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Introduction

이제는 Foundation 모델의 시대

Foundation Model: 다양한데이터에대하여높은일반화성능을갖는모델

Transformer 등을활용한거대모델구조기반구조→폭넓은학습가능

수많은(억단위) 데이터를활용하여학습→다양한학습가능

Foundation 모델

[1] https://petergentsch.com/wp-content/uploads/Language-models-with-the-respective-model-size.png
[2] https://production-media.paperswithcode.com/datasets/ImageNet-0000000008-f2e87edd_Y0fT5zg.jpg
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Introduction

Foundation 모델 장점

추가적인학습을하지않고다양한데이터에적용해도꽤나우수한성능을보임

Ex. ChatGPT

Foundation 모델

[Question & Answering]

[Summarization]
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Introduction

Foundation 모델 & Image Segmentation

Image Segmentation 분야에서도모델크기는점점커지는추세

시간이지날수록다양한데이터셋도많이수집및레이블링되고있음

Foundation 모델

[1] https://eiec.kdi.re.kr/userdata/new_review/14/143/edit/aaa9ZYEUuwrFw4HlxZaKy_1688713400831.png
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Introduction

Segment Anything (SAM)

Meta에서 2023년 ICCV학회에서발표 (인용수: 7,613회)

Segmentation Task에특화된 Foundation 모델

Segmentation Foundation Model: Segment Anything 

Kirillov, A., Mintun, E., Ravi, N., Mao, H., Rolland, C., Gustafson, L., ... & Girshick, R. (2023). Segment anything. In Proceedings of the IEEE/CVF International Conference on Computer Vision 
(pp. 4015-4026).
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Introduction

Segment Anything (SAM)

Interactive Segmentation 모델: 입력이미지와사용자의프롬프트를함께입력받아예측

거대모델구조: 6억 3천만개파라미터를갖는 Vision Transformer 기반모델구조

많은데이터: 웹에서수집한이미지를 Semi-auto 방식으로 Labeling한 10억개 Mask로학습

Segmentation Foundation Model: Segment Anything 
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Introduction

Segment Anything (SAM)

Interactive Segmentation 모델: 입력이미지와사용자의프롬프트를함께입력받아예측

거대모델구조: 6억 3천만개파라미터를갖는 Vision Transformer 기반모델구조

많은데이터: 웹에서수집한이미지를 Semi-auto 방식으로 Labeling한 10억개 Mask로학습

Segmentation Foundation Model: Segment Anything 

Input Image Ground Truth SAM (Point Prompt) SAM (BBox Prompt)
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Introduction

Segment Anything (SAM)

Interactive Segmentation 모델: 입력이미지와사용자의프롬프트를함께입력받아예측

거대모델구조: 6억 3천만개파라미터를갖는 Vision Transformer 기반모델구조

많은데이터: 웹에서수집한이미지를 Semi-auto 방식으로 Labeling한 10억개 Mask로학습

Segmentation Foundation Model: Segment Anything 

Image Encoder + Prompt Encoder + Mask Decoder로 구성

90%↑
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Introduction

Segment Anything (SAM)

Interactive Segmentation 모델: 입력이미지와사용자의프롬프트를함께입력받아예측

거대모델구조: 6억 3천만개파라미터를갖는 Vision Transformer 기반모델구조

많은데이터: 웹에서수집한이미지를 Semi-auto 방식으로 Labeling한약 10억개 Mask로학습

Segmentation Foundation Model: Segment Anything 
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Introduction

Segment Anything (SAM)

객체와배경의구분이뚜렷한일상이미지에서우수한성능을보임

Segmentation Foundation Model: Segment Anything 
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Introduction

Segment Anything (SAM)

객체와배경의구분이뚜렷한일상이미지에서우수한성능을보임

Segmentation Foundation Model: Segment Anything 

[Question]

그렇다면, SAM은 모든 데이터에서 좋은 성능을 보일 것인가?
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Introduction

SAM은 모든 것을 Segmentation 할 수 있는 것은 아니다. 

