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Abstract 

To develop and test a foundation-level multimodal ophthalmic model that learns common                

cross-modal representations for automated classification of eye diseases (normal, diabetic 

retinopathy, glaucoma, cataract) using the Kaggle Eye Diseases classification fundus image dataset 

and textual descriptors. The proposed framework is based on a modality-agnostic vision encoder, 

initialized via transfer learning and trained on 4 categories of 4217 color fundus images, and a 

lightweight text encoder fed by textual tokens for label and description levels. The features of the 

fundus and text embeddings are matched in a shared latent space via image-text contrastive 

objectives, leveraging recent multimodal ophthalmic foundation models such as EyeCLIP and Eye 

Found. In this single space, a classification leader is used to perform multi-class disease prediction, 

enabling image-only and image-and-text inference. The proposed multi modal model with extensive 

data augmentation reaches test accuracy of 95, on the same Kaggle dataset, which is comparable or 

a little higher than current Efficient NetB3 based and transformer ensemble baselines, which report 

a test accuracy of 95. The model has a high macro averaged precision, recall, and F1 scores in all 

four classes, and significantly less confusion between cataract and glaucoma than the single modal 

CNN and transformer baselines. Experiments of ablation demonstrate that either the removal of the 

text arm or the contrastive alignment goal deteriorates performance and class balance which 

confirms the advantage of learning both cross modal representation unanimously as supported by 

previous multimodal ophthalmic experiments.Multi-modal ophthalmic style, based on a foundation 

style and trained on a single public Kaggle fundus dataset, can acquire unified cross-modal 

representations that result in robust classification of eye disease across multiple classes. It can be 

extended to other imaging modalities (e.g., OCT) and to more detailed clinical text, which aligns 

with the direction of large multimodal foundation models in ophthalmology. This is why the given 

approach can be considered an effective starting point of scalable, real world ophthalmic AI systems. 
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1 Introduction 

Retinal impairment due to diseases like diabetic retinopathy, glaucoma, and cataract is a significant and 

increasing health burden across the globe with several instances of blindness being avertable provided 

that the diseases are diagnosed and managed at an early stage (Ali & Mahmood, 2025;                                      
Al-Fahdawi et al., 2024). Manual inspection of color fundus photographs is time-consuming, requires 

scarce specialist expertise, and is prone to variability, especially when large-scale screening or 

tele-ophthalmology programs are considered (Alsohemi & Dardouri, 2025; Saratha et al., 2025;           
Arslan & Erdaş, 2023). These challenges have driven intense interest in automated analysis of fundus 

images using deep learning for disease screening, grading, and clinical decision support                           

(Cen et al., 2021; Chea & Nam, 2021; Nithyalakshmi et al., 2021). 

Early work in ophthalmic artificial intelligence predominantly focused on single-modality, 

task-specific models, typically training convolutional neural networks on fundus photographs to detect 

individual conditions such as diabetic retinopathy or glaucoma (Yang et al., 2025; Hasan et al., 2025). 

Such systems have achieved or even surpassed specialist-level performance on curated datasets, but 

often struggle with generalization across devices, institutions, and broader disease spectra, and remain 

difficult to scale beyond narrowly defined tasks (Vineel Eshwar et al., 2024; Mehta & Mishra, 2021). 

More recent studies have extended this paradigm to multi-class fundus classification, jointly 

distinguishing normal eyes, diabetic retinopathy, cataract, and glaucoma using transfer-learning 

backbones such as EfficientNet and hybrid CNN ensembles on public Kaggle datasets, reaching 

accuracies in the 93–95% range and demonstrating the feasibility of fundus-based multi-disease 

screening (Li et al., 2025; Lu et al., 2023). However, these approaches are still largely unimodal and 

label-supervised, limiting their ability to exploit the rich complementary information present in clinical 

text and other imaging modalities. 

In parallel, the emergence of foundation models has begun to reshape ophthalmic AI. Large-scale 

vision foundation models such as RETFound and VisionFM pretrain on millions of retinal images, then 

transfer to diverse downstream tasks including disease diagnosis, prognosis, and systemic biomarker 

prediction with improved data efficiency and generalization (Liu et al., 2025; Da Soh et al., 2025). 

Building on this, multimodal ophthalmic foundation models like EyeFound and EyeCLIP learn shared 

representations across many imaging modalities (e.g., fundus, OCT, angiography) and partial clinical 

text via self-supervised and contrastive objectives, enabling powerful capabilities in disease 

classification, systemic disease prediction, and visual question answering, including few-shot and 

zero-shot performance in long-tail settings. These models illustrate the promise of unified cross-modal 

representation learning, where a single latent space aligns heterogeneous ophthalmic images and 

language. 

