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Introduction

• SAM’s performance may not be optimal on medical imaging 
datasets due to its pretraining on natural images



• Our solution involves the training of an auxiliary prompt encoder 
network, which generates a surrogate prompt for SAM given an 
input image.

• While the prompt encoder provided with SAM can accept inputs 
such as a bounding box, a set of points, or a mask, the one we 
train has the image itself as its input. 



Method



• The SAM network S produces an output segmentation mask Mz 
by taking the input image I and the prompts’ embedding Z: 

• The prompts embedding Z can be any representation of 
different prompts, such as masks, boxes, and points.

• Instead of using the original prompts encoder, we introduce a 
prompts generator network, denoted as g, that generates 
guidance prompts ZI for SAM given an input image I. g is the 
only network trained by our method.

• This prompts generator network g takes as input the image I 
and generates prompts ZI = g(I) for SAM to improve its 
segmentation mask output. 



• To gain insight into the information provided by the encoder we 
train, we decode g(I) as a mask. For this purpose, we learn a 
mapping h from the space of encoded images g(I) to the 
corresponding ground truth mask M.

• The architecture of surrogate decoder h comprises two 
deconvolution layers that produce a map with a resolution of 
256 × 256, making it a lightweight alternative to SAM.



Experiments

• The MoNuSeg dataset(显微图像) comprises 30 microscopic 
images from seven organs in the training set, with annotations 
of 21,623 individual nuclei, and 14 similar images in the test set. 

• The Gland segmentation (GlaS) challenge comprises 85 
images for training and 80 for testing.

• Four Polyp(息肉) datasets: Kvasir-SEG, ClinicDB, ColonDB, 
and ETIS 

• Tested on the SUN-SEG Video-Polyp-Segmentation 
database(视频息肉分割)



Training details

• ADAM optimizer with an initial learning rate of 0.0003 and set 
the weight decay regularization parameter to 1·10−5

• Batch size:10

• NVIDIA A6000 with 48GB GPU RAM

• Epoch:200

• input image size: 1024 × 1024



Training of the lightweight decoder h

• ADAM optimizer with an initial learning rate of 0.0003 and set 
the weight decay regularization parameter to 1·10−5

• Batch size:24

• NVIDIA A5000 with 24GB GPU RAM

• set the maximum number of iterations for network training to 60



• Sample results of the proposed 
method on the Nucleus challenges 
(MoNuSeg) - rows 1,2. The gland 
segmentation dataset (Glas) rows 
3,4. The Kvasir polyp segmentation 
dataset rows 5,6 where 

• (a) Input image. 

• (b) Ground truth segmentation. 

• (c) The final segmentation map Mz. 

• (d) output of SAM with our mask as 
input to the mask prompt encoder. 

• (e) output of SAM with the ground 
truth mask as input to the same 
prompt encoder.



• The results of the lightweight decoder h on sample test images. The first row 
shows the input image I, the second row shows h(g(I)), which is the 
segmentation mask obtained with the surrogate decoder h, the third depicts 
the results of AutoSAM using the same g(I), and the last row shows the 
ground-truth segmentation mask M.



• A visual comparison of our solution to MedAdapterSAM for Glas 
and Monu datasets, where (a) input image (b) ground-truth 
mask (c) our solution (d) MedAdapterSAM output.



• MoNu and GlaS results. Our method achieves SOTA results on both 
datasets. MedAdaptor-SAM requires point input as a prompt. 

• Our algorithm outperforms the Medical transformer by almost 10% IoU , 
3P-SEG by almost 3%



• Polyp Segmentation benchmarks results

• For all the four dataset，our algorithm achieved SOTA results 
with a gap of 0.5, 0.3, 3.3 and 2.6 respectively. With respect to 
the DICE metric, our method outperforms other methods in two 
out of four datasets.



• Quantitative results of two test sub-datasets from the SUN-SEG 
dataset.



Conclusion

• SAM is a powerful segmentation model for natural images.

• This may only require “the right guidance” in the form of a 
dedicated conditioning signal that is provided by an auxiliary 
network g that replaces the prompt embedding.

• As no prompt is required, our method turns SAM into a fully 
automatic method. 
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