2024년 Machine Intelligence Research저널에서발표 (인용수: 177회)

객체가뚜렷하게안보이거나, 일상적인이미지가아닌이미지에 SAM은저조함

SAM의한계

Ji, W., Li, J., Bi, Q., Liu, T., Li, W., & Cheng, L. (2024). Segment anything is not always perfect: An investigation of sam on different real-world applications. Machine Intelligence Research.
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Introduction

Failure Case① 배경과 객체가 뚜렷하지 않은 Case

배경과뚜렷하게구분되는객체에”만” 우수

배경과객체가뚜렷하게구분되지않는경우, 저조한성능을보임

(개인의견) SAM의 Semi-auto에서, 이러한이미지들은불완전한레이블을가질것→우수한학습이어려움

SAM의한계
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Introduction

Failure Case② Domain-specific 데이터

수집및학습이어려운의료, 농업등 Domain-specific 데이터에서저조한성능을보임

농업데이터: 작물이나, 토지들은주로객체가아닌배경으로레이블링되기에, 탐지가어려움

의료데이터: 의료데이터는수집에큰비용이필요하기에, 충분한학습이되지못함

SAM의한계
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Introduction

Failure Case② Domain-specific 데이터

수집및학습이어려운의료, 농업등 Domain-specific 데이터에서저조한성능을보임

의료데이터: 의료데이터는수집에큰비용이필요하기에, 충분한학습이되지못함

농업데이터: 작물이나, 토지들은주로객체가아닌배경으로레이블링되기에, 탐지가어려움

SAM의한계

[Question]

어떻게 SAM을 개선할 수 있을까?
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Introduction

SAM Fine-tuning을 통한 성능 개선

갖고있는데이터를기반으로, SAM을추가적으로학습

How to Improve SAM?

Pretrained SAM

자신에게 주어진 Task 데이터로 SAM을 추가 학습

① SAM의 Upper Bound 개선 가능

② 정교한 Prompt 불필요
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Algorithms
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Algorithms

핵심: SAM을 어떻게 Fine-tuning했는지에 집중해서 청취할 것

“어떻게 SAM을 Fine-tuning 했는지”에초점을맞추어청취할것을권장

각 Domain에특화된아이디어를제안하지는않음

Benchmark에서는모두잘나오기에, Domain-specific 데이터를활용한것→해당도메인문제를해결하려는목적은아님

들어가기전에

농작물 Segmentation 의료 Segmentation
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Algorithms

Segment Anything in Medical Images (MedSAM)

2023년 Nature Communications저널에서발표 (인용수: 1,151회)

SAM을의료이미지로추가적인학습수행→성능개선

(1) Segment Anything in Medical Images (MedSAM)

Ma, J., He, Y., Li, F., Han, L., You, C., & Wang, B. (2024). Segment anything in medical images. Nature Communications, 15(1), 654.



- 23 / 60 -

Algorithms

MedSAM 배경

Domain-specific 이미지에 대해 충분히 학습되지 못한 SAM은 의료 이미지에서 저조

해결방향: 의료이미지를활용하여 SAM을 Fine-tuning 하자!

(1) Segment Anything in Medical Images (MedSAM)

[1] https://analyticsindiamag.com/wp-content/uploads/2021/03/pasted-image-0-11.png
[2] https://production-media.paperswithcode.com/datasets/1b0ca5c4-4b61-4cf7-9d9c-48a2aa5bba3f.png
[3] https://production-media.paperswithcode.com/thumbnails/task/task-0000000876-6fbe75a2_gBlYteG.jpg
[4] https://www.researchgate.net/publication/339873650/figure/fig1/AS:868106524168192@1583984132224/Different-applications-of-medical-image-segmentation.png
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Algorithms