The various advancements defined the practical gap between the resource-intensive foundation and 

the model, which should contain a lightweight system trained on publicly available data. The current 

multimodal methods require multiple learning images to avoid explicitly evaluating the impact of  

image-text on contrastive learning, while balancing across multi-class disease classifications             

(Moon et al., 2022; Yadav et al., 2024). Based on the recent survey, the need for compact models should 

integrate funds for images and textual descriptors, which are readily available in clinical narratives.  
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With the large-scale area to develop the foundation style and multi-model, the public dataset should 

follow the two types of objectives. The initial step is to determine the image text to share the latent space, 

to improve accuracy and address class imbalance among strong models, including the baseline model 

for four-class disease classification, specifically the pair of cataract and glaucoma.  Second, it offers a 

scalable blueprint that is architecturally compatible with future extension to OCT and richer clinical text, 

aligning with the broader trajectory of multimodal vision–language foundation models in ophthalmology 

(Chia et al., 2024; Shafiq et al., 2024). 

The main contributions of this work are as follows:  

• Propose a foundation-style multimodal ophthalmic model that unifies funds images and textual 

descriptors in a shared latent space for multi-class eye disease classification (normal, diabetic 

retinopathy, glaucoma, cataract). 

• Design a modality-agnostic vision encoder (initialized via transfer learning) combined with 

a lightweight text encoder, aligned using image text contrastive learning inspired by EyeCLIP 

and Eye Found. 

• Demonstrate that the unified image–text representation achieves 95–97% test accuracy on a 

public Kaggle fundus dataset, matching or slightly surpassing strong EfficientNetB3 and 

transformer ensembles. 

• Show via ablation studies that removing the text branch or the contrastive objective degrades 

accuracy and class balance, highlighting the benefit of cross-modal representation learning in 

ophthalmic diagnosis. 

• Provide a scalable and extensible framework that can naturally incorporate additional imaging 

modalities (e.g., OCT) and richer clinical text, supporting future large multimodal foundation 

models in ophthalmology. 

The paper will be structured as follows. Section 2 is a review of related literature in the field of 

ophthalmic deep learning, including single-modality fundus classifiers, retinal foundation models, and 

more recent multimodal vision-language systems other integrated multimodal models. Section 3 

describes the proposed foundation-level multimodal ophthalmic architecture and proposed algorithm. 

Section 4 presents the experimental setup and experimental results, compares with based baselines, and 

analysis of the class wise performance and patterns, ablation studies quantifying the contribution of the 

text and contrastive alignment branch. Section 5, finally, wraps the paper by concluding on the major 

contributions and the importance of compact multimodal models as convenient building blocks towards 

scalable/general purpose ophthalmic foundation systems. 

2 Related Work 

Automated detection of retinal diseases from fundus images has been extensively studied using deep 

learning. Early work focused on single-modal convolutional neural networks (CNNs) and transfer 

learning from ImageNet backbones such as VGG, ResNet, DenseNet, EfficientNet, Xception and 

Inception-v4 to classify diabetic retinopathy, glaucoma, cataract and normal fundus images                  

(Deng et al., 2024). These approaches typically treat eye disease screening as a supervised multi-class 

image classification problem, achieving accuracies in the 92–96% range on relatively small Kaggle-style 

datasets using VGG19, Inception-v4, EfficientNetB3 or hybrid CNN ensembles (Shi et al., 2025). More 

recent work improves performance through model fusion and feature-level integration of multiple CNN 

backbones: for example, hybrid DenseNet169 MobileNetV1 and VGG16 Xception architectures or 

feature-fusion networks like DIA-VXNET report accuracies above 92–99% on multi-disease tasks, but 
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remain limited to purely visual inputs and task-specific designs (Antaki et al., 2024). Survey papers 

similarly highlight that deep CNNs with transfer learning (ResNet, VGG, EfficientNet) dominate 

diabetic retinopathy and fundus-based eye disease classification, and that most systems rely on 

single-modality fundus images with supervised training on curated datasets (Bamal & Singh, 2024). 

In parallel, there has been rapid progress in medical vision–language representation learning. In 

radiology, models such as MedViLL and other vision-language (V+L) architectures jointly embed 

images and free-text reports to support diagnosis classification, report generation, and cross-modal 

retrieval, demonstrating that joint image–text embeddings outperform image-only or text-only baselines 

on several benchmarks (Zou et al., 2024). Generic medical vision-language contrastive learning 

frameworks further refine this idea by modeling fine-grained relations between local image regions and 

report tokens to improve downstream classification, segmentation, and retrieval. Building on CLIP-style 

contrastive alignment, methods such as ALTA adapt masked-modeling vision encoders for efficient 

medical image–text alignment, improving zero-shot and retrieval performance with substantially fewer 

trainable parameters (Zhu et al., 2024). 

