the results are then 

aggregated into a common score using a weighted average mechanism. The unified generation and 

validation flow is presented in Figure 2 which describes the three stages operation to understand the 

generation and validation flow of the proposed method. To improve clarity and reproducibility, Algorithm 1 

summarizes the complete dual-LLM generation and multimodal validation process. 
 
 

 
 

Figure 2. The unified pipeline for UML diagram generation and multimodal scoring 
 

 

Algorithm 1. Dual-LLM UML generation with multimodal validation 
Input: Natural language software requirements R 

Output: Validated UML diagrams D and evaluation scores S 

Begin 

Initialize LLM_spec (lightweight specification model).  

Initialize LLM_reason (reasoning-oriented UML synthesis model).  

Initialize the set of Vision Language Models: V = {VLM₁, VLM₂, ..., VLMₙ}. 
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Initialize aggregation weights: W = {w₁, w₂, ..., wₙ}. 
Stage 1: Requirement Specification  

StructuredSpec ← LLM_spec(R)  

Stage 2: UML Code Synthesis  

UML_Code ← LLM_reason(StructuredSpec)  

Diagram_Image ← Render(UML_Code)  

Stage 3: Multimodal Validation  

For i = 1 to 8000 do  

Scoreᵢ ← VLMᵢ(Diagram_Image, StructuredSpec)  

End   

AggregatedScore = ∑ 𝑤𝑖

𝑁

𝑖=1

× Score𝑖 

Return  Diagram_Image, AggregatedScore 

End 

 

While Figure 2 provides a high-level conceptual overview of the three-stage pipeline, the detailed 

operational workflow and decision logic are illustrated in Figure 3. This workflow specifically highlights the 

automated validation process in Stage 3: if the PlantUML code fails to render (the 'NO' path), the system 

assigns a score of zero and preserves the record for error analysis. Conversely, successfully rendered 

diagrams are forwarded to the VLM ensemble for multi-dimensional semantic scoring and final aggregation. 

 

 

 
 

Figure 3. Workflow of the proposed three-stage pipeline 

 

 

3.6.  Implementation details 

The experimental setup, including the hardware and software configurations utilized for model 

training and inference, is summarized in Table 2. We leveraged NVIDIA RTX A5000 GPUs to manage the 

computational demands and inference latency of the 32B DeepSeek-R1 model. On the software side, the 
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Unsloth library was integrated to ensure memory-efficient processing, thereby facilitating reproducibility for 

future research. 

 

 

Table 2. Experiment environment 
Hardware Software and training 

1. 4×NVIDIA RTX A5000 (24GB VRAM): High-performance 

GPU for deep learning. 
2. 2×Threadripper PRO 5965WX (48 cores): multi-core CPU for 

parallel processing. 

3. 256 GB RAM: large memory for handling big datasets. 

1. Libraries\& Frameworks: Unsloth 2025.6.2: Fast Mllama 

patching. Transformers: 4.51.3. vLLM: 0.9.1. Platform: Linux. 
Torch: 2.7.0+cu126. CUDA: 8.6. CUDA. 

2. Training duration: ~160 hours. 

 

 

4. RESULTS AND DISCUSSION 

The experimental findings confirm the feasibility and scalability of automated UML generation 

through the proposed dual-LLM pipeline combined with multimodal validation. Across both datasets use 

case (3,000 samples) and class diagrams (5,000 samples) the framework demonstrated strong capability in 

generating high-quality UML artifacts and systematically verifying their semantic alignment with textual 

requirements. The combination of LLaMA-3.2-1B-Instruct for lightweight specification generation and 

DeepSeek-R1-Distill-Qwen-32B for structured UML synthesis proved effective, with 95.8% of class diagram 

specifications successfully rendered and the majority of use case outputs achieving moderate-to-high fidelity. 

This scalability illustrates the suitability of the approach for both behavioral and structural modeling tasks, 

although residual challenges remain in capturing fine grained architectural semantics, such as distinguishing 

between aggregation and composition. 

Comparison between class diagram and use case in Figure 4, the multimodal validation pipeline 

reinforced this robustness by revealing model specific tendencies in evaluation. For class diagrams, 

Qwen2.5-VL-3B exhibited a strong optimistic bias, with the majority of outputs rated as perfect (69.1% at 

score 6), suggesting a tendency to overestimate structural fidelity. LLaMA-3.2-11B-Vision provided 

conservative but balanced judgments, concentrating in the mid-to-high range (4–5) with no perfect 

alignments, while Aya-Vision-8B displayed a polarized distribution, with 30% failures (scores 0–1) 

alongside 28.7% strong evaluations (score 5). In the use case diagram dataset, distributions diverged: 

LLaMA-3.2-11B-Vision achieved the most consistent performance, with nearly 89% of outputs clustered at 

score 5, reflecting stable semantic alignment. Qwen2.5-VL-3B peaked at score 4 (64.2%) but spread across 

lower bands (0–3), while Aya-Vision-8B was unstable, with almost half of outputs failing (45.7% at score 0) 

yet still assigning high ratings in select cases (20.3% at score 5). 

