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Background and Impact
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Natural Language Processing

Biology and MedicineRobotics

Computer Vision



Bigger Data, Larger Model
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Dramatic data growth is demanding large AI models for analysis!



HKUST SuperPOD
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ÇHKUST SuperPOD: State-of-the-art AI Supercomputing Facility

Number of H800 GPUs 1000+

Total CPU Cores 6,160

Total GPU Accelerator Cores 8,110,080

Total Memory 110 TB

Node Interconnect Bandwidth 400 Gb/s InfiniBand Connections Per Node

Storage
500 TB DDN AI400X2 Storage System

2.7 PB  Dell Power Scale Storage System

Floating Point Performance
Tensor Float 32 ς448PFLOPS

Floating Point 32 ς30 PFLOPS

Supercomputing speeds up large AI model development!



Radiology DentistryOphthalmology PathologyEndoscopy Genomics
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Smart Lab: Large and Trustworthy AI for Healthcare
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Scalable and SustainableDeployment 

Å Compress large models without compromising  performance. 
Å Hardware-software co-design.
Å Sustainably deploy models under low computing resources.

Å One multimodal large language model for versatile 
modalities and tasks.

Å Different vertical foundation models.

Multimodal Foundation Model

Explainable AI (XAI) 

Å Human-understandableexplanations for decision-making.
Å Enhance the trust and confidence of users.

Large and 

Trustworthy AI 

for Healthcare
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Large AI Models for Advancing Healthcare

MRI Foundation Model
Ὥ

Pathology Foundation Model
CT Foundation Model

CT 

Multimodal Generalist Foundation Model

Disease 
Diagnosis Quantitative 

Evaluation
ע ה

Disease 
Prognosis

Augmented
Procedures

Grounded
Radiology Reports
ᴁ

Bedside 
Decision Support



MRI Foundation Model

Barba, et al.  Breast Cancer, Screening and Diagnostic Tools: All You Need To Know. Critical Reviews in Oncology/Hematology, 2021.

Mortality in women

Magnetic Resonance Imaging (MRI) is with the 
highest sensitivity for detecting breast cancer.

BreastcancerranksNo. 1 regardingcancerincidenceworldwide
andis leadingcauseof cancer-relateddeaths in women.

Goal: Developing an AI model for diagnosing breast multi-parametricMRI (mpMRI) to 
potentiallyǊŜŘǳŎŜ ƛƴǾŀǎƛǾŜ ōƛƻǇǎȅ ŀƴŘ ǇŜǊǎƻƴŀƭƛȊŜ ǇŀǘƛŜƴǘΩǎ ǘǊŜŀǘƳŜƴǘΦ

Incidence in both sexes
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DCE T2WI

T1WIDWI



MRIFoundation Model
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Luo, et al. A Large Model for Non-invasive and Personalized Management of Breast Cancer from Multiparametric MRI. Nature Communications 2025.

Non-invasive diagnosis and personalized patient management

ÇLarge Mixture-of-Modality-Experts (MOME) Model on Multiparametric MRI

CLS Token
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T2 tokensDWI tokensDCE tokens
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Soft Modality Expert 

Learning

Soft-MOME

Pretrained
Parameters

Sparse Modality Expert 
Learning

Pretrained
Parameters

Expert 1
Expert 2
Expert 3

Concatenation

a

DS2 DS3DS1

Å Largest Chinese breast mpMRIdataset (50K+ patients)
Å First adaptationof a large foundation model with 

a mixture-of-modality-experts

LuyangLuo



MRIFoundation Model
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Achieve radiologist-level accuracy in malignancy detection

ÇComparison to radiologists
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Luo, et al. A Large Model for Non-invasive and Personalized Management of Breast Cancer from Multiparametric MRI. Nature Communications 2025.



CT Foundation Model

Wu, et al. Large-Scale 3D Medical Image Pre-training with Geometric Context Priors. arXivpreprint, 2024
Wu, et al. VoCo: A Simple-yet-Effective Volume Contrastive Learning Framework for 3D Medical Image Analysis. CVPR 2024

Goal: Developing a foundation model for 3D medical image analysis.
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ü The scarcity of annotations poses a significant challenge in 3D medical image analysis

Ç We collect 160KComputed Tomography (CT) volumes for large-scale 3D medical image pre-training, alleviating 
the scarcity of annotations and significantly improving the performances across 51downstream tasks.

LinshanWu



CT Foundation Model
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Leveraging Geometric Context Priors for Contrastive Learning

Ç Motivation: We observe that in 3D medical images, geometric 
relations between different organsare relatively consistent. 

Ç Method: Leveraging the consistent geometric context, we generate 
positive and negative pairs of organs for contrastive learning

Generate positive 

and negative pairs

Contrastive Learning

Wu, et al. Large-Scale 3D Medical Image Pre-training with Geometric Context Priors. arXivpreprint, 2024
Wu, et al. VoCo: A Simple-yet-Effective Volume Contrastive Learning Framework for 3D Medical Image Analysis. CVPR 2024



CT Foundation Model
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Significant improvements on 50+ downstream tasks

Ç Extensive experiments on 50+ downstream tasks across segmentation, classification, registration, and vision-language demonstrated 
the effectiveness of large-scale pre-training.

Significant improvements 

across different tasks

Faster Finetuning Convergence

Wu, et al. Large-Scale 3D Medical Image Pre-training with Geometric Context Priors. arXivpreprint, 2024
Wu, et al. VoCo: A Simple-yet-Effective Volume Contrastive Learning Framework for 3D Medical Image Analysis. CVPR 2024



Vision-Language Model for Report Generation

12Jin et al. PromptMRG: Diagnosis-Driven Prompts for Medical Report Generation. AAAI2023.
Chen et al. Large Language Model with Region-guided Referring and Grounding for CT Report Generation. IEEE TMI2025.

ÇDiagnosis-driven Prompts for Report Generation

Å Diagnosis-driven prompts for medical report generation 
with cross-modal feature enhancement and self-adaptive 
disease-balanced learning.

The proposed PromptMRGcovers most key descriptions

ÇLarge Language Model-driven CT Report Generation

Å AdaptLLaMA2-7B for Fine-grained CT report generation 
via the region-guided referring and grounding.



Pathology Foundation Model
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All in One?



Pathology Foundation Model
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Xu, et al. A Multimodal Knowledge-enhanced Whole-slide Pathology Foundation Model. arXiv, 2024.

ÇmSTAR: The First Multimodal Knowledge-enhanced Whole-slide Pathology Foundation Model
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Yingxue Xu Yihui Wang Fengtao Zhou



Pathology Foundation Model
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ÇDataset Construction

The largest multimodal pretraining dataset

10,275patients, 32major cancer types

over 116 million pathology images 

The largest spectrum of downstream tasks

97diverse diagnostic and prognostic tasks

4 evaluation strategies

Xu, et al. A Multimodal Knowledge-enhanced Whole-slide Pathology Foundation Model. arXiv, 2024.


