
Journal of Artificial Intelligence, Machine Learning and Neural Network 

Vol: 05, No. 01, Jan-June 2025 

ISSN: 2799-1172, DOI: 10.55529/jaimlnn.51.114.121                                                                                     114 

 

 

 

Journal homepage: https://journal.hmjournals.com/index.php/JAIMLNN 

 
 

Medvlmoe: sparse mixture of experts vision language model 

for multi-pathology medical image diagnosis 

 

Dr. Inam Ullah Khan*  
*Postdoctoral Research Fellow (PhD in Electronic Engineering), Cyberjaya, Malaysia. 

 

Article Info  ABSTRACT 

 

Article History: 

Received: 01 January 2025 

Revised: 10 March 2025 

Accepted: 18 March 2025 

Published: 05 May 2025 

 

  

Existing Vision Language Models use a single shared 

representation space where the visually complex signatures of 

various disease classes cannot be captured. Existing Vision 

Language Models have a single shared representation space, and 

are unable to represent the visually complex signatures of 

different disease classes. To address the above challenges, this 

paper introduces MedVLMoE, a sparse Mixture of Experts (MoE) 

Vision Language Model to route fused image-text representations 

to disease experts' networks. It is a dual-stream encoder 

consisting of ViT-L/14 for radiological image feature and BioGPT 

for clinical text, with modality-specific position encodings to 

encode the position, and learn a cross-modal fusion attention 

module that connects the two streams. The sparse MoE module 

(K=8 experts, Top-2 routing) allows to specialize on diseases 

without the need of explicit supervision by experts, which is 

enforced by a load-balancing auxiliary loss. Experiments are 

shown to outperform the best baseline (CLIP-Med) by 3.7–6.3% 

in terms of the AUC-ROC metric on five medical imaging 

benchmarks (ChestX-ray14, CheXpert, MIMIC-CXR, PathMNIST, 

RetinaMNIST). The activation analysis was used by experts to 

interpretively explain the behaviour of the MoE modules in 

clinical AI systems, and emergent disease-specific routing 

specialization was identified. 
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1. INTRODUCTION 
 

In this regard the combination of medical imaging and clinical text has become a key area of clinical 

AI development, as multimodal diagnostic systems outperform unimodal systems in various clinical tasks 

[1], [2], [3] and paired clinical text and radiological image-report datasets become increasingly available. A 

radiologist routinely integrates visual data from computed tomography (CT), chest X-rays, and a structured 

clinical note, previous exam data, and patient history to make a diagnosis. To replicate this multimodal 

reasoning in computational systems, architectures need to be able to synchronize the heterogeneous 

modalities in vastly different representation spaces [2]. 

Recent work such as CLIP [4] and its biomedical extensions ConVIRT [5] and BioViL [6] has shown 

that embedding’s for images and texts can be learned jointly in a single task using large-scale vision-

language pre-training, which can be used to provide good initializations for downstream tasks such as 

diagnosis. However, these models have a single common representation space for all types of pathologies, 

which does not reflect the highly heterogeneous visual signatures of each disease category: pneumothorax 

is manifested as hyperlucency, cardiomegaly as enlargement of cardiac silhouette while pulmonary 

effusion is blunting of cost phrenic angles, which involve different visual processing circuits. 

One way to fix this is to use Mixture of Experts (MoE) architectures, where inputs are sent to 

specialized sub-networks and each one learns a specific processing pathway for a certain type of input, 

without having to scale up inference costs. Although highly successful in LLMs, the efficacy of MoE-based 

multimodal medical AI has been limited, and MoE-based multimodal fusion mechanisms have not been 

studied extensively. 

In this paper, a novel MedVLMoE (Vision Language Model with a sparse Mixture of Experts 

module) is proposed for medical image diagnosis, specifically for multi-pathology diagnosis. We are most 

proud of our: 

1. A dual-stream encoder design using ViT-L/14 for image features of radiological images and BioGPT for 

clinical text, linked by a learned dual-modality fusion attention module with learned modality-specific 

positional encodings. 

2. Sparse MoE routing module that consists of 8 expert feed-forward networks, and a learnable gating 

function that sends fused multimodal representations to experts specialized in diseases, trained 

without supervision. 

3. State-of-the-art AUC-ROC on five medical imaging benchmarks (ChestX-ray14, CheXpert, MIMIC-CXR, 

PathMNIST, RetinaMNIST) with improvements of 3.7-6.2% compared to the top baseline method. 

4. Interpretability analysis using expert activation heatmaps showing emergence of specialization within 

the MoE routing structure for disease. 

 

2. RELATED WORK 
 

2.1 Medical Vision-Language Pre-Training 

ConVIRT [5] was the first to introduce contrastive image-text pre-training for image-report pairs 

in the field of radiology. BioViL [6] added a phrase-grounded local-global alignment objective to this. 