MedSAM 방법론

의료이미지수집: 다양한해부학적구조를포함하는의료이미지 150만장수집

모델학습: SAM 모델전체를 Fine-tuning

(1) Segment Anything in Medical Images (MedSAM)
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Algorithms

MedSAM 실험결과

학습하지않았던 60종류의료이미지에서우수한성능및가장작은편차를보임

시각적으로도우수한성능을보임

(1) Segment Anything in Medical Images (MedSAM)

60개 Task에서
평균 DICE Score
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Algorithms

MedSAM 실험결과

학습데이터가많아질수록비교적안정적인성능확보가능

Vanilla SAM의Dice Score는 0.2 → 10K데이터만으로도성능개선가능

(1) Segment Anything in Medical Images (MedSAM)
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Algorithms

MedSAM 한계

SAM 전체를 Fine-tuning 하는것은많은 GPU가필요 (SAM Original Paper 기준 A100 256장)

따라서, 일반적인상황에서 MedSAM으로모델을학습하는것은현실적으로거의불가능

(1) Segment Anything in Medical Images (MedSAM)
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Algorithms

MedSAM 한계

SAM 전체를 Fine-tuning 하는것은많은 GPU가필요 (SAM Original Paper 기준 A100 256장)

따라서, 일반적인상황에서 MedSAM으로모델을학습하는것은현실적으로거의불가능

(1) Segment Anything in Medical Images (MedSAM)

[Question]

효율적으로 SAM을 Fine-tuning 할 수 없을까?
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Algorithms

Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

2023년 ICCV에서발표 (인용수: 277회(단, arXiv+ ICCV 버전모두포함))

Domain-specific 데이터에 SAM을 효율적으로 Fine-tuning

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

Chen, T., Zhu, L., Deng, C., Cao, R., Wang, Y., Zhang, S., ... & Mao, P. (2023). Sam-adapter: Adapting segment anything in underperformed scenes. In Proceedings of the IEEE/CVF 
International Conference on Computer Vision (pp. 3367-3375).
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Algorithms

Sam-Adapter 배경

SAM은특수한 Segmentation Task에서는저조한성능을보임

전체 모델을 Fine-tuning 하는 것은 큰 Resource가 필요

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

어떻게 이러한 특수 Domain에 Foundation 모델을 효율적으로 활용할 수 있을까?

Camouflaged Detection Shadow Detection
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Algorithms

Sam-Adapter 방법론

Motivation: SAM이갖고있는훌륭한지식에, 외부 지식을 주입해보자. (SAM 대비 5%  Param만학습)

SAM Encoder:기존 SAM Weight는 Freeze, Encoder에추가된 Adapter Parameter만 Train

SAM Decoder: Train

Prompt Encoder: 사용X (SAM-adapter는프롬프트를활용하지않는 Segmentation 모델로활용)

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes
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Algorithms

Sam-Adapter 방법론

Motivation: SAM이갖고있는훌륭한지식에, 외부 지식을 주입해보자. (SAM 대비 5%  Param만학습)

SAM Encoder:기존 SAM Weight는 Freeze, Encoder에추가된 Adapter Parameter만 Train

SAM Decoder: Train

Prompt Encoder: 사용X (SAM-adapter는프롬프트를활용하지않는 Segmentation 모델로활용)

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

SAM-Adapter SAM

Freeze

Freeze

모든 이미지에동일한프롬프트삽입→ [0, 0, … 0]
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Algorithms

Sam-Adapter 방법론

SAM Encoder: SAM이 갖고 있는 기존 지식을 유지하면서, 외부 지식을 함께 학습

외부지식 학습에는 MLP 기반 Adapter를활용

𝑀𝐿𝑃𝑡𝑢𝑛𝑒:외부지식을 학습하는 Layer로, 32개MLP로구성

𝑀𝐿𝑃𝑢𝑝: Embedding 차원을맞춰주기위한 Layer로, 1개MLP로구성 (Layer 단위로 Share)

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

[SAM이갖고 있던 지식]
기존에 학습된 것유지 (Freeze)

