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1. Motivation 2. Our Solution
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* Prototype: Class centroid in the learned embedding space.
* Unseen detection: By measuring divergence from prototypes.
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3. Protocol 4. Results
Table 1: Performance Comparison. MedOpenSeg outperforms other methods in known segmentation accuracy (Dice) and
Datasets unseen class detection (AUROC). Best results in bold and percentage improvements compared to the best baseline.
BTCV AMOS BTCV MSD-Pancreas
Train on 13 organs. Method
Unseen: Pancreas, adrenals. Known 1 Unseen 1 Known 7 Unseen 1 Known 1 Unseen 1
S — MedOpenSeg (Ours) 90.11 A 2% 79.20 A 13% 88.18 A 2% 68.13 A 3% 88.96 A 8% 75.80 A 8%
MSD-Pancreas SwinUNETR (CW) 87.00 62.70 86.68 63.50 81.67 58.36
Train on Pancreas SwinUNETR (OW) 81.45 39.82 80.39 34.53 77.40 12.36
Un seen: Pancreatic Tumor. . |
CLIP-Universal (OW) 88.51 52.70 8517 42.70 82.43 49.60
S MedSAM 67.81 70.24 64.40 66.34 58.86 70.45
AM.OS . SAM-Med2D 72.06 52.83 70.00 46.59 56.50 64.60
Train on 10 anatomical structures.
Unseen: Duodenum, prostate,
bladder, adrenals. Ablation Results Qualitative Results
AMOS Ground truth Closed-Set Segmentation Novelty Detection
Basellnes Check our code! Method Known 1 Unseen 1 .
SWin UNETR .J @ MedOpenSeg (Ours) 90.11 79.20 t ‘ . -‘“;
CLIP-Universal wio POR B0 1045 &
w/0o Unknown Prototype 88.01 45.23 ’ |
MedSAM Cosine Similarity Only - 68.30
SAMMed-2D @ EDS Only - 77.82
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