GLoRIA [7] proposed to use region-level attention to fine-grained anatomical alignment. CheXzero [8] 

showed that zero-shot diagnostics is possible by using algorithms that will align the text of the radiology 

report with the image without fine-tuning for the specific task. Through medical knowledge graphs, 

MedCLIP [9] successfully de-coupled the image-text pair, which facilitates the use of data. These 

developments, however, have been based on a single representation space and have thus far failed to 

capture the fact that there are many classes of pathology that are visually heterogeneous. 

 

2.2 Mixture of Experts Architectures 

[10] Developed sparsely-gated MoE layers to allow the capacity of the models to scale without a 

proportional increase in computation. Switch Transformer [11] reduced MoE routing to an efficient top-1 

expert selection for efficient large-scale training. It was shown by GLaM [12] that MoE language models 
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outperform dense models when they have the same inference cost. In vision, V-MoE [13] have introduced 

MoE routing to Vision Transformers, which outperforms the state-of-the-art on ImageNet with 40% fewer 

FLOPs at inference. To the best of our knowledge, MedVLMoE is the first architecture to fuse cross-modal 

medical vision-language (ViL) along with MoE sparse routing. 

 

2.3 Multimodal Medical AI 

Few shot medical image classification has been attempted by utilizing MAML-based Meta learning 

approaches [14] and prototypical networks. The study revealed that BiomedGPT achieves superior cross-

task transfer by leveraging its biomedical knowledge gained through GPT-pretraining over a wide range of 

biomedical tasks. In clinical NLP, clinical NLP tasks can be provided with strong initializations of text 

encoders such as ClinicalBERT [15] and PubMedBERT [16]. We extend these by using the best of the state-

of-the-art domain-specific encoders and a MoE fusion architecture specifically designed for diagnostic 

prediction [17]. 

 

3. METHODOLOGY 
 

3.1 Problem Formulation 

Suppose that D = {(I_i, T_i, y_i)}_{i=1}^N is a medical dataset of image-report pairs and ground-

truth diagnostic labels y_i are binary vectors in {0,1}^C for C classes of pathologies. We would like to find 

the best multimodal classifier f: (I, T) -> [0,1]^C which maximizes the AUC-ROC on all C classes 

simultaneously and use visual and textual evidence. 

 

3.2 Dual-Stream Encoder 

We use the vision encoder, which is a pre-trained model ViT-L/14 trained with contrastive 

learning on medical images, and extract feature representations of patches, V = {v_cls, v_1, ..., v_{N_p}} from 

the image in R^{d_v}. BioGPT [18] pre-trained on the PubMed literature literature gives text embeddings T 

= {t_cls, t_1, ..., t_{N_w}} where t_cls is the embedding of the text and t_i are the embedding of the word i. 

Linear projections W_v and W_t are both projected to the same space of d=512 dimensions: 

z_v = W_v * V_cls + pos_v,     z_t = W_t * T_cls + pos_t 

 

3.3 Cross-Modal Fusion Attention 

We leverage cross-attention mechanism in both directions between image patch and text word 

tokens: 

F_v = softmax( (z_v * W_Q) * (z_t * W_K)^T / sqrt(d) ) * (z_t * W_V) 

F_t = softmax( (z_t * W_Q) * (z_v * W_K)^T / sqrt(d) ) * (z_v * W_V) 

The fused representation F = concat [F_v, F_t] in R^{2d} captures information of cross modal 

alignments between the visual regions and clinical descriptors. The contribution of each modality is 

dynamically weighted by a gating mechanism G (F) that is modeled by a sigmoid function of the input 

quality and clinical relevance, W_g F. 

 

3.4 Sparse Mixture of Experts Module 

The MoE layer is made up of K=8 expert feed-forward networks {E_k}_{k=1}^K, where each of 

these is a 2d-layer MLP. One learnable router network R(F) = softmax(W_r  F) learns K-dimensional routing 

probabilities. We use Top-2 sparse routing: for each input, we just take the top 2 experts, and route the 

output using normalized routing weights: 

𝑀𝑜𝐸(𝐹)  =  𝑆𝑈𝑀_{𝑘 𝑖𝑛 𝑇𝑜𝑝2(𝑅(𝐹))}  𝑅_𝑘(𝐹) / 𝑍  ∗   𝐸_𝑘(𝐹) 

This is because SUM_{k in Top2} R_k(F) = Z, the normalization constant. The load balancing is done 

by an auxiliary loss L_bal = alpha SUM_k (f_k  p_k) with alpha = 0.01. 
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3.5 Architecture Overview 

MedVLMoE is a dual-stream encoder with the cross-modal fusion attention module and a sparse 

Mixture of Experts routing layer, which are combined as a single end-to-end diagnostic system as illustrated 

in Figure 1. The image encoder (ViT-L/14) and text encoder (BioGPT) are used to generate modality-

specific representations, which are then combined with each other using bidirectional cross-attention. This 

fused representation is then sent to the sparsely connected MoE and the output of a selected expert is added 

up and sent to the multi-label diagnosis classifier for a specific task. 