[외부 지식]
새로운데이터를 기반으로주입 (Train)
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Algorithms

Sam-Adapter 방법론

Adapter1에는 Task Specific Information 입력, 그외 Adapter는이전 Transformer Output 입력

Task Specific Information은 Low-level 정보와 High-level 정보를모두활용→ Task 정보극대화

Low-level 정보: Patch Embedding (Linear) + Positional Encoding

High-level 정보: 주어진이미지를 Fourier Transformation (FFT)한정보

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

[입력]원본이미지의Low&High-level정보

[입력]Transformer Layer1의Output

[입력]Transformer LayerN의Output

𝑇𝑎𝑠𝑘 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝐼𝑛𝑓𝑜 = 𝑓𝑙𝑜𝑤 + 𝑓ℎ𝑖𝑔ℎ
𝑓𝑙𝑜𝑤 = 𝐿𝑖𝑛𝑒𝑎𝑟 𝑥 + 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔

𝑓ℎ𝑖𝑔ℎ = 𝐹𝐹𝑇 𝑥
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Algorithms

Sam-Adapter 실험결과

Camouflage Detection 및 Shadow Detection에서모두우수한성능을보임

SAM은전체이미지크기와동일한 Box 프롬프트를넣어서산출

SAM-Adapter는별도프롬프트를활용하지않음

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes
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Algorithms

Sam-Adapter 실험결과

Camouflage Detection 및 Shadow Detection에서모두우수한성능을보임

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

[Camouflage Detection] [Shadow Detection]
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Algorithms

Sam-Adapter Ablation Study

단순 Decoder만튜닝하는것보다, Encoder 내 Adapter를 함께 튜닝 시 성능이 크게 개선

(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes
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Algorithms

Customized Segment Anything Model for Medical Image Segmentation (SAMed)

2023년 arXiv에수록 (인용수: 301회)

SAM을 SAM-Adapter보다 효율적으로 Fine-tuning

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

Zhang, K., & Liu, D. (2023). Customized segment anything model for medical image segmentation. arXiv preprint arXiv:2304.13785.
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Algorithms

SAMed 배경

자연이미지위주로학습된 SAM은의료이미지에적합하지않음

SAM을 Full Fine-tuning하는것은지나치게큰자원이필요→효율적으로 Fine-tuning 해보자.

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

VS

632M
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Algorithms

SAMed 방법론

SAM 내전체파라미터가아닌, 일부 파라미터들만 튜닝

SAM Encoder에의도적으로추가한 Trainable Parameter & Mask Decoder & Prompt Encoder

Freeze: SAM Encoder 내모든파라미터 (95%)

Train: SAM Encoder에의도적으로추가한 Parameter & All Mask Decoder& All Prompt Encoder (5%)

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)
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Algorithms

SAMed 방법론 – SAM Encoder

Encoder 내기존 SAM 파라미터는모두 Freeze (기존 정보 유지)

이때, Transformer Block 사이에 LoRA Layer를추가하여, 해당 Layer만학습 (추가 정보 학습)

Embedding 입력→기존 SAM Block및 LoRA Layer에통과→두값을합산→ LoRA Layer만Update

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

Pretrained 
Weights

𝑾∈𝑹𝒅×𝒅

LoRA(A) LoRA(B)

𝑨∈𝑹𝒅×𝒓 𝑩∈𝑹𝒓×𝒅

X h

d

r

d

d
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Algorithms

SAMed 방법론 – SAM Encoder

LoRA (Low Rank Adaptation): AutoEncoder처럼입력을저차원으로매핑후본차원으로확장

SAM-Adapter보다파라미터를효율적으로학습가능

Full Rank보다노이즈학습가능성최소화

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

𝑺𝒊𝒎𝒑𝒍𝒆𝑴𝑳𝑷(𝒅𝟐개) 𝑳𝒐𝑹𝑨(𝟐𝒅𝒓개)

