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INTRODUCTION Method: Anatomy-Aware Representation Learning Experiments and results
 Medical ultrasound (US) is widely used medical imaging modality, due to its non- Anatomy-aware Vision Transformer (A-ViT) We have evaluated downstream performance in major medical US applications including breast
ionizing, cost-effective, and real-time nature. - We propose A-ViT, designed to provide anatomy-adaptive SSL for US images by cancer, thyroid cancer, gallbladder tumor, cardiac view classification, and COVID-19.
 Medical ultrasound exhibits limited image quality and hlgh Variability, Ieading incorporating anatomical context using anatomy_conditioned deformable transformer. Table. Quantitative assessment of breast cancer classification. Comparative StUdy: A-ViT
to strong operator dependence and motivating the development of computer- - Anatomy-conditioned deformable transformer (ACDT). ACDT models anatomy- Method Linear Probing Finetuning consistently outperforms SoTA
assisted diagnostic systems for improved diagnosis. dependent spatial feature distributions by conditioning deformable convolution on e TR m e e e SSL baselines in both linear
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« Self-supervised learning for medical ultrasound remains relatively underexplored, anatomical context, enabling adaptive receptive fields across different organs. VAR e ORIIO75.0%) 05 000 809 08080.09 07636 0878 probing and fine-tuning,
highlighting the need for ultrasound-specific representation learning that . The ACDT features are integrated into transformer attention, providing anatomically BoT 8150 0900086095  o7em oo sser  osssossoss oswr  ooe  demonstrating effective
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Developing a robust US foundation representation learning framework that - [ EER I e ;UL Gmemt REOD bemeenw a3 S v objectives that enhance both
generalizes across diverse anatomical domains, captures organ-specific - B 3 S e Faise local and global feature learning.
characteristics through anatomy-aware representations | ema | Lo _ _ _ _
) Extended evaluation of medical ultrasound image analysis
Teacher Encoder - Zt Experimental results demonstrate the effectiveness of ARL over SoTA baselines in major
Medical ultrasound iImage T medical US applications, achieving significant improvements in accuracy and AUROC.
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« Medical ultrasound exhibits distinct feature from natural image (NI) Figure. Overall configuration of the proposed ViT Table. Quantitative assessments on diverse down-stream applications
Learning Objective Method Cardiac Seg.  Cardiac view Cls. Thyroid cancer Cls. COVID-19 Cls. Gallbladder Tumor Cls.
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Qualitative assessment: Feature PCA and t-SNE Analysis
Method: Large-scale medical ultrasound dataset formation Qualitative assessment demonstrates that A-ViT learns more discriminative and Conclusions Contact Info.

anatomically faithful representations, leading to improved performance across diverse
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» In this paper, we introduce a large-scale US dataset comprising 5.2 million images, " " * By incorporating the A-ViT and leveraging a newly configured Presenter:
covering 16 anatomical categories and diverse imaging conditions. (@) Lung Anatormy (b Breast Anatomy (¢) T-SNE Analysis large-scale US dataset, A-ViT enables generalizable feature Seokhwan Oh
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