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Introduction

Ø Rethinking Camouflaged Object Detection 
(COD), we find that missing task-specific 
clues (e.g., category, size, location) and strong 
ba c k g r o u n d  n o i s e  l e a d  t o  a m b i g u o u s 
boundaries and weak feature learning. 

Ø Our approach leverages vision-language 
models (VLMs) to automatically generate 
multimodal data and introduces an Adaptive 
Refinement Module (ARM) to mitigate 
domain shift, providing high-quality prompts 
for SAM.



Contributions

Ø Propose a cost-effective method to automatically generate mask prompts from BLIP, providing effective guidance 

for SAM without extra training or fine-tuning.

Ø Design an Adaptive Refinement Module (ARM) to refine prompts and fine-tune SAM’s encoder, further enhancing 

SAM's segmentation accuracy and robustness.  

Ø Introducing auxiliary embeddings from BLIP provides SAM with richer features.



Method

Ø BLIP automatically generates multimodal data from the input image and uses it to create the initial multimodal prompts and the auxiliary 
embedding. 

Ø The Adaptive Refinement Module (ARM) addresses the locality issue of initial prompts by using multiple adapters to extract visual 
information from BLIP and SAM. It integrates attention weights to refine prompts into more accurate masks and simultaneously fine-tunes 
SAM’s image encoder.

Ø Finally, the SAM decoder receives image embedding, dense mask prompt embedding, and auxiliary sparse embedding to tackle the COD task.



Experimental Results

Our method achieves outstanding performance, particularly excelling in �� and ��
���. This demonstrates its superior 

target localization and structure capture of camouflaged objects.



Experimental Results

Our approach achieves a more significant overlap with the GT than other SOTA models, effectively 
segmenting completely camouflaged objects.

We also visualize both the initial and ARM-
refined prompts. Initial prompts often cover only 
partial target regions due to domain shifts, while 
ARM-refined prompts achieve more complete 
coverage.