(단,𝒓 ≪𝒅)

LoRA(A) LoRA(B)

𝑨∈𝑹𝒅×𝒓 𝑩∈𝑹𝒓×𝒅

Pretrained 
Weights

𝑾∈𝑹𝒅×𝒅

LoRA(A) LoRA(B)

𝑨∈𝑹𝒅×𝒓 𝑩∈𝑹𝒓×𝒅

X h

d

r

d

d

Pretrained 
Weights

𝑾∈𝑹𝒅×𝒅

개 만큼 파라미터 개수가 효과적

저차원으로 매핑하기에, 불필요한 특징 학습 최소화
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Algorithms

SAMed 방법론 – SAM Encoder

LoRA Layer는 Transformer Block 내 q, k, v, o 中 q와 v에서만활용

k와 o는별도기존에갖고있던Weight를활용

지나치게 Customize하여 SAM본래성능을소실하는것을방지

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

Pretrained 
Weights

𝑾∈𝑹𝒅×𝒅

LoRA(A) LoRA(B)

𝑨∈𝑹𝒅×𝒓 𝑩∈𝑹𝒓×𝒅

X h

d

r

d

d
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Algorithms

SAMed 실험결과

기존 SOTA 모델들을이기진못했지만, 특정데이터셋에서 SOTA에버금가는성능을보여줌

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)
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Algorithms

SAMed 실험결과

기존 SOTA 모델들을이기진못했지만, 특정데이터셋에서 SOTA에버금가는성능을보여줌

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)
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Algorithms

SAMed Ablation Study

Encoder를함께학습→성능이크게개선

Decoder에도 LoRA를기반으로학습→ Decoder는 LoRA 추가부적합

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

SAM은 자연 이미지에 초점→ Encoder를 함께 학습하지 않으면, 의료 이미지에 대한 효과적인 Feature 추출 불가

Full Fine-tuning

LoRA
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Algorithms

SAMed Further Analysis: LoRA Layer

LoRA에서축소하는 Dimension이 4일때, 가장우수한성능을보임

Q, K, V, O 中 Q와 V만 LoRA Layer를붙였을때우수한성능을보임

(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

의료 이미지에 적합하기 위해서 학습은 필요→ But, 많은 학습 변수는 본래 SAM 기능을 저해 & 훈련 난이도 ↑

지나치게 많이 LoRA를 Customization →본래 SAM 성능을 저하
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Algorithms

Medical sam adapter: Adapting segment anything model for medical image 

segmentation (Med-SA)

2023년 arXiv에수록 (인용수: 426회)

3D 의료 이미지에 적합하도록 Adapter를활용하여 SAM을 효율적으로 Fine-tuning

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

Wu, J., Ji, W., Liu, Y., Fu, H., Xu, M., Xu, Y., & Jin, Y. (2023). Medical sam adapter: Adapting segment anything model for medical image segmentation. arXiv preprint arXiv:2304.12620.
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Algorithms

Medical sam adapter 배경

SAM이의료이미지에대해서는저조한성능을보임

SAM을효율적으로 Fine-tuning할필요성

의료 이미지는 주로 3D인데, 3D 이미지에 맞도록 SAM Fine-tuning 할 수는 없을까?

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

[1] https://www.researchgate.net/publication/331085297/figure/fig1/AS:750836099596296@1556024684478/llustration-of-the-main-idea-used-in-15-a-segmentation-of-a-3D-medical-image-is.png

2D Segmentation은 3D 이미지 내 여러 세부 이미지들의 관계성을 충분히 반영하지 못함



- 50 / 60 -

Algorithms

Medical sam adapter - Encoder

Prompt Encoder: Freeze

Image Encoder: 기본 SAM Weight는 Freeze & LoRA 기반 Adapter 3개활용 & SD Trans 활용

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

[Vanilla SAM] [Medical SAM Adapter] [Adapter]
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Algorithms

