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@ Full Fine-tuning Segment Anything

»  Segment anything in medical images (2024, Nature Communications)

@ Parameter Efficient Fine-tuning Segment Anything
»  Sam-adapter: Adapting segment anything in underperformed scenes (2023, ICCV)
»  Customized segment anything model for medical image segmentation (2023, arXiv)

»  Medical sam adapter: Adapting segment anything model for medical image segmentation (2023, arXiv)
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[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_YO0fT5zg.jpg
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[Question & Answering]

@ Segment Anything.pdf
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The "Segment Anything" project introduces a foundation model for image segmentation,
combining a promptable task, an efficient model (SAM), and the largest segmentation dataset
(SA-1B with over 1 billion masks), demonstrating impressive zero-shot generalization capabilities

for various segmentation tasks.

[Summarization]
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Introduction

Foundation 2 &!

< Foundation 23 & Image Segmentation
* Image Segmentation ZOFO M= 2H I3 7|= HHE HX|= FA|

«  AIO| X|g== BrEet oM E BO| =8 & 8|0|=28 HA US

Segmentation Model Size Trend (2015-2023)
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[1] https://eiec.kdi.re kr/userdata/new_review/14/143/edit/aaa9ZYEUuwrFw4HIxZaKy_1688713400831.png
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Introduction

Segmentation Foundation Model: Segment Anything

% Segment Anything (SAM)
+ MetaOlA 20231 ICCVE2| 0| R (2184 7,613%])

«  Segmentation Task%| £2}&l Foundation &

Segment Anything

Alexander Kirillov!*®*  Eric Mintun?  Nikhila Ravi'? Hanzi Mao? Chloe Rolland®  Laura Gustafson®
Tete Xiao®  Spencer Whitehead ~ Alexander C. Berg  Wan-Yen Lo Piotr Dollir!  Ross Girshick?

]pmjem lead Ejnint first author 3tt'qu,zll contribution *directional lead

Meta Al Research, FAIR

4

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).

-8/60- oo

KOREA UNIVERSITY



Introduction

Segmentation Foundation Model: Segment Anything

% Segment Anything (SAM)

* Interactive Segmentation Z&: 2 O|0|X|Qf AFEXIS| ZEZES SVH 18 ot o=
7|H

« AU BE X 69 3M™TVY Lt2t0|E{E L= Vision Transformer
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. black ears T T

segmentation prompt image prompt image

(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM)
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Introduction

Segmentation Foundation Model: Segment Anything

% Segment Anything (SAM)

* Interactive Segmentation Z&: 2 O|0|X|Qf AFEXIS| ZEZES SVH 18 ot o=

valid mask

model
JC
—_—
™ . :| cat with D
: plack cam Input Image Ground Truth ~ SAM (Point Prompt)  SAM (BBox Prompt)
segmentation prompt image

(a) Task: promptable segmentation
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Segmentation Foundation Model: Segment Anything

% Segment Anything (SAM)
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(b) Model: Segment Anything Model (SAM)

3OV m2t0|E{ & = Vision Transformer 7|8t B&# L&

image
encoder

mask decoder

; conv ;\ prompt encoder

image

image T 1 T
embedding

mask points  box text

f

. score

=S , score

&= | score

valid masks

Image Encoder + Prompt Encoder + Mask Decoder® g

-11/60 -

KOREA

oz

KOREA UNIVERSITY



Introduction

Segmentation Foundation Model: Segment Anything

% Segment Anything (SAM)

- B2 O|o[E: &o|M =TTt O|0[X|E Semi-auto LA 2 2 Labeling®?t 2F 10247 Mask= =t&

SA-IB LVIS vl COCOo ADE20K Open Images
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E; <10 11-50 51-100 =200 & 0.00 0.25 0.50 0.75 & 0.0 0.2 0.4 0.6 0.8
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Segment Anything 1B (SA-1B):

Number of masks per image Relative segmentation mask size Concavity

Figure 6: Dataset mask properties. The legend references the number of images and masks in each dataset. Note, that SA-1B
has 11x more images and 400 x more masks than the largest existing segmentation dataset Open Images [60].

=
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T 2 N Africa
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(C) Data: data engine (tOp) & dataset (bottom) Figure 7: Estimated geographic distribution of SA-1B images. Most of the world’s countries have more than 1000 images in
SA-1B, and the three countries with the most images are from different parts of the world.

