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1.Introduction

• Fine-tuning SAM to enable its use in medical images.

• Choose to fine-tune the pre-trained SAM using a parameter-
efficient fine-tuning (PEFT) technique called Adaption.

• The main idea is to insert several parameter-efficient 
Adapter modules into the original fundamental model, and then 
only adjust the Adapter parameter while leaving all pre-
trained parameters frozen.



Why PEFT and Adaption?

• PEFT learns fewer parameters 
than full fine-tuning, making 
efficient learning possible.

• Among all PEFT strategies, 
Adaption can be easily adopted 
in various downstream computer 
vision tasks.



Contributions

• Extending the SAM model to the medical domain.

• The first to propose the adaptation approach for the general 
medical image segmentation.

• We have evaluated our proposed MSA model on 19 medical 
image segmentation tasks with different image modalities 
including MRI, CT, fundus image, ultrasound image, and 
dermoscopic images. Our results demonstrate that MSA 
outperforms the previous state-of-the-art methods by a 
considerable margin.



2.Method



2.1 Preliminary: SAM architecture

• SAM comprises three main components: an image encoder, a 
prompt encoder, and a mask decoder.



2.2 MSA architecture

• In SAM encoder ,place the first Adapter after the multi-attention 
and before the residual connection, and the second Adapter in the 
residual shortcut of the MLP after the multi-attention.



• In the SAM decoder, three Adapters are deployed per ViT block.

• the first one is placed after the multiple cross attention from the prompt to 
the image embedding with residual summation of the prompt embedding

• the second one is deployed in exactly the same way as the encoder

• the third one is deployed after the residual concatenation of the image 
embedding vectors



• To address the correlation in the depth 
dimension of 3D medical images, the 
attention operation is divided into space 
branch and depth branch.

• Send D × N × L to the polytopic attention of 
the space branch and transpose the input 
matrix on the depth branch to obtain an N ×
D × L input.

• N:the number of embedding vectors

• L: the length of the embedding vectors

• D:the number of operations



2.3 Training Strategy

Encoder Pre-training:

• Use a mixture of four medical image datasets for this pretraining, 
including the RadImageNet dataset, EyePACSp dataset, the 
BCN-20000 and HAM-10000 datasets.

• RadImageNet is a large-scale collection of 1.35 million 
radiological images (CT, MRI, US) covering a wide range of 
organs such as ankles/feet, brain, hips, knees, shoulders, spine, 
abdomen, pelvis, chest, pelvis and thyroid.

• The EyePACSp dataset contains 88,702 colour fundus images.

• The BCN-20000 and HAM-10000 contain approximately 30,000 
dermoscopic images with melanoma or nevi on the image.



Prompt training: 

• Adapted SAM on the new dataset. The process is essentially 
the same as in SAM, but with the following modification: for 
clicked cues, positive clicks indicate foreground regions 
and negative clicks indicate background regions.

• It is first initialised using random sampling and then some click 
operations are added using an iterative sampling process.



3.Experiments



3.1 Dataset

• Conducted experiments on five different medical image 
segmentation datasets, categorized into two types.

• The first type tested the overall segmentation performance of 
the model, comparing it to commonly used medical 
segmentation baselines and state-of-the-art (SOTA) methods.

• The other four tasks were used to verify the model’s 
generalization to different modalities and kinds of tasks



3.2 Main Results

• SOTA model: The best current model in the research task

• SOTA result: The result of the best current model in the research task.

The comparison of MSA with SOTA segmentation methods and original SAM over AMOS 

dataset evaluated by Dice Score.



• SAM's zero-sample performance in targeted medical image 
segmentation tasks is generally inferior to fully trained models

• MSA has the best overall performance

The comparison of MedSegDiff-V2 with SOTA segmentation 

methodsover BTCV dataset evaluated by Dice Score.



• MSA accurately segments parts that are difficult for the human 
eye to recognize.

Visual comparison of MSA and SAM on abdominal multi-organ segmentation

use check mark to 

represent SAM 

correctly found 

the organ and 

cross to represent 

it lost.



• MSA outperforms most models in segmentation

Visual comparison of MSA and SAM on abdominal multi-organ segmentation

The grey background denotes 

the methods are proposed for 

that/these particular tasks. 

Performance is omitted (-) if 

the algorithm fails over 70% of 

the samples



4.Conclusion

• Extension of SAM segmentation model to medical image 
segmentation named MSA.

• By employing parameter-efficient adaptation, achieved 
significant improvement over the original SAM model.

• Obtained state-of-the-art performance on 19 medical image 
segmentation tasks across 5 different image modalities.
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