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Motivation
Adapting VLSMs on new medical datasets
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Prompt Tuning benchmark for VLSM
We present the first extensive study of prompt tuning for VLSMs: CRIS and CLIPSeg Datasets
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Context vectors can be added at multiple depths of both encoder layers
Prompt Tuning Strategies Experimental Setup
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Natural images vs medical images
Key Questions Is multimodal prompt tuning better than unimodal?
L Effects of different hyperparameters on model and tuning performance
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Key Results & Takeaways Limitations
* Prompt Tuning performance is comparable with end-to-end finetuning + Study is limited for two VLSMs (CRIS, CLIPSeg)
+ Vision tuning - on par to multimodal tuning but fewer hyperparameters to tune  Binary segmentation
« Initialization of context vectors matters + Uses CLIP encoders

+ Using the Learnable Upsampler improves performance for segmentation

* Increasing prompt depth: better for multimodal and visual, not for text tuning
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Prompt tuning is a promising direction to adapt segmentation models for distribution shifts. Pape Iink-
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