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Abstract

¢ With the rapid advancement of large language models,
both general - purpose and ophthalmology - specific
variants have shown substantial potential for ophthalmic
image analysis. However, their task-specific effectiveness
and applicable boundaries in clinical practice remain to be
fully clarified. This review outlines the technical evolution
of large models in ophthalmology, including masked
visual modeling, vision - language contrastive learning,
and subsequent stages of knowledge integration and
multimodal reasoning. The performance of general -
purpose versus ophthalmology - specific models across
common clinical scenarios, including disease screening
and initial triage, disease grading and lesion
segmentation, and medical report generation with
multimodal reasoning were further compared. Results
show that general - purpose models are well - suited for
multi - disease screening and primary - care triage,
whereas ophthalmology - specific models excel in fine -
grained grading, subtle lesions detection, and rare
disease diagnosis. Moreover, instruction-tuned domain-
specific models produce medical reports with greater
clinical consistency. These findings provide practical
guidance for selecting appropriate model types and
technical pathways tailored to specific ophthalmic tasks.
Furthermore, the review identifies the current challenges
facing these models, including reliability, generalizability,
evaluation frameworks, and reproducibility, as well as the
resulting limitations in clinical application.
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