- - 3 1
12/ 60 '.:SE\%L%{%W



Introduction

Segmentation Foundation Model: Segment Anything

=
© Segment Anything and

< Segment Anything (SAM) —
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Figure 8: Samples from the 23 diverse segmentation datasets used to evaluate SAM’s zero-shot transfer capabilities.
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Segmentation Foundation Model: Segment Anything

% Segment Anything (SAM)
- ANt EjEel 20| =50t 24 O|0[X[0f|M 250t d55 EY

[Question]
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SAMC| BHA|

< SAM= ZE ZIZ Segmentation & 5= Y= A2 OfL|LCE.
«  2024'H Machine Intelligence ResearchX 20| A & (2124 1773))
o« A7} FSSHA OF HO|ALY, A0l o|O|X| 7} Ot OfO|X[0f] SAMZ XMzt

Segment Anything Is Not Always Perfect: An Investigation
of SAM on Different Real-world Applications

Wei Jil Jingjing Lil Qi Bi?2 Tingwei Liu? Wenbo Li? Li Cheng!

1'University of Alberta, Edmonton T6G 2R3, Canada
2Wuhan University, Wuhan 430072, China
3Dalian University of Technology, Dalian 116024, China

4Samsung Research America, Mountain View 94043, USA

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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SAMC| SHA|
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SAMC| SHA|
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SAMC| BHA|
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Introduction

How to Improve SAM?

< SAM Fine-tuning=2 S% 45 7§
= =

- 4 = HOlH

XtLIofA| =0{%! Task HIO|E{ 2 SAME 7} &t&

Transparent object segmentation Nighttime self-driving

Pretrained SAM <=

Crop segmentation Pest monitoring Anomaly detection Surface defect detection
- - - u - - 9
Building extraction Road extraction Optical disc segmentation Polyp segmentation

@ SAM2| Upper Bound 7§ 7=
@ "t Prompt 228

- - 3 1
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Algorithms

(1) Segment Anything in Medical Images (MedSAM)

% Segment Anything in Medical Images (MedSAM)
« 20234 Nature CommunicationsM 20| Al ZH (2184 1,1512])

«  SAME 2|& O|0JX| 2 F7HH¢el ot 8 > ds 7

nature communications

Article https://doi.org/10.1038/541467-024-44824z

Segment anything in medical images

Received: 24 October 2023 Jun Ma"%3, Yuting He?, Feifei Li®", Lin Han®, Chenyu You®°® &
Bo wang ® 12378

Accepted: 5 January 2024

Published online: 22 January 2024

Medical image segmentation is a critical component in clinical practice, facil-

f)| Check for updates itating accurate diagnosis, treatment planning, and disease monitoring.

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

(1) Segment Anything in Medical Images (MedSAM)

< MedSAM H|3
- Domain-specific 0|0]|X|0]f| L3l E=9| stEk|X| 2Tt SAME2 2|7 O|0|X[of|A] %=
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SAM: Segment Anything Model
presented by Meta Al
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[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_gBIYteG.jpg

[4] https://www.researchgate.net/publication/339873650/figure/fig1/AS:868106524168192@ 1583984132224 /Different-applications-of-medical-image-segmentation.png
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(1) Segment Anything in Medical Images (MedSAM)

< MedSAM HHHE
- 9|z O|0fX| =7 Ctot SRt x5 ZetSH= o= 0[0|X| 1502Hy +=F

» BH ks SAM 2 FH|E Fine-tuning

Mask decoder
Image '
encoder - Prompt encoder
imagé
embedding D Segmentation

Bounding box prompts
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Dice Similarity Coefficient

Algorithms

(1) Segment Anything in Medical Images (MedSAM)

Performance Distribution of External Validation Tasks
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Algorithms

(1) Segment Anything in Medical Images (MedSAM)

& MedSAM Als A}
. % HIOJE{ 7 BOME -2 HI WX oPYHQl 445 2 Jts

=/ o
>  Vanilla SAM2| Dice Score= 02 > 10K C|O|E{Rte 2 MS JM 7t
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Algorithms

(1) Segment Anything in Medical Images (MedSAM)

< MedSAM £t
- SAM ZX|Z Fine-tuning ot= A2 B2 GPUZF R (SAM Original Paper 7|% A100 2563}
o [2bM, LEPE Ol A0 M MedSAMO 2 RES ShESHE A2 SIMX oz Ho| BIts

r|o

Ethical Considerations

Data | We trained SAM on licensed images. The images were filtered for objectionable content by the provider, but we
acknowledge the possibility of false negatives. We performed a geographic analysis of the SA-1B dataset in §6.
While SA-1B is more geographically diverse than many of its predecessors, we acknowledge that some geographic
regions and economic groups are underrepresented.