Most relevant to ophthalmology, EyeCLIP introduces a multimodal visual–language foundation 

model trained on 2.77 million images from 11 ophthalmic modalities with partial clinical text, combining 

self-supervised reconstruction, multimodal image contrastive learning and image–text contrastive 

learning to learn a unified latent space that supports disease classification, visual question answering 

and cross-modal retrieval with strong few- and zero-shot capabilities (Zhu et al., 2025). A recent survey 

on multimodal ophthalmic diagnostics contrasts such large-scale foundation models with task-specific 

multimodal approaches, emphasizing trends such as attention-based fusion, self-supervised learning and 

contrastive alignment, while noting that most clinical deployments still rely on single-modality, 

task-specific CNNs. Complementary broader surveys of multimodal foundation models and unified 

vision–language architectures describe how CLIP-like models and modality-agnostic representation 

spaces are becoming central to building general-purpose assistants, but also point out challenges in 

domain shift, long-tail diseases and interpretability in medical settings (Moon et al., 2022). 

Against this backdrop, existing fundus-only classifiers provide strong baselines for four-class eye 

disease recognition but lack cross-modal reasoning and generalization beyond their training labels 

(Vineel Eshwar et al., 2024). At the same time, ophthalmic and general medical vision-language models 

show that unified image–text representation learning can deliver zero-shot and few-shot capabilities, yet 

these systems are often large-scale, multi-institutional efforts with complex training recipes that are hard 

to reproduce on public single-center datasets (Alsohemi & Dardouri, 2025; Hasan et al., 2025). This 

motivates a compact, reproducible multimodal framework that aligns fundus images with lightweight 

textual descriptors via contrastive learning, aiming to narrow the gap between task-specific fundus 

CNNs and large ophthalmic foundation models on standard public datasets. 

Table 1 compares the various methods in the ophthalmic disease detection. Single-modality fundus 

classifiers such as EfficientNetB3 are highly accurate on individual diseases but cannot generalize to 

multiple diseases. Multi-label systems, e.g. Fundus-DeepNet, are able to see multiple eye diseases using 

fundus images but are unimodal, i.e. only using images. Large-scale pretraining on images is used in 

vision foundation models such as RETFound and VisionFM, but does not make use of text, which 

restricts their use. Further sophisticated multimodal vision-language systems, such as EyeFound and 

EyeCLIP, integrate both text and image information, which are more effective but need huge amounts 

of data to train. The survey of multimodal ophthalmic models by Luo et al., (2025) suggests the 

opportunities of the systems but also emphasizes that scalable and interpretable solutions are required. 
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Table 1: Positioning small multimodal fundus models within broader ophthalmic AI landscape 

Approach type Key idea / limitation Representative work Citations 

Single-modality 

fundus classifiers 

High accuracy for specific or 

few diseases; limited 

generalization and task scope 

EfficientNetB3 and 

hybrid CNNs on Kaggle 

4-class eye disease 

datasets 

Alsohemi & 

Dardouri, 

(2025); Hasan et 

al., (2025) 

Multi-label / 

multi-disease fundus 

systems 

Detect many ocular conditions 

from fundus alone; still 

unimodal 

39-disease multi-label 

fundus DNN platform 

Cen et al., 

(2021); Yang et 

al., (2025) 

Vision foundation 

models (image-only) 

Large-scale self-supervised 

pretraining across modalities; 

limited text integration 

RETFound, VisionFM 

Hasan et al., 

(2025);  

Vineel Eshwar  

et al., (2024) 

Multimodal vision–

language foundation 

models 

Shared image–text 

representations require massive 

multi-center data 

EyeFound, EyeCLIP 

Moon et al., 

(2022); 

Shi et al., (2025) 

Surveyed multimodal 

ophthalmic models 

Show promise of multimodal 

fusion and contrastive 

alignment; emphasize need for 

scalable, interpretable systems 

Multimodal ophthalmic 

diagnostics survey 

Zhu et al., 

(2024); 

 Zhu et al., 

(2025) 

3 Methodology 

The novelty of the proposed model consists in the fact that it uses contrastive learning to merge          

multi-modal data (image and text) in a common latent space. Such cross-modal representation learning 

enhances the model's ability to learn subtle, overlapping features of the disease, which can be difficult 

in the ophthalmic disease classification setting. The model, by combining image and text data into a 

single space, not only increases the accuracy of these classifications but also enhances interpretability, 

providing a more detailed picture of the conditions under diagnosis. Moreover, the model is flexible, 

enabling image-only and image-text inference, which makes it applicable in clinical practice in                 

real-world settings where textual data may be missing or unavailable. This possibility makes the model 

robust and versatile while retaining high performance across different types of input. This is a 

multimodal method that represents a major advancement in AI in the ophthalmic sector, as it allows 

different data sources to be incorporated to enhance the overall accuracy and efficiency of disease 

diagnosis. The proposed architecture, which can be extended to other modalities, including those 

generated from work with OCT (Optical Coherence Tomography) images or more detailed clinical text, 

opens the way to the development of scalable, viable AI in ophthalmology. 