Taken together, these results highlight three key insights. First, Qwen2.5-VL-3B excels in high 

confidence structural evaluation, making it more suitable for class diagram verification. Second, LLaMA-3.2-

11B-Vision provides the most stable and reliable assessments for behavioral modeling, aligning well with the 

interpretability of use case diagrams. Third, Aya-Vision-8B demonstrates sensitivity but lacks robustness, 

underscoring the need for refinement to reduce evaluation variance. Importantly, the weighted MMMU 

aggregation mitigates these biases by integrating complementary strengths optimism from Qwen2.5, 

conservatism from LLaMA-3.2, and partial adaptability from Aya-Vision-8B producing a more balanced and 

reliable quality metric. 

Overall, distribution of final weighted composite scores in Figure 5, the analysis suggests that 

behavioral diagrams (use case diagram) are inherently easier for LLMs to synthesize and validate due to their 

alignment with natural user intent, whereas structural diagrams (class diagram) demand deeper logical 

reasoning and expose current limitations in semantic granularity. These findings underscore the necessity of 

multimodal, weighted evaluation pipelines for achieving scalable and trustworthy UML automation, 

providing strong evidence for the framework’s applicability in advancing AI-assisted software engineering. 

Placing the results in the context of recent journal and conference research highlights both alignment 

with and advances beyond prior work on automated UML generation. Early rule-based approaches, such as 

the heuristic-driven method proposed by Abdelnabi et al. [6], achieved reasonable syntactic correctness for 

UML Class Diagrams but exhibited limited robustness when handling informal or evolving requirements. In 

contrast, the proposed dual-LLM pipeline reduces dependency on handcrafted rules by leveraging 

instruction-tuned language models, enabling more flexible generalization across diverse specifications. 

Machine learning–based methods have sought to improve scalability by classifying requirement sentences 

into predefined UML elements. Meng and Ban [19] reported promising accuracy using structured NLP 

techniques; however, such approaches remain constrained by fixed taxonomies and manual feature 

engineering. The findings of this study indicate that separating requirement interpretation from reasoning-

oriented UML synthesis allows LLMs to capture higher-level architectural semantics without explicit rule 
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design. Recent investigations into LLMs have further demonstrated their potential for direct text-to-diagram 

generation. 

 

 

 
 

Figure 4. Distribution points of three visual language models for class and use case diagrams 

 

 

 
 

Figure 5. Distribution of final weighted composite scores 

 

 

Jahan et al. [5] showed that generative AI models outperform traditional rule-based techniques for 

UML sequence diagram derivation, while Bari et al. [21] reported that LLM-generated diagrams often 

conform syntactically to UML standards but still suffer from logical inconsistencies. The results of the 

present study are consistent with these observations and further suggest that behavioral artifacts, such as use 

case diagrams, exhibit stronger semantic alignment than structural diagrams. A key distinction of this work 

lies in its evaluation methodology. Most prior studies rely on text-based similarity metrics, such as BLEU 

[36] and ROUGE [37], or manual expert assessment, which are insufficient for evaluating the semantic and 

structural correctness of visual models. By integrating multiple vision–language models through a weighted 

aggregation mechanism, the proposed multimodal validation framework provides a more objective and 

robust assessment of UML diagram quality, aligning with recent advances in vision–language evaluation 

research [17], [18]. Finally, the release of large-scale, multimodally validated benchmark datasets addresses a 

critical limitation highlighted in recent surveys on UML automation [3], [38]. Compared with existing 
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datasets that are limited in scale or lack semantic verification, the datasets introduced in this study support 

reproducible evaluation and enable future research on scalable, reasoning-aware UML automation in AI-

driven software engineering. 

 

 

5. CONCLUSION 

This study set out to examine whether a dual-LLM generation pipeline combined with multimodal 

validation can provide a scalable and reliable solution for automated UML modeling. The findings 

demonstrate that decomposing the process into lightweight requirement specification and reasoning-oriented 

UML synthesis significantly improves generation robustness, while multimodal visual validation enables 

objective assessment beyond traditional text-based metrics. By introducing a reproducible end-to-end 

framework and releasing large-scale, validated datasets for both class and use case diagrams, this work 

advances the state of AI-assisted software modeling toward practical adoption. The proposed approach 

reduces manual modeling effort and mitigates documentation drift, thereby supporting modern Agile and 

DevOps workflows where requirements evolve rapidly. Despite the high performance of the dual-LLM 

pipeline, certain limitations persist. First, the framework's ability to distinguish between fine-grained 

semantic nuances, such as "composition" versus "aggregation" in complex class hierarchies, remains a 

challenge due to the inherent ambiguity of natural language descriptions. Second, the current model's 

reasoning stage is highly dependent on the quality of the initial specification generated in Stage 1; any 

omission in the technical requirements may propagate into the final diagram. Lastly, while the system excels 

at class and use case diagrams, its scalability to dynamic models with strict temporal constraints, such as 

Sequence or State diagrams, requires further refinement of the reasoning-oriented synthesis module. Future 

research will extend this framework to more complex behavioral diagrams, such as sequence and activity 

diagrams, incorporate multilingual and domain-specific prompting strategies, and explore feedback-driven 

self-correction mechanisms to further enhance automation accuracy and adaptability in real-world software 

engineering environments. 
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