Cost and impact of compute | SAM was trained on 256 A100 GPUS for 68 hours. We acknowledge the environmental impact and cost of training
large scale models. The environmental impact of training the released SAM model is approximately 6963 kWh
resulting in an estimated 2.8 metric tons of carbon dioxide given the specific data center used, using the calculation
described in [77] and the ML CO; Impact calculator [61]. This is equivalent to ~7k miles driven by the average
gasoline-powered passenger vehicle in the US [101]. We released the SAM models to both reduce the need for
retraining and lower the barrier to entry for large scale vision research.

Risks and harms | We evaluated SAM for fairness in §6. Downstream use cases of SAM will create their own potential for biases
and fairness concerns. As such we recommend users run their own fairness evaluation when using SAM for their
specific use case.

Use cases | We implore users to use their best judgement for downstream use of the model.

- - ook =
27/60 aeana,



Algorithms

(1) Segment Anything in Medical Images (MedSAM)

< MedSAM $HA|
«  SAM TAH|Z Fine-tuning St= A2 H2 GPUZ} E 8 (SAM Original Paper 7| A100 256%)
. [H2pA|, YEERQl Aol A MedSAMO 2 BEIS Stast= A2 siATo 2 Ho| ETts

[Question]

BEXHOE SAMS Fine-tuning & & 81272
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Algorithms

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

X/

< Sam-Adapter: Adapting Segment Anything in Underperformed Scenes
. 20234 |CCVO“A'| HI_-'H'- %—T— 2779|(EF arXiv + ICQV T 2.5 5 8h)
«  Domain-specific H|O|E{0ff SAME EE8X 2 & Fine-tuning

SAM-Adapter: Adapting Segment Anything in Underperformed Scenes

[.2,+

Tianrun Chen Lanyun Zhu** Chaotao Ding>* Runlong Cao’* Yan Wang’
Shangzhan Zhang' ZejianLi' Lingyun Sun' Ying Zang ** Papa Mao ?

Zhejiang University! KOKONI, Moxin (Huzhou) Technology?
Huzhou University®  Singapore University of Technology and Design*  Beihang University °
{tianrun.chen, zhang3z, zejianlee, sunly}@zju.edu.cn lanyun_zhuflmymail.sutd.edu.sg
2021388117@stu.zjhu.edu.cn crll657@163.com
wangyan2509@gmail.com  info@kokoni3d.com  02750fzjhu.edu.cn

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).
-29/60 - | LUt
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(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

< Sam-Adapter {3
o E A

e SAM2 E==%} Segmentation TaskO| A= K=o 452 E&

- TN 2ES Fine-tuning Sti= 22 & Resource?| LR

flownd

Camouﬂaged Detection

{2l o|2{¢t £ Domain0| Foundation 222 E2Xo 2 E82% £ A2

- - 3 1
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(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

< Sam-Adapter HHE

«  Motivation: SAMO| Zt11 Q= S 55+ X|Al0f|, |5 X|AS FUSNE X, (sam chb] 5% param@t &4)
>  SAM Encoder: 7| E SAM Weight= Freeze, Encoder0il =7}zl Adapter ParameterZt Train
> SAM Decoder: Train

>  Prompt Encoder: AFEX (SAM-adapter= ZEZEE 2HE5|X| 4= Segmentation ZH 2 2H8)

N SAM Masked Decoder
% Tunable Frozen {/’ .,
/A Adaptor N+1 s
! 1
| SAM Image Encoder Transformer Layer N ] d
: I ‘
H ]
1 . ]
: !
Y N Layer-shared MLE,, ! I |
| i [ SAM Image Encoder Transformer Layer 2 ] '
H 1
49 Fa 1
A Layer-unshared MLPf,. ) GnEEATE D SAM Image Encoder |
H ]
. 1 SAM Image Encoder Transformer Layer 1 i
Adaptor i | ! [ J !
Task-Specific Information . /&  Adaptor 1 57 1
1

' [ Patch Embedding ]

l‘ Jl
‘\
Image

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

< Sam-Adapter HHE

«  Motivation: SAMO| 211 Q= =& X| 40|, 8 X|AS FUSHE XL, sam ot 5% Param@t )
>  SAM Encoder: 7| SAM Weight= Freeze, Encoder0i| =72l Adapter Parameter2t Train
> SAM Decoder: Train