3.1 Implementation Flow of the Proposed Multi-Modal Ophthalmic Model for Eye Disease 

Classification 

Figure 1 focuses on the training process and the details of the proposed model. First, retinal images are 

augmented with Data so that become more varied and also increase the generalization training. Image 

Encoder and Text Encoder do work on augmented images and text description of the augmented images 

respectively. The second stage is Training and Contrastive Loss, in which, the text and image 

embeddings are made to correspond in the common latent space. The model is trained to reduce the 

contrastive loss that increases the similarity of the positive pairs of images and texts and to distinguish 

the negative pairs. This process of learning makes the model more powerful at simultaneously learning 
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both visual and text-based content. Multi-class prediction is implemented based on the output of the 

training process, a Shared Latent Representation, which is then used by the last classification head to 

classify the input into each of the four categories. This kind of flow ensures the model can receive 

multimodal inputs and make highly accurate predictions, even when diseases are similar. 

 

Figure 1: Implementation flow of the proposed multi-modal ophthalmic model for eye disease 

classification 

The algorithm for implementing a multimodal ophthalmic model to be developed to categorize eye 

diseases based on fundus images and text descriptions is outlined in Algorithm 1. The model will focus 

on classifying disease type (Normal, Diabetic Retinopathy, Cataract, or Glaucoma) using a combination 

of visual and textual encoders and a shared latent space. The model will be pre-trained by fine-tuning 

the image and text encoders. These encoders have the responsibility of processing the retinal images and 

the text descriptions (e.g. clinical notes or disease labels) of the image. Thereafter the head of 

classification is set to carry out the prediction of the disease class using the joint representation of both 

mode feature images. 

Fundus Image 

Text Input 

Diabetic Retinopathy Mild NPDR 

Image Encoder 

Pretrained ResNet-50 
Visual Feature 

Vector Shared Latent Space Text 

Embedding 
BERT Encoder 

Text Encoder 

Contrastive Learning 

Positive Pair 

Negative Pair 

Classification Head 

Normal Diabetic Retinopathy Cataract Glaucoma 

Implementation Flow 

Data Augmentation 
Training & Contrastive 

Loss 

Shared Latent 
Representation 

Multi-Class Prediction 
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During the training, the data is separated into training, validation and test sets (80/10/10). The training 

will be done in epochs wherein the data will be shuffled and a mini-batch of data will be run. The model 

considers the characteristics of the text and image of the image on a sample in the mini-batch. The 

contrastive learning mechanism, which aligns the features of an image and text in a shared latent space, 

is another significant feature of the model. The contrastive loss is of a kind where similar image-text 

pairs (of the same disease type) are close to each other in the feature space, while dissimilar pairs are 

separated. The features are extracted and aligned, then the image and text features are combined into a 

single vector, and a softmax classifier is applied to identify the disease category. 

The model approximates the loss of categorical cross-entropy that is the contrast between the 

estimated probability of the classification of an object and the true label. The classification loss is then 

combined with the contrastive loss as a weighted loss, with weights 01 and 02 used to balance the 

respective losses. The loss is then used to backpropagate through the model, adjusting its parameters so 

it can be trained on both image and text data. The model is tested on the validation set using the following 

metrics: accuracy, precision, recall, and F1-score. Finally, the model is tested on the test set to estimate 

the final measures. 

The algorithm's output is the estimated disease label y 1 2 for a test sample, which classifies the 

sample into Normal, Diabetic Retinopathy, Cataract, or Glaucoma based on the sample image and text 

inputs. 

𝟑. 𝟐 𝐀𝐥𝐠𝐨𝐫𝐢𝐭𝐡𝐦: 𝐌𝐮𝐥𝐭𝐢 𝐌𝐨𝐝𝐞𝐥 𝐎𝐩𝐡𝐭𝐡𝐚𝐥𝐦𝐢𝐜 𝐌𝐨𝐝𝐞𝐥 𝐟𝐨𝐫 𝐄𝐲𝐞 𝐃𝐢𝐬𝐞𝐚𝐬𝐞 𝐂𝐥𝐚𝐬𝐬𝐢𝐟𝐢𝐜𝐚𝐭𝐢𝐨𝐧 

𝑖𝑛𝑝𝑢𝑡: 𝐹𝑢𝑛𝑑𝑠 𝑖𝑚𝑎𝑔𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 {𝐼𝑖}𝑜𝑑 𝑠𝑖𝑧𝑒 𝑁 

𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔 𝑡𝑒𝑥𝑡 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠 {𝑇𝑖}} 𝑜𝑓 𝑠𝑖𝑧𝑒 𝑁 

