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Method
1. Add two LoRA modules after the original SAM image encoder to construct lightweight trainable collaborative

image encoders 𝛼 and 𝛽.

2. Input the augmented target domain images into the collaborative image encoders to obtain predicted image

features.

3. Compare the image features output by the collaborative network with those from the original SAM, and assign

the roles of “Teacher” and “Student” networks based on the degree of knowledge retention.

4. Use Direct Alignment Loss to reduce the student's prediction errors and employ Reverse Distillation Loss to

enhance the teacher's feature diversity.

5. Select the collaborative network with better performance as the target domain model.
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 Foreground Representations

 Role Assignment

Extract foreground representations from the image

feature map based on the predicted pseudo-labels.

Assign roles based on the similarity between the outputs of

the collaborative network and the original network.

 Direct alignment loss

Align the student network's predicted feature map with the

teacher network to reduce the prediction gap between them.

 Reverse distillation loss

Push the teacher network's predicted feature map away from

the student network's results to increase the prediction gap

between them.



Quantitative Comparison
Table 1. Comparison Results on COCO and Pascal VOC. Source and Target denote the models trained with 

source domain data and target domain data, respectively. WeSAM* denotes reproduced results of WeSAM

Table 2. Comparison Results on CAMO and COD10K. Source and Target denote the models trained with 

source domain data and target domain data, respectively.



Quantitative Comparison

Table 3. Comparison Results on kvasir-SEG. Source and Target denote the 

models trained with source domain data and target domain data, respectively.

Table 4. Comparison Results on OCID. Source and Target denote the models 

trained with source domain data and target domain data, respectively.



Qualitative Results

Image and box prompt OursGround truth Image and box prompt OursGround truth

Segmentation results on the CAMO target domain Segmentation results on the OCID target domain



Performance comparison

Performance comparison of our proposed method 

with different loss components. 

Segmentation performance curves of our method and WeSAM. The experiments were

conducted in different prompt forms on two target domain datasets. The orange, blue,

and light blue curves represent the performances of WeSAM, SAMα, and SAMα in our

method, respectively
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