>  Prompt Encoder: AFEX (SAM-adapter= ZEZEE 2HE5|X| 4= Segmentation ZH 2 2H8)

) SAM Masked Decoder
e - valid mask
. S 1
) A Adaptor N+1 *
i A
SAM Image Encoder Transformer Layer N J H lightweight mask decoder

1

I : f
- ]
]
| i

[ SAM Image Encoder Transformer Layer 2 ]

#  Adaptor 2 o) SAM Image Encoder E Frg(éze
I
) Adaptor 1 D Ffé&e

i _ ‘ ! t
-l‘ [ Palch Enl'lheddlng J :. image

image E o|o|x|of SYst ZETE 4 > [0,0, ... 0]

SAM-Adapter SAM

[ SAM Image Encoder Transformer Layer 1 ]

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

X/

< Sam-Adapter HHE

. SAM Encoder: SAMO| ZtT1 QI 7| X|Al2 QX|&HT A, Q)= X|AlS BHH| et
«  2IE X4 g50l= MLP 7|2 Adapterg €&

> MLPyy,: 2IF XA S S55t= LayerE, 3270 MLPE 7
»  MLR,,: Embedding XI&l& StFF7| ?Iet LayerZ, 171l MLPZ 8 (Layer TH?|2 Share)

\_r\ i Layer-shared MLP,,
A Layerunshared MLPsn, P' = MLP,, (GELU (MLP},,,. (F})))
Adaptor i |
Task-Specific Information N SAM Masked Decoder
‘L a Adaptor N+1 ‘L \‘\
! SAM Image Encoder Transformer Layer N
[215 X|Al] o

[SAMO| Zt11 QI X|4A]]
7|0 stEE A /X (Freeze)

I

M2 HIo|HE 7|22 2 FY (Train) A [ SAM Image Encoder Transformer Layer 2
mage former

o Adaptor 2 D

H Adaptor 1 5]
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(2) Sam-Adapter: Adapting Segment Anything in Underperformed Scenes

< Sam-Adapter HHE
Adapter10i|= Task Specific Information 2=, 1 2| Adapter= O|% Transformer Output &=

Task Specific Information= Low-level M E 2} High-level SEE 25 &8 > Task S =CH=}
> Low-level "3 & Patch Embedding (Linear) + Positional Encoding

> High-level &: 3=0{Zl O|0|X|Z Fourier Transformation (FFT)2F & =

tr\ H Layer-shared MLE,,
| Task specific Info = fiow + frign
N p——— fiow = Linear(x) + Positional Encoding
fnigh = FFT(x)
Adaptor i |
Task-Specific Information ) SAM Masked Decoder
,’{ A Adaptor N+1 ACL \‘\
2] Transformer LayerN©] Output [ SAM Image Encoder Transformer Layer N J d
1 1
: I :
1 . . ]
] ]
! | :
i [ SAM Image Encoder Transformer Layer 2 ] H
A Adaptor2 D SAM Image Encoder
1 1
[Iio=’ &]] Transformer Layer12| Output [ SAM Image Encoder Transformer Layer 1 ] i
]
E ) Adaptor 1 D i
[ g5’.] I 0|0]X|2| Low&High-level HE. [ Patch Embedding J
\ | ;
Image

KOREA

-34/60- e |v L)

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

< Sam-Adapter 2 & Z 1}

: m] OoOAS Lo
Camouflage Detection % Shadow DetectionOf| A 25F 23 452 £
> SAM2 M| O|0|X| 27|2t STt Box ZEZES HO{M Lth=
>  SAM-Adapter= Er ZEZEZS ZHESHK| IS
Method CHAMELEON [43] CAMO [27] CODI10K [12]
Sof F, 1 FgT MAE[|S.1 F, 1 Fgi MAEU| 5.1 FE,f Fgi MAE]
SINet[13] 0.869 0.891 0.740 0440 | 0.751 0771 0606 0.100 | 0.771 0.806 0.551 0.051
RankNet[36] 0.846 0913 0.767 0.045 | 0.712 0.791 0583 0.104 | 0.767 0.861 0.611 0.045
JCOD [28] 0.870 0924 - 0.039 | 0.792 0.839 - 0.82 0.800 0.872 - 0.041
PFNet [38] 0.882 0.942 0810 0330 | 0.782 0.852 0.695 0.085 | 0.800 0.868 0.660 0.040
FBNet [32] 0.888 0939 0.828 0.032 | 0.783 0.839 0.702 0.081 | 0.809 0.889 0.684 0.035
SAM [24] 0.727 0.734 0.639 0.081 0.684 0.687 0.606 0.132 | 0.783 0.798 0.701 0.050
SAM-Adapter (Ours) | 0.896 0919 0.824 0.033 | 0.847 0.873 0.765 0.070 | 0.883 0.918 0.801 0.025

