MedVTok: A General-Purpose Medical Visual Tokenizer
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A common visual interface for multimodal medical Al Broad utility with a frozen tokenizer
» Medical Al needs to connect evidence of a person across examinations. Low- and high-level representation utility
« However, separate tokenizers for different modalities and dimensions fragment visual representations, forcing
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 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. MedVAE 27 95 51 32 51 30 38 .86
PUMIT 27.78 52.41 52.53 53.63
Tokens h; Reconstruction Z; / AToken 38.22 67.50 69.12 73.03
MedVTok g MedV/Tok % | ~ 4 = MedITok 32.91 73.55 74.43 71.99
Encoder J\ Decoder Unpatchify .
H e g —— TASKS ‘ BiomedCLIP — 69.45 70.52 64.63
E (O | D |O
| MedSigLIP — 74.12 75.38 74.62
@ Medlmagelnsight - 76.21 77.34 64.38
L hared L expert m MedVTok 40.18 80.23 79.18 76.07
N A e R n ' Expert = N s
o El e /' T Space 1 €1 < o= 4 . i — Not applicable to medical encoders.
3 / Expert . Segmentation Retrieval
""’ """" Paf-—> & //'m- Space2 €2 %7 T2 =g Dice (%) 1 Recall@1 (%) 1
: : : €; Expert | = : ) 2D reconstruction: 9 modalities; classification / retrieval / segmentation: 9/ 9 / 8 benchmarks.
—)_’@ ol — Shared Space Space m(i) €1 € Ti < |dm() J
MERA Expert Panel Shared-Space Contrastive Alignment Expert-Space Complementary Alignment Generation, reasoning and re porting
01 Slice Differential Regularization (SIiDR): 02 Multi-Expert Representation Alignment (MERA): Synthesis VQA 3D reports
anatomical continuity clinical semantics PUMIT 997 51 41.94 0.250
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