Medical sam adapter – Image Encoder

LoRA 기반 Adapter: Full-rank MLP보다효율적 & 노이즈에강건한학습가능

SD Trans: 2D에적합한 SAM을 3D에적합하기위한전략

기존 Space 수준 Attention 뿐만아니라, Depth수준 Attention을함께학습

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

[각 이미지 내 패치 임베딩]

Space Branch

Depth
Branch

[이미지단면1, 이미지단면2, 이미지단면3]

[이미지단면1]
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Algorithms

Medical sam adapter – Decoder

Mask Decoder: 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑖𝑚𝑎𝑔𝑒와 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑃𝑟𝑜𝑚𝑝𝑡를고려하여적절한 Mask 산출

3개 Adapter를 Decoder에삽입

Hyp-Adpt: 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑖𝑚𝑎𝑔𝑒와 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑝𝑟𝑜𝑚𝑝𝑡의결합을강화하기위한 Adapter

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)



- 53 / 60 -

Algorithms

Medical sam adapter – Hyp-Adpt in Decoder

HyperNetwork처럼, 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑝𝑟𝑜𝑚𝑝𝑡을기반으로 Weight Matrix (W)생성

𝑊=𝑅𝑒 𝑀 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑝𝑟𝑜𝑚𝑝𝑡 : 이때, M은 Trainable MLP, Re는 Reshape를의미)

생성된 Weight Matrix에 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑖𝑚𝑎𝑔𝑒 통과

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

Down Network를통과한𝑬𝒎𝒃𝒆𝒅𝒅𝒊𝒏𝒈𝒊𝒎𝒂𝒈𝒆
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Algorithms

Medical sam adapter 실험결과

기존 SAM 및 2D → 3D Adaption 방법론들보다효과적인성능을보임

전체미세조정보다, 일부(2%)만 Fine-tuning한것이효과적인성능을보임

프롬프트가정교해질수록우수한성능을보임→프롬프트퀄리티중요

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)
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Algorithms

Medical sam adapter 실험결과

SAM은프롬프트편차가매우큼→정교한프롬프트없이는사실상이용불가

Medical sam adapter는프롬프트가다소불안정하더라도, GT와유사한성능을보임

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)
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Algorithms

Medical sam adapter Ablation Study

SD-Trans가추가됨으로써우수한성능을보임

Prompt Condition을주는방법들중 Hyp-Adpt가가장좋은성능을보임

Add: 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑝𝑟𝑜𝑚𝑝𝑡 + 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑑𝑜𝑤𝑛

Concat: [𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑝𝑟𝑜𝑚𝑝𝑡,𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑑𝑜𝑤𝑛]

Hyp-Adpt: 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑝𝑟𝑜𝑚𝑝𝑡로만든Network에𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑑𝑜𝑤𝑛을통과시킴

(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)
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Conclusion
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Conclusion

① 632M 파라미터의 거대 모델 구조

② 약 10억개 Mask로 학습

추가적인 학습 없이 일반적인 객체에

우수한 Segmentation 모델

의료 이미지 등 특수한 데이터에는

불완전한 Segmentation 성능을 보임

Q. 어떻게 SAM을 이러한 특수한 데이터에 적용할 수 있을까?

① SAM을 Full Fine-tuning
모든 Encoder & Decoder Weight를학습

② SAM을 Parameter Efficient Fine-tuning
Encoder 내부가적인Weight& 모든Decoder Weight를학습

① 학습 시, 많은 자원이 필요함

② 잘 학습된 SAM의 기존 지식 활용 불가

(1) SAM-Adapter
Encoder 중간에삽입한MLP Adapter

(2) SAMed
Down & Up 형태의 LoRA Adapter
MLP보다효율적이고, 노이즈에강건

(3) Medical sam adapter
LoRA기반 Adapter로 SAM을 Fine-tuning
SD-Trans로 3D 이미지에적합하도록학습

MedSAM: 많은 의료 이미지로 SAM을 모두 학습
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Thank you!
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