Table 1. Quantitative Result for Camoufiage Detection

Table 2. Quantitative Result - Shadow Detection

Method | BER |
Stacked CNN [46] | 8.60
BDRAR [59] | 2.69
DSC [20] | 342
DSD [53] | 217
FDRNet [61] | 155
SAM [24] 40.51
SAM-Adapter (Ours) 1.43
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Algorithms

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

< Sam-Adapter 2 & Z 1}

«  Camouflage Detection & Shadow Detectiond|A] 25 L4t M=
g

29

fujo

= - =8 % 5;";,_‘. 3 Z
i B
~ 'y
> =
Ours
GT l

[Camouflage Detection] [Shadow Detection]
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Algorithms

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

X/

% Sam-Adapter Ablation Study

«  Ch DecoderZt 55t A 2Lt Encoder L Adapters & §4 A] 50| 34| 74M

3
Method CHAMELEON [43]

CAMO [27]

CODIOK [12]

Sal Byl Fg1 MAE]

Sat Egt Fgt

MAE |

S.T Est F2T MAE]

w/o SAM-Adapter | 0.796 0.802 0.676  0.062
w/ SAM-Adapter | 0.896 0.919 0.824 0.033

0.750 0.756 0.639
0.847 0.873 0.765

0.105
0.070

0.789 0.817 0.596  0.049
0.883 0918 0.801 0.025
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Algorithms

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

X/

o 20234 arxivo|| == (218 3012))

-  SAMZ SAM-Adapter2C} 82X 92 Fine-tuning

Customized Segment Anything Model for
Medical Image Segmentation

Kaidong Zhang and Dong Liu

University of Science and Technology of China
richu@mail .ustc.edu.cn, dongeliu@ustc.edu.cn

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

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

< SAMed HjZA
- At O|O|X| /FE st&El SA
7

=

AM= 2| = O|O|X|0f MetotX| G5
2 X

«  SAME Full Fine-tuningSt= A2 X|LIX|A 2 A0 2 > X 2 = Fine-tuning S £ At

632M

SAM: Segment Anything Model
presented by Meta Al
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Algorithms

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

< SAMed WHE
« SAM Wi ™A| miEt0|E 7t o, H& mEto|E S /'d
«  SAM Encoder0i| 2|=M 2 = 715 Trainable Parameter & Mask Decoder & Prompt Encoder

>  Freeze: SAM Encoder L 2= I}20|E (95%)
> Train: SAM Encoder0]| 2|=M 2 2 F=7I5t Parameter & All Mask Decoder & All Prompt Encoder (5%)

Frozen image encoder

' Ny - N f %
g| |3 A 3
n S S =
sl 12| 2] |3 2 "
2 r3n = 5 = . -
=2 ™ ™ 2 ™ 3 -™ 32 S Mask decoder =il et Beto |
o = D ) ] h /
E o - - - . i -
B o = = =
= o 0 o
m ; % % Prompt encoder
\ . \ .
] ] | Image ]
. - - embedding Default embedding

LoRA layers

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

% SAMed HHE — SAM Encoder
e Encoder L} 7|E SAM L}20|EH= 25 Freeze (Z|E HE §X))

O, Transformer Block AFO|O]| LoRA LayerS F7}5H0, ST LayerTt ot& (F7F HE SHE)
>  Embedding 22 > 7|& SAM Block %! LoRA Layerdf| E1 > & 4t& 24 > LoRA LayerZt Update

Frozen.imaga apcoder X h
— - ~ s ™ d
o = = 5 ] [
1 E ! 5
[= = @, a, %,
sl 12 |2]]|¢2 : 0
D 3 = 3 =
g3 3 3 3 — —_— Mask decoder =i Bea -
HEEANES I p : d
z = =2 = Z T |
5 g 2 8
= o = s Prompt encoder
\ / \ 4
LoRA LoRA
Image I (A) (B)
embedding Default embedding d n
AeR®™ |||| Be R

