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Finetuning foundational models is resource intensive Adapters can efficiently finetune foundational models
Vision Language Segmentation Models (VLSMs) Adapters

* Allows text prompts at inference to guide segmentation - Linear layers with dimensions smaller than pretrained models

Mostly trained in open-domain datasets « Can be plugged into existing pretrained architectures
* Requires end-to-end finetuning for medical datasets + Can be used to efficiently finetune VLSMs for medical datasets

Not studied for VLSMs
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How different adapter configurations perform when finetuning VLSMs on 2D medical datasets?

CRIS CLIPSeg CLIPSeg + SA CLIPSeg + DA

Adapters finetuning matches end-to-end finetuning

Upper Bound Adapter Fine-tune A
Datasets Metrics||CLIPSeg CRIS SAN CLIPSeg SA (Ours) CLIPSeg DA (Ours)
150M  147M | 8.4M 4.2M 3M Prompt: oval polyp.
DSC (%) 1|87.69 89.43 | 69.58 86.85 89.10 = -
Kvasir-SEG | IoU (%) 1]|81.72 83.37 | 58.05 79.26 82.39 o =
HD95 | |/54.02 55.23 [130.75 52.18 47.79 a
DSC (%) 1/85.59 92.62 | 66.26 83.67 87.23
BKAI ToU (%) T 77.52 88.30 54.58 75.02 79.81 t: Benign tumor in the breast ultrasound image.
HD95 | ||87.91 49.80 |224.37 87.79 70.02
DSC (%) 1|/88.58 93.63 | 81.36 89.04 88.73
ClinicDB ToU (%) 1|81.51 88.74 | T72.61 81.93 81.84
HD95 |{/19.30 12.36 | 38.42 18.03 18.76
DSC (%) 1]/91.88 91.49 | 90.39 91.40 92.05

ISIC-16 ToU (%) T 85.76 85.41 83.61 85.05 85.98 Prompt: Left atrium cavity in four-chamber view in the cardiac ultrasound at end of the systole cycle of a forty-one-year-old male with good image quality.

HD95 ||/60.93 64.39 | 87.25 60.29 54.38 o
DSC (%) 1][7212 74.01 | 63.38 69.47 72.14 £ *
DFU IoU (%) 1|(61.61  64.31 | 51.63 58.27 61.42 g -,Q q
HD95 |||38.24 41.92 | 60.10 38.75 38.79 % 5 ’
DSC (%) 1/[88.93  91.29 | 46.42 87.16 89.71 _ . - _
CAMUS ToU (%) T 80.69 84.49 31.81 78.01 81.85 Prompt: Edema of shape oval, and located in center of the lateral view of a Chest Xray. Enlarged Cardiomediastinum, Lung Opacity, Edema are present.
HD95 |||16.69 12.33 (175.81 19.14 14.16 o
DSC (%) 1][62.91  67.50 | 45.61 65.51 65.02 g
BUSI IoU (%) 1||55.52 60.90 | 35.27 58.19 57.20 S
Dsg?(;)k?* g:g? 2832 12?1;2 ?’)Z?f 6;1?9)’; Prompt: one small white circle polyp which is often a bumpy flesh in rectum.
0 : ; . . 58.
CheXlocalize| IoU (%) 1[45.45 4799 | 31.97 44.84 46.01
HD95 |[||537.57  519.21 |724.55 533.04 535.97

Using adapters at both text and image encoders works the best prompt iy e foot e
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Prompt: one large brown circle skin melanoma which is an irregular sore with speckles located in center of the image.

Prompt: one small tan round polyp which is a projecting growth of tissue located in top of the image.
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+ Performance does not match with vision-only models

+ Can be extended to 3D medical image datasets
Opens pathways for continual and multi-task learning

7135 2 7168
704 6984 69.47

60 57.07 5833 Read paper

57.52

50

V-Adapter VL-Adapter VLC-Adapter V-Adapter VL-Adapter VLC-Adapter V-Adapter VL-Adapter VLC-Adapter V-Adapter VL-Adapter VLC-Adapter