𝑃𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 𝑖𝑚𝑎𝑔𝑒 𝑛𝑐𝑜𝑑𝑒𝑟 𝑓𝑖𝑚𝑎𝑔𝑒 

𝑃𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 𝑡𝑒𝑥𝑡 𝑒𝑛𝑐𝑜𝑑𝑒𝑟 𝑓𝑡𝑒𝑥𝑡 

𝐻𝑦𝑝𝑒𝑟𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝐿1 𝑎𝑛𝑑 ⅄2 

𝑜𝑢𝑡𝑝𝑢𝑡 − 𝐷𝑖𝑠𝑒𝑎𝑠𝑒 𝑐𝑙𝑎𝑠𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑦𝑖
^𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑖𝑛𝑝𝑢𝑡 𝐼𝑖𝑎𝑛𝑑𝑇𝑖 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑡ℎ𝑒 𝑖𝑚𝑎𝑔𝑒 𝑒𝑛𝑐𝑖𝑜𝑑𝑒𝑟 𝑓𝑖𝑚𝑎𝑔𝑒 𝑤𝑖𝑡ℎ 𝑝𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑡ℎ𝑒 𝑡𝑒𝑥𝑡 𝑒𝑛𝑐𝑜𝑑𝑒𝑟 𝑓𝑡𝑒𝑥𝑡 𝑤𝑖𝑡ℎ 𝑝𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑡ℎ𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 ℎ𝑒𝑎𝑑 ℎ 

𝑑𝑒𝑓𝑖𝑛𝑒 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑝𝑎𝑟𝑎𝑚𝑡𝑒𝑟 𝜏 𝑓𝑜𝑟 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝑙𝑜𝑠𝑠 

𝑠𝑒𝑡 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 𝑛 𝑎𝑛𝑑 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 (𝐴𝑑𝑎𝑚) 

𝑆𝑝𝑙𝑖𝑡 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 𝑖𝑛𝑡𝑜 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔, 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑡𝑒𝑠𝑡 𝑠𝑒𝑡𝑠 (80: 10: 10 𝑠𝑝𝑙𝑖𝑡) 

𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑝𝑜𝑐ℎ 

𝑠ℎ𝑢𝑓𝑓𝑙𝑒 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎 

𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑚𝑖𝑛𝑖 − 𝑏𝑎𝑡𝑐ℎ 𝑜𝑓 𝑠𝑖𝑧𝑒 𝐵 

𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑠𝑎𝑚𝑝𝑙𝑒 𝑖 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑖𝑛𝑖 − 𝑏𝑎𝑡𝑐ℎ 

𝑒𝑥𝑡𝑟𝑎𝑐𝑡 𝑡𝑒𝑥𝑡 𝑓𝑒𝑡𝑎𝑢𝑟𝑒 𝑧𝑖𝑚𝑎𝑔𝑒
^ = 𝑓𝑖𝑚𝑎𝑔𝑒(𝐼𝑖) 

𝑒𝑥𝑡𝑟𝑎𝑐𝑡 𝑡𝑒𝑥𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑧𝑡𝑒𝑥𝑡
^ = 𝑓𝑡𝑒𝑥𝑡

, (𝑇𝑖) 

𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑐𝑜𝑛𝑡𝑒𝑎𝑠𝑡𝑖𝑣𝑒 𝑙𝑜𝑠𝑠 𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒
𝜏  
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𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒
𝜏 = − log (

𝑧𝑖𝑚𝑎𝑔𝑒
, (𝑧𝑡𝑒𝑥𝑡

− . 𝑇−
𝜏⁄ )

∑ 𝑧𝑖𝑚𝑎𝑔𝑒
− (𝑧𝑡𝑒𝑥𝑡

− . 𝐹− 𝑇−)⁄𝑅
𝑗=1

)                      

𝐹𝑢𝑠𝑒 𝑖𝑚𝑎𝑔𝑒 𝑎𝑛𝑑 𝑡𝑒𝑥𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 

𝑧𝑠ℎ𝑎𝑟𝑒𝑑
− 𝑖− = 𝑧𝑖𝑚𝑎𝑔𝑒

− 𝑖− + 𝑧𝑡𝑒𝑥𝑡
− 𝑖− 

𝑝𝑟𝑒𝑑𝑖𝑐𝑡 𝑐𝑙𝑎𝑠𝑠 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 𝑦𝑖
− = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(ℎ(𝑧𝑖𝑠ℎ𝑎𝑟𝑒𝑑

− 𝑖−)) 

𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠 𝐿𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛
𝑖  

𝑏𝑎𝑐𝑘𝑝𝑟𝑜𝑏𝑎𝑔𝑎𝑡𝑒 𝑡ℎ𝑒 𝑡𝑜𝑡𝑎𝑙 𝑙𝑜𝑠𝑠 𝑎𝑛𝑑 𝑢𝑝𝑑𝑎𝑡𝑒 𝑚𝑜𝑑𝑒𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 

𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑒 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙 𝑜𝑛 𝑡ℎ𝑒 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑠𝑒𝑡 

𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑚𝑎𝑡𝑟𝑖𝑐𝑠: 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦, 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝑅𝑒𝑐𝑎𝑙𝑙 𝑎𝑛𝑑 𝐹1 𝑆𝑐𝑜𝑟𝑒 

𝐴𝑓𝑡𝑒𝑟 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔, 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙 𝑜𝑛 𝑡ℎ𝑒 𝑡𝑒𝑠𝑡 𝑠𝑒𝑡 

𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑓𝑖𝑛𝑎𝑙 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑚𝑒𝑡𝑟𝑖𝑐𝑠 

𝑟𝑒𝑡𝑢𝑟𝑛 

𝑀𝑜𝑑𝑒𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑡𝑒𝑠𝑡 𝑠𝑎𝑚𝑝𝑙𝑒 

3.3 Proposed Architecture of the Foundation-Level Multi-Modal Ophthalmic Model for Unified 

Cross-Modal Representation Learning 

 

Figure 2: Architecture of the foundation-level multi-modal ophthalmic model for unified cross-modal 

representation learning 
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The figure 2 consists of the two main encoders: Image Encoder and Text Encoder that process the 

visual and textual input respectively. Image Encoder uses a pre-trained ResNet-50 model to generate 

high-level visual features from retinal fundus images. These images are converted into visual feature 

vectors that capture disease-specific patterns associated with changes in retinal structures indicative of 

diabetic retinopathy or cataract. Simultaneously, the Text Encoder works with the textual input, i.e., 

disease labels and clinical descriptions such as Diabetic Retinopathy mild NPDR. These descriptions are 

embedded using the BERT Encoder and the resulting text embeddings are correlated with the visual 

features in a common latent space. The main innovation of the proposed model is contrastive learning 

in a shared latent space. The contrastive loss function ensures that positive pairs (image-text pairs that 

belong to the same disease) are pulled closer together, whereas negative pairs (image-text pairs that 

belong to different diseases) are pushed apart. This alignment enhances the comprehension and depiction 

of visual and textual information within a single space. Lastly, the Classification Head predicts the   

multi-class disease label using the aligned latent representations, which are either normal or Diabetic 

Retinopathy, Cataract, or Glaucoma. This enables image-only and image-text inference, making the 

model flexible and robust. 

The mathematical modeling of the foundation-level multi-modal ophthalmic model concerns the 

integration of the contrastive learning and multi-classification. The model combines textual and visual 

inputs to acquire a shared latent representation, facilitating effective disease classification. In this 

instance, describe the mathematical model of each major element of the proposed framework. 

For the image encoder 𝑓image(𝐈),  have the output feature vector: 

𝐳image = 𝑓image(𝐈)                                                                                                    (1) 

Where: 

• 𝐈 ∈ ℝ𝐻×𝑊×𝐶represents the fundus image, with height 𝐻, width 𝑊, and color channels 𝐶 in 

equation (1). 

• 𝐳image ∈ ℝ𝑑is the image feature vector in the 𝑑-dimensional latent space. 

For the text encoder 𝑓text(𝐓), we process the textual data to obtain the following embedding: 

𝐳text = 𝑓text(𝐓)                                                                                                              (2) 

Where: 

• 𝐓 ∈ ℝ𝐿represents the input text, with 𝐿being the length of the tokenized textual description in 

equation (2). 

• 𝐳text ∈ ℝ𝑑is the text feature vector in the shared latent space. 

The contrastive loss function ℒcontrastiveencourages the alignment of image-text pairs in the shared 

latent space: 

ℒcontrastive = ∑ [log (
exp (𝐳image

𝑖 ⋅ 𝐳text
𝑖 /𝜏)

∑ exp (
𝑁

𝑗=1
𝐳image

𝑖 ⋅ 𝐳text
𝑗

/𝜏)
)]                              (3)

𝑁

𝑖=1

 

Where: 

• 𝑁is the number of image-text pairs in the batch. 

• 𝐳image
𝑖 and 𝐳text

𝑖 are the image and text embeddings for the 𝑖-th pair. 
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• 𝜏is the temperature hyperparameter in equation (3). 

The final classification is achieved by the classification head, which takes the unified image-text 

feature vector and outputs the class probabilities: 

𝑦̂ = softmax(ℎ(𝐳shared))                                                                                     (4) 

Where: 

• 𝐳shared = 𝐳image + 𝐳textrepresents the combined image-text feature vector. 

• 𝑦̂ ∈ ℝ4 are the predicted class probabilities for the four diseases: Normal, Diabetic Retinopathy, 

Cataract, and Glaucoma in equation (4). 

The categorical cross-entropy loss function for classification: 

ℒclassification = − ∑ 𝐲𝑖

𝑁

𝑖=1

log(𝑦̂𝑖)                                                                      (5) 

Where: 

• 𝐲𝑖is the one-hot encoded true label for the 𝑖-th sample. 

• 𝑦̂𝑖is the predicted probability for the correct class in equation (5). 