 

 
Figure 1. MedVLMoE Architecture with Cross-Modal Fusion and Sparse Expert Routing 

 

4. RESULTS AND DISCUSSION 
 

The datasets used were: ChestX-ray14 [19] containing 112,120 frontal-view chest X-rays with 14 

labels; CheXpert [20] consisting of 224,316 chest radiographs and 14 findings; MIMIC-CXR [21] containing 

227,835 chest radiographs with paired reports; PathMNIST [22] containing 89,996 pathology images with 

9 tissue types; and RetinaMNIST [22] containing 1600 retinal fundus images with 5 levels of grading. The 

standard splits from each benchmark are used. 

Applied the following optimiser: AdamW (3e-5 lr for encoders, 1e-4 lr for MoE/classifier, weight 

decay=0.1).Optimiser applied: AdamW (encoder lr=3e-5, MoE/classifier lr=1e-4, weight decay=0.1) - 100 

epochs, warmup 10 epochs, batch size 32. Classifier averages were randomly initialized and domain-

specific pre-trained weights were used for the encoders. Training using mixed precision (FP16) and an 8x 

NVIDIA A100 80 GB GPUs. Stopping at the first epoch in which the validation AUC-ROC decreases for 15 

epochs (patience=15). All metrics reported are mean AUC-ROC (95% CI) over 3 seeds. 

 

4.1 Benchmark Performance 

Results of all five benchmarks are summarized in Table 1. MedVLMoE outperforms state-of-the-

art on all datasets, and performs the best (+5.8% over CLIP-Med) on PathMNIST and (+6.3% over CLIP-

Med) on RetinaMNIST. The gains of radiology benchmarks (+5.7–6.2%) are more moderate, which is 

consistent with the better initialization in the domain-specific task of radiology results achieved by CLIP-

Med's contrastive pre-training on chest X-ray data. 

 

Table 1. Diagnostic AUC-ROC (%) on Five Medical Imaging Benchmarks 

Model ChestX-ray14 CheXpert MIMIC-CXR PathMNIST RetinaMNIST 

ConVIRT 81.3±0.6 83.9±0.7 80.1±0.8 85.4±0.9 83.2±0.7 

BioViL 83.7±0.5 85.4±0.6 82.5±0.7 87.1±0.7 84.9±0.6 

GLoRIA 82.5±0.6 84.7±0.7 81.8±0.8 86.3±0.8 83.8±0.7 

CLIP-Med 83.1±0.5 85.6±0.6 82.4±0.7 88.3±0.6 86.5±0.5 

BioBERT-VQA 79.8±0.7 81.2±0.8 78.9±0.9 84.6±0.8 82.1±0.7 

MedVLMoE (Ours) 89.3±0.4 91.2±0.3 88.7±0.5 94.1±0.3 92.8±0.4 
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4.2 Expert Specialization Analysis 

The results were compared to all five datasets for MedVLMoE with all baselines as shown in Figure 

2. It holds true that the performance gain is across imaging modalities (X-ray, Pathology, and Retinal 

Fundus) and the MoE design gives a domain-agnostic gain beyond modality specific engineering. 

 

 
Figure 2. MedVLMoE Performance Comparison across Five Medical Imaging Benchmarks 

 

Expert activation heat map Figure 3 shows that diagonally the experts in each disease category are 

mainly activated with a routing rate of more than 35%. This emergent specialization is without explicit 

supervision from experts on the diseases, and shows that the MoE router can learn disease-discriminative 

routing policies directly from the diagnostic supervision signal. 

 

 
Figure 3. MoE Router Expert Activation Heatmap across Disease Categories 

 

4.3 Ablation Study 

Table 2 separates out contributions of each MedVLMoE component. The AUC-ROC from removing 

the MoE module (replacing it with just a single FFN) is 3.2 points less, which highlights the added value of 

having experts specialized in each separate module. When removing the cross-modal fusion, it results in a 

4.6-point loss, showing that the visual-textual alignment is crucial not only from a mere feature 

concatenation perspective. Then there is the simple one-modality use of vision only baseline which loses 

7.8 points, accounting for the clinical information from the text encoder. 
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Table 2. Ablation Study on Chestx-Ray14 (AUC-ROC %) 

Model Variant AUC-ROC (%) Delta vs. Full 

MedVLMoE (Full) 89.3 ± 0.4 — 

w/o MoE (single FFN) 86.1 ± 0.5 −3.2 

w/o Cross-Modal Fusion 84.7 ± 0.6 −4.6 

w/o BioGPT (text encoder) 83.2 ± 0.6 −6.1 

Vision-Only (ViT-L/14) 81.5 ± 0.7 −7.8 

 

5. CONCLUSION 
 

A unified diagnostic architecture for dual-stream domain-specific encoders, cross-modal fusion 

attention and sparse Mixture of Experts routing to advance multimodal medical AI. Excellent performance 

on five heterogeneous benchmarks, plus convincing experts’ specialisation patterns, make MedVLMoE a 

good base for clinical decision support. Future work will consider dynamic selection of the number of 

experts, cross-institution federated training of MoE modules, and expand to 3D volumetric imaging 

modalities such as CT and MRI. 
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