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Background

Task Definition :

« We investigate generalizable tumor segmentation, aiming to train a single model that can not only
segment tumor types seen during training but also generalize in a zero-shot fashion to unseen tumor

categories, thereby enabling tumor segmentation across diverse anatomical regions.

« Existing methods face limitations related to segmentation quality, scalability, and the range of applicable
imaging modalities.
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Design deficiencies of existing methods

1. Vision-Language Models for zero-shot 3D medical image segmentation
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Step 2: Train Diffusion Model with features generated from unlabeled images
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Motivation

We take an innovative approach towards generalizable tumor segmentation.

Key insights:

« Despite the challenges in simulating tumors, a medical foundation diffusion model (MFDM) trained on
large-scale data is capable of understanding rich, diverse anatomical structures and organ-specific

knowledge. Moreover, this valuable knowledge is already embedded within its internal representations.

« While directly synthesizing a wide variety of tumor types may be challenging, synthesizing healthy organs
is relatively feasible with medical foundation diffusion models. Then the tumor region can then be

obtained by computing the discrepancies between the input image and the synthetic image.

Challenges:
How to enable the model to detect diseased organs in a zero-shot manner, generate their corresponding
healthy counterparts, and then achieve generalizable tumor Segmentation?
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Method
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Key Techniques:

« Anomaly-aware open-vocabulary attention (AOVA) maps.
« Text-driven region-level anomaly detection.

« Mask refinement with frozen diffusion model.

« Training-free latent-space inpainting.

« Pixel-level and feature-level residual learning. bage s
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(a) Text Prompts and Input Images - (c) Mask Refinement with Frozen Diffusion Model
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Results
MSD Dataset KiTS23 Dataset
Method Type Method Pancreas Tumor Lung Tumor Liver Tumor Colon Tumor | Hepatic Vessel Tumor | Kidney Tumor
DSCt NSD?T | DSCt NSDf1 | DSCT NSDt | DSCt NSDf1 | DSCt NSD?t DSCt  NSD?
SAM 2 [47] 2665 3877 | 1539 1596 | 42775 50.22 | 13.08 21.40 | 3892 49.08 36.48 42.59
SAM-based Methods | SaLIP [2] 3128 4433 | 20.05 20.77 | 4839 5690 | 19.33 27.02 | 44.18 55.84 39.11 45.24
H-SAM [10] 35.19  50.02 | 2536 26.11 | 53.03 60.44 | 23.02 30.67 | 51.85 61.24 45.57 52.16
3D Zero-Shot Lesion | ZePT [22] 3940 54776 | 30.02 3123 | 59.16 68.72 | 33.85 4231 | 55.83 6372 48.75 54.91
Segmentation Methods | Malenia [23] 4026 5582 | 32775 3392 | 59.83 70.08 | 3472 4259 | 59.71 69.98 55.37 61.16
DDPM-MAD [41] | 28.52 40.18 | 25.70 26.81 | 43.54 51.03 | 1397 21.84 | 39.57 49.62 36.55 42.72
Medical Anomaly MVFA [20] 3277 45.63 | 2449 2507 | 4925 57.72 | 20.44 27.87 | 45.28 56.14 40.81 46.29
Detection Methods THOR [5] 2945 41.06 | 27.73 2898 | 47.68 56.40 | 18.36 2651 | 41.33 52.05 38.39 44.64
DiffuGTS 43.61 58.48 @ 4294 4401 | 63.23 73.58 @ 38.72 45.60 | 62.76 72.35 - 59.80 65.99
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