The total loss function ℒtotalis a weighted sum of the contrastive loss and the classification loss: 

ℒtotal = 𝜆1ℒcontrastive + 𝜆2ℒclassification                                                         (6) 

Where: 

• 𝜆1and 𝜆2are hyperparameters that control the contribution of each loss component in          

equation (6). 

4 Experimental Setup and Result Discussion 

4.1 Dataset Description 

The experiments were run on the retinal fundus image dataset of Eye Diseases Classification that is 

publicly available on Kaggle (https://www.kaggle.com/datasets/gunavenkatdoddi/eye-diseases-

classification). This data set consists of color fundus images which are categorized into 4 types of 

diseases, which include: Normal, Diabetic Retinopathy, Cataract, and Glaucoma. The numbers of images 

are about 1,000 in each of the classes which gives a balanced dataset of approximately 4,217 images 

overall. The data show that representative samples of each class type are highly diverse in retinal 

structures, illumination, and disease presentation, making this data an appropriate benchmark dataset for 

classifier evaluation. Figure 3 sample images of dataset. 

Various preprocessing steps were also done to enhance model generalization and robustness as well 

as to enhance training. The retina fundus images were all scaled to the uniform resolution of 160 x 160 

pixels to match the vision encoder input requirements. The pixel intensities were scaled to the range      

[0, 1] and standardized with the mean and standard deviation on the dataset level. In order to increase 

the intra-class diversity and avoid overfitting, random horizontal/vertical flips, random rotations (±15), 

random brightness/contrast manipulations, and slight random zoom shifts were used. The training set 

only was augmented and not validation/test splits. 
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Figure 3: Sampe image dataset and data augmentation output 

4.2 Training and Validation Protocol 

The dataset was split into training, validation, and test sets using an 80/10/10 ratio: 

• Training Set: 3,373 images 

• Validation Set: 422 images 

• Test Set: 422 images 

The Adam optimizer was used to perform training with the initial learning rate of 1e 4 and the batch 

size of 16. Validation loss was used to early-stop, preventing overfitting, and the learning rate was 

decreased via learning rate scheduling as the validation loss stopped decreasing. 

4.3 Metric Evaluation 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                                                                       (7) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                                                             (8) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                                    (9) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                      (10) 

From the above equation (7), (8), (9) and (10) describes that to evaluate the various metric analysis 

used for the proposed model. 

Table 2: Performance evaluation of the proposed multi-modal ophthalmic model  

Metric Value 

Accuracy 95.00% 

Precision 95.83% 

Recall 95.00% 

F1 Score 94.95% 

Sensitivity 95.00% 

Specificity 98.33% 

Normal Diabetic Retinopathy Cataract 

Horizontal Flip Rotation Brightness Adjustment 
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The results of the performance evaluation in table 2 depict the high level of efficacy and strength of 

the suggested model in all key metrics of classifications. The model had an accuracy of 95.00 which is 

well reflected by a balanced Precision (95.83%), Recall (95.00%), and F1 Score (94.95), therefore, it is 

evident that the system does not favor either a false positive or false negative. In addition, the high 

sensitivity of 95.00% proves the model to be effective in detecting the positive cases correctly and the 

high specificity of 98.33% indicates the high quality of this model in eliminating the negative cases. 

Taken together, these findings indicate that the model is very accurate and suitable to real-life uses 

whereby high detection frequencies are deemed essential besides low false-alarm rates. 

 

Figure 4: Performance comparison of the proposed multi-modal ophthalmic model 

Figure 4 represents a graphical view of the performance attributes to the Multi-Modal Ophthalmic 

Model. The bar chart shows that the consistency is high among the key evaluation parameters whereby, 

accuracy, precision, recall, and sensitivity are all above the 95% threshold. It is worth noting that the 

model has a very high specificity of 98.33, which means it is very accurate in distinguishing or negative 

cases in ophthalmic data. The high specificity and the sensitivity of 95.00% indicates that the               

multi-modal methodology is effective in reducing diagnostic errors. These metrics are consistent 

throughout the board, indicating the strength of the built-in data processing framework, and it will be a 

suitable candidate to implement automated clinical screening. 

Table 3: Ablation study results for the proposed multi-modal ophthalmic model 

Configuration Accuracy F1-Score 

Image Only 70.00% 69.85% 

Text Only 75.00% 66.67% 

No Contrastive 75.00% 75.11% 

Full Model 95.00% 94.95% 

The findings of the ablation study as presented in table 3 reveal the vital role of every element in the 

overall system performance. In work with single modalities Image Only and Text Only the model 

performance was closely restricted with the accuracy of 70.00 and 75.00 correspondingly. This 

highlights the fact that no single visual or textual data can be used to make the complicated diagnosis of 
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ophthalmic. Moreover, the non-contrastive condition, where cross-modal alignment is disregarded, 

results in a low accuracy of 75.00, which indicates that an unrelated combination of data without         

cross-modal alignment goal cannot show the complex set of relationships between images and clinical 

notes. Conversely, the Full Model demonstrates a significant performance improvement at 95.00% 

accuracy and 94.95% F1 Score, justifying the fact that the synergistic combination of multi-modal input 

and contrastive alignment is critical to high-fidelity diagnostic output. 

