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* Segmentation: Human interaction useful in clinics
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* Language prompts capture rich semantics:
* Shape, size, surrounding anatomies, image modality
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* Vision-Language Segmentation Models (VLSMs):
* Use language as prompts
* Potentially more explainable outputs
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1. Generalization: natural images medical images

Vision-Language Segmentation Model (VLSM)
2. Role of language prompts and images?

We present a systematic study on VLSM transfer learning from natural images to medical images.

Benchmarking Framework Our proposed automated prompt engineering for medical datasets
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100 BKAI 100 ClinicD8 100 Kasir-SEG 100 CVCColonbs * CRIS shows robust semantic learning of location and size attributes.
e e ==} I e smeine 5 === e L i
% _ ° _ * CRIS outputs CLIPSEG outputs
£ 60 & 60 £ o0 £ 60
g g g g N ——) g change insize change insize
2 a0 ] |- 8 40 /_./" Nl 3§ 0 g~ ~ X S B R — = hang hang
20 f g \\/ p 20 7 \/ 20 \/ 20 ,/\/ \/
0 p0 pl p2 p3 pd p5 p6 p7 p8 pd 0 pO pl p2 p3 p4 p5 p6 p7 p8 p9 0 p0 pl p2 p3 p4 p5 p6 p7 p8 p9 0 pO pl p2 p3 p4 p5 p6 p7 p8 p9 Original Image Ground Truth One small white circle One large white circle One small white circle One large white circle
polyp, located in the polyp, located in the polyp, located in the polyp, located in the
DFUC 2022 ISIC 2016 CVC300 ETIS bottom right of the bottom right of the bottom right of the bottom right of the
100 100 ) T 1 100 100 image image image image
80 | go = 80 80
g . g g . /.\\/ ihn Ava g . § . “ -manj—)-
54 8 40 E 40 /*/\\// g 40
— = v At Original | Ground Truth W
PR & n 2| XA sremeas T roind poy, ocaed round oo oomed 1ound po. locted round polp. ocated
0 R i o ) in top of the image in bottom right of in top of the image in bottom right of
p0 pl p2 p3 p4 p5 p6 p7 p8 p9 p0 pl p2 p3 p4 p5 p6 p7 p8 p9 p0 pl p2 p3 p4 p5 p6 p7 p8 p9 p0 pl p2 p3 p4 p5 p6 p7 p8 p9 the image the image
BUSI CAMUS CheXlocalize
100 100 100
80 80 - 80 model_name
S 60 S e S 60 i * VLSMs are robust to distribution shift compared to conventional segmentation models.
% % % ’/c;"jfj‘_f"'i“ —— BiomedCLIPSeg
5 a0 | EEmEE —— 8 a0 g a0 77 - —— BiomedCLIPSeg-D . .
1 4 stage Tested on — Kvasir-SEG ClinicDB BKAI CVC-300 CVC-ColonDB ETIS
20 20 \ 20— —8— zero-shot Finetuned on | | Model |
. . S S s O s oLL ~#- finetuning CRIS 91.39 82.99 83.26 86.15 76.87 62.99
p0O pl p2 p3 p4 p5 pé6 p0 pl p2 p3 p4 p5 p6 p7 p0 pl p2 p3 p4d p5 pb CLIPSeg 89.51 80.21 77.89 86.49 70.46 62.83
Kvasir-SEG TUNet 84.77 6484 66.22 77.16 50.81 3498
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Key takeaways Future direction 3
* Prompt design: Include attributes familiar to models during pretraining ¢ VLSMs for 3D modalities like MRI or CT scans
* Large scale dataset better than smaller-scale domain-specific dataset ¢ Better ways to leverage language semantic to identify target anatomies E
* Some VLSMs leverage language semantics better than others * Generate large-scale medical image-text-mask triplets




