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Retinal color fundus photography 

(CFP) is a widely used, non-

invasive tool for diagnosing ocular 

and systemic diseases. With the rise 

of multimodal large language 

models (MLLMs) such as GPT-4 

and LLaVA, there is increasing 

interest in applying joint visual-

textual reasoning to medical 

imaging. While biomedical variants 

like LLaVA-Med have introduced 

domain-specific instruction tuning, 

current MLLMs still struggle to 

capture the structural complexity 

and subtle clinical features critical 

for retinal diagnosis.
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❖ Develop RetinalGPT, a retinal 

clinical assistant powered by 

large vision-language models.

❖ Integrate retinal images with 

structured clinical knowledge 

through an instruction fine-

tuning pipeline.

❖ Enable quantitative vascular 

analysis, lesion localization, 

and disease diagnosis in an 

interpretable manner.

We built a large-scale retinal dataset and designed a two-stage instruction tuning pipeline to 

adapt vision-language models for clinical retinal analysis.

➢ Data: Collected 38K fundus images (EyeQ, Messidor-1, APTOS, IDRiD, MICCAI 

MMAC, OIA-ODIR, RFMiD, and private), annotated with disease labels, lesion masks, 

vascular features (fractal dimension, vessel density, branching angles, curvature), and 

image quality (good/usable/reject) using AutoMorph and RBAD.

➢ Datasets: Constructed RCA (38K QA pairs) and RCT (38K multi-turn dialogues) via 

GPT-4.

➢ Training:

➢ Stage 1 (Feature Alignment): 600K PMC-15M + 38K RCA, freeze vision 

encoder & LLM.

➢ Stage 2 (Instruction Tuning): 38K RCT + 60K LLaVA-Med QA, freeze vision 

encoder, preserve general medical knowledge.

METHODS

Fig.1 Overview of the model architecture and training strategy. Top: The network structure. Bottom: 

the two-stage training process.

➢ Superior accuracy: RetinalGPT outperforms GPT-4o, LLaVA, and LLaVA-

Med across 8 retinal datasets, achieving up to 95%+ accuracy in DR grading 

and multi-disease classification.

➢ Lesion localization (Generates bounding boxes ) and Vascular analysis(fractal 

dimension, vessel density, and other morphological metrics).

In this work, we introduce RetinalGPT, a 

multimodal large vision-language model 

designed for retinal image understanding. 

Leveraging a large-scale dataset, structured 

clinical annotations, and a two-stage 

instruction tuning strategy, RetinalGPT 

achieves accurate disease classification and 

lesion localization. Importantly, it can also 

provide vascular quantitative features, which 

support diagnosis in an interpretable and 

clinically meaningful way.
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