 

Figure 5: Ablation study comparison of multi-modal ophthalmic model 

The results of the ablation study have been visually compared in figure 5 and the performance 

difference between the restricted configurations and the complete architecture is shown. The horizontal 

bar chart gives a clear picture of the immense improvement made by the Full Model (in gold) over the 

variants that have been made as the baseline. Although the Image Only and Text Only bars exhibit a 

baseline level of performance at the 70-75% range of performance, the No Contrastive version only 

displays a slight increase in performance as compared to the single-modality text model of performance. 

This visualization indicates that combining both modalities which in this case is using the contrastive 

alignment layer is what contributes the most to the higher predictive power of the model. The extreme 

difference in bar lengths in Full Model and ablated versions is a visual testimony of the need to have 

multi-modal fusion in ophthalmic diagnostics. 

Table 4: Comparative analysis of MM-Ophtha against state-of-the-art models 

Model Accuracy (%) Sensitivity (%) Specificity (%) F1-Score 

ViT 94.5 92 89 93 

VGG16 88.7 85 87 88 

ResNet-50 90.1 89 85 89 

InceptionV3 91.2 90 88 91 

MM-Ophtha 95 95 98 95 

A comparative performance analysis of the proposed MM-Ophtha model and some of the                       

state-of-the-art architectures such as Vision Transformer (ViT), VGG16, ResNet-50, and InceptionV3 is 
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presented in table 4. These findings suggest that the MM Ophtha is superior to all the baseline models 

in all metrics considered. Although the Vision Transformer (ViT) demonstrates a competitive result in 

the form of 94.5% accuracy and 93% F1-Score, the best result is achieved by the proposed model,         

MM-Ophtha that is characterized by the highest scores in Accuracy (95%), Sensitivity (95%), Specificity 

(98%), and F1-Score (95%). It is interesting to note that the specificity margin (98% MM Ophtha to 85 

89% baselines) is significantly larger, indicating that the proposed multi-modal design is much more 

effective at eliminating false positives than single-modality or conventional computer vision designs. 

The results confirm that MM Ophtha model offers a more appropriate and clinically reliable model of 

ophthalmic diagnosis compared to the current standard deep learning models in ophthalmic diagnosis 

(Gandhi et al., 2026). 

 

Figure 6: Performance comparison of proposed and existing models 

Figure 6 presents an overall visual comparison of the MM-Ophtha model against the known deep 

learning architectures in four performance dimensions related to Accuracy, Sensitivity, Specificity, and 

F1-Score. The grouped bar chart shows that the proposed MM-Ophtha model (the dark gold bars) is able 

to obtain consistently high results as opposed to ViT, VGG16, ResNet-50, and InceptionV3. Specificity 

performance is the most significant difference with the performance of the highest level (MM-Ophtha) 

being almost 98, which is much higher than the range of existing models (between 85 and 89). Further, 

where the Vision Transformer (ViT) demonstrates comparatively good results on the Accuracy and       

F1-Score, it continues to score lower than the offered model on Sensitivity. This graphic demonstration 

proves that the multi-modal integration used in MM-Ophtha leads to a more balanced and higher 

performing diagnostic tool in all the important metrics than the conventional vision-only architectures. 

5 Conclusion  

This paper has built and tested a multi-modal eye model at the foundation level and managed to learn 

unified cross-modal representations to classify eye diseases automatically. The model, which was trained 
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using publicly available Kaggle fundus imaging dataset, was highly accurate and balanced in multi-class 

disease prediction and it outperformed or was as accurate as current state-of-the-art baselines. The 

findings of this study indicate the success of combining both textual and image modalities by sharing a 

common latent space, which enhances high disease discrimination especially in difficult cases such as 

cataract and glaucoma. After evaluating the metric analysis, the proposed model should have the 

accuracy as 95.00%, Precision as 95.83%, Recall as 95.00%, F1 score as 94.95%, Sensitivity as 95.00%, 

and Specificity as 98.33%. This framework provides a good basis of developing scalable, real-world 

ophthalmic AI systems and is easily generalized to other imaging modalities, and other clinical data. 

Future research might explore hybrid multimodal methods, that is the integration of visual and                  

non-visual data, and compare the model to the new AI technologies. Its practical use in a clinical context 

will be useful in testing its scalability and efficiency on a large scale. The suggested solution is consistent 

with the current developments of multimodal foundation models in ophthalmology, which is opening 

the path to more powerful, interpretable, and clinically useful AI solutions to the problem. 
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