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A common visual interface for multimodal medical AI

Two complementary supervision signals

01  Slice Differential Regularization (SliDR): 
anatomical continuity
Voxel accuracy can miss inter-slice structure. Match first- and second-
order differences to preserve transitions and curvature.

02  Multi-Expert Representation Alignment (MERA): 
clinical semantics
Use the expert assigned to each modality. Align in shared space and 
back in expert space to retain complementary knowledge.

Ablations: what drives the gains?

Broad utility with a frozen tokenizer

Low- and high-level representation utility

2D reconstruction: 9 modalities; classification / retrieval / segmentation: 9 / 9 / 8 benchmarks.

Generation, reasoning and reporting
Synthesis VQA 3D reports

Means over 7 modalities / 6 VQA benchmarks / 3 CT regions.

Qualitative results
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• Medical AI needs to connect evidence of a person across examinations. 
• However, separate tokenizers for different modalities and dimensions fragment visual representations, forcing 

downstream models to relearn how to adapt them.
• MedVTok maps multimodal 2D images and 3D volumes into one reusable token space. It preserves anatomical 

detail and continuity alongside clinical semantics, supporting both precise spatial tasks and clinical understanding.
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