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Generating & Understanding Technical Visuals

• Manually tedious, time-consuming, and error-prone: Authoring architecture diagrams 
and writing patent-figure descriptions. Slows down software documentation, scientific 
communication, and patent drafting.

• Technical visuals ≠ natural images: Architecture diagrams and patent figures demand 
strict semantic alignment, structural coherence, and fine-grained precision.

• Labeled data is the core barrier. 

• Multimodal knowledge agents
• Structure-aware encoders

• Domain-adapted LLMs

• Novel graph-level evaluation

• Broader goal: agents that retrieve, reason, and generate knowledge across modalities 
to solve real-world problems
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Text2Arch
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Why Convert Text → Architecture Diagrams?

• Scientific systems are often described only in text, which leads to:
• Hard to understand complex pipelines
• Ambiguous or incomplete visual representation
• Manual diagram creation is time-consuming

• Goal
• Automatically generate accurate architecture diagrams from natural language 

descriptions

• Potential Applications
• Scientific papers
• Software architecture documentation
• AI system design
• Education and learning material
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Text2Arch Problem Definition

• Input: Natural language description of a system architecture

• Output: A structured architecture diagram

• Our approach
• Text description
• Generate DOT graph code
• Render diagram using Graphviz

• Advantages of intermediate DOT code
• Structured
• Editable
• Deterministic rendering
• Easier evaluation
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Challenges for Text2Arch

• Unlike natural image generation
• Strict semantic alignment required
• Precise structure of nodes and edges
• Correct labels and flow direction
• Long technical descriptions

• Existing text-to-image models fail because:
• limited input context
• poor text rendering
• weak structural reasoning
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Key Contributions

• Introduce Text2Arch task: Generate architecture diagrams from text.

• Release Text2Arch dataset
• 75K samples
• text description
• architecture image
• DOT code

• Fine-tune open-source LLMs: Llama-3, Qwen-2, DeepSeek

• Propose graph-based evaluation metrics to measure structural correctness.
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• Total samples: 75,127
• Train: 60,519
• Validation: 7,565
• Test: 7,043

• Manual annotation set: 99 samples.
• Each sample contains

• Architecture diagram image
• Clean textual description
• DOT graph representation

• Average statistics:
• 15.2 nodes; 13.9 edges
• ~203 words per description
• Around 54.3% samples are easy, 32.4% 

are medium and the rest are of hard 
complexity.

Text2Arch Dataset
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• Architecture Diagram Detection
• Train classifier: Arch vs Non-Arch diagrams
• Models tested: CLIP, ViT, BEiT, ResNet
• Best model: CLIP (83.45%)

• DOT Code Generation to obtain structured graph 
representation

• DOT1: Generated by GPT-4o
• DOT2: Extract nodes and edges using OCR (Florence2) 

and Object detection
• DOT3: GPT refinement of DOT2
• Result: significantly higher graph accuracy

• Description Refinement
• Original dataset contained noisy text.
• We improve descriptions via:

• Extract relevant paragraphs from paper
• TF-IDF similarity filtering
• GPT refinement

• Final output: Desc3
• Human evaluation: Desc3 preferred >90% of the time.

Dataset Curation
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• Baselines
• DiagramAgent
• GPT-4o zero-shot

• Few-shot ICL
• Llama-3-8B
• Qwen-2-7B
• DeepSeek-7B

• Fine-tuned models

• Same models trained on Text2Arch 
dataset.

• Text Similarity Metrics
• ROUGE-L
• CodeBLEU
• Edit Distance
• chrF

• Graph Structure Metrics
• Node Precision / Recall / F1
• Edge Precision / Recall
• Jaccard similarity
• Node PR-AUC

• These measure semantic + structural 
fidelity.

Models evaluated
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Evaluation Metrics



• Fine-tuned models outperform few-shot models and GPT-4o.

• Best model: Fine-tuned DeepSeek-7B

• Close to GPT-4o perf while being open and lightweight.

Results
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An Example of Text2Arch Results
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Takeaways

• Introduced Text2Arch, the first large dataset for architecture diagram 
generation.

• Demonstrated LLM-based structured diagram synthesis.

• Fine-tuned DeepSeek-7B achieves best performance.

• Graph-based metrics enable rigorous structural evaluation.

• Dataset, models, and code are publicly released.

• Future Work
• Multimodal training (text + image)
• Direct diagram generation without intermediate code
• Interactive diagram editing
• Application to software engineering tools
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Generating descriptions for patent images
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• 355K patent images + brief and 
detailed descriptions from 90K 
patents.

• Amazon, Microsoft, LinkedIn, Google, 
Yahoo, etc.

• Vision Element Detection 
• FasterRCNN trained on 350 images
• Node, Arrow, Text, Node labels, 

Figure labels

PatentDesc dataset
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PatentDesc dataset samples



• Brief descriptions
• ~34 tokens

• Detailed descriptions
• ~1680 tokens
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PatentDesc dataset
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Vision Element Detection Example



• Pre-train LayoutLMv3 on ~900K 
HUPD patent images

• MLM (unmask 30% OCR tokens) 
• LA-MIM (layout aware MIM for 40% tokens with visual 

elements) 
• Patch Classification (binary loss over 5 classes)

PatentMME
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• PatentLMM is trained in two stages:
• Alignment using projection layer
• Finetuning projection layer + 

PatentLLaMA w/ LoRA

PatentLMM
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• PatentLLaMA: Continue pre-train 
LLaMA2 7B with added LoRA adapters 
on the HUPD (Harvard USPTO Dataset) 
patent text for domain adaption.



B=BLEU, R=ROUGE, M=METEOR

How does PatentLMM perform compared to other models 
on patent description generation?
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GPT-4V evaluation on a set of 1K samples.

PatentLMM detailed results
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Ablations of PatentLMM on brief description generation. 
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• PatentDesc-355K - Large-scale dataset of (patent figure, brief description, 
detailed description) triplets.

• PatentMME - Novel training objectives for learning patent-image-specific 
representations.

• PatentLMM outperforms all the baselines including zero-shot GPT-4V.

• https://vl2g.github.io/projects/PatentLMM/

Take-aways
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