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

YEHE -

% SAMed SAM Encoder
«  LoRA (Low Rank Adaptation): AutoEncoderX]

g eEs MAELZ O0fE

s 2 XgoR oE

*  SAM-Adapter2Ct IHIEHO[HE S 88X R ot ks

e  Full RankECt =0|= st& 7tsd XA}

|
|
- |
|
Simple MLP (d?7Y) LoRA (2dr7)

X d h :

| rA@® || wRA®
L |

d _ | A€ RYT BeR™M
LoRA (A) LoRA (B) l
A € R>T BeR™ |

: =< 7| 9t2 Gt2to|E] 7447} SafE
, Ere) xAtEO R ofEehlof, SRS 57 o Has)

|
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Frozen image encoder

Jajdwesdny
Suippaqui3 ysied

Algorithms

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

< SAMed &2 - SAM Encoder
«  LoRA Layer= Transformer Block LH g, k, v, o & q@F vOi| A2t =t

> keto= Bk 7[E0| 21 AHE WeightS 28

> X|LFX|H| Customizedto] SAM 22 M52 AMSH= A

Ofo

o

LA

- Proj. o
X d h Softmax
AR
N I JdR)
d - N N
LoRA layer Proj. q Proj. k Proj. v LoRA layer
LoRA (A) LoRA (B) ] Y
L L d ||

AeR™ ||[| Be R

Image tokens

r Q =W,F =W,F + B,A,F,
K = Wy F,
V = WoF = W, F + B,A,F.
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(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

< SAMed A& ZA D}

«  7|ESOTA 2255 0)7[% XRX|EE S8 HO[HMO|AM SOTAN| He7te ds5 E0F

Table 1: Quantitative comparison between SOTA methods and SAMed on the
Synapse multi-organ CT dataset.
Methods ‘DSUT HD| |A0rta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach

U-Net [29] 76.85 39.70|89.07 69.72 77T 68.60 93.43 5398 86.67 75.58
Att-UNet [25] | 77.77 36.02|89.55 68.88 77.98 71.11  93.57 58.04 87.30 75.75
TransUnet || |77.48 31.69|87.23 63.13 81.87 7702 94.08 5586 85.08 75.62
SwinUnet || |79.13 21.55|85.47 66.53 83.28 79.61 9429 56.58 90.66 76.60
MissFormer [1] [81.96 18.20 | 86.99 68.65 85.21 82.00 9441 65.67 9192 80.81

TransDeepLab [2]| 80.16 21.25|86.04 69.16 84.08 79.88  93.53 61.19 89.00 78.40
HiFormer [10] |80.39 14.70| 86.21 65.69 85.23 79.77  94.61 59.52  90.99 81.08
DAE-Former ||| |82.43 17.46 | 88.96 72.30 86.08 80.88 94.98 65.12 91.94 79.19
SAMed | 81.88 20.64 | 87.77 69.11 80.45 79.95 94.80 7T2.17 88.72 82.06

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

< SAMed A& ZA D}

«  7|ESOTA 2255 0)7[% XRX|EE S8 HO[HMO|AM SOTAN| He7te ds5 E0F

. aorta . liver .pancreas . spleen stomach
. gallbladder . left kidney . right kidney

(a)GT (b)Ours (c)DAE-Former (d)SwinUnet (e)TransUnet
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(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed)

Sulppaqui3 ysied

% SAMed Ablation Study
«  EncoderE &4 st& > ds0| 2A M

_l_

e Decoder®|= LoRAE 7|EIO 2 St& > Decoder= LoRA =7} Xk

O

Table 2: Ablation study on finetuning method of SAMed (The embedding in
prompt encoder is finetuned by default).
Methods

v(L) Kidney(R) Liver Pancreas Spleen Stomach

67.95|79.94 39.49 76.72 73.55  90.87 4415 T73.79 65.11
81.88|87.7T7T 69.11 80.45 79.95 94.80 T2.1T7 B8B.T2 B82.06

Mask decoder
Image encoder + mask decoder

SAM2 X} 0|O]X|0f| Z=7 > EncoderS &Hl et=oHX| RS2, 2| = 0|0|X|of| CHTt 2 MK QI Feature & =7t

Table 3: Ablation study on applying LoRA finetuning to the transformer of mask
decoder.
Methods

Full Fine-tuning SA Med
LoRASAMed s

l size| Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach

81.88| 18.81M |B7.7T7 69.11 80.45 79.95 94.80 72.17 88.72 82.06
77.78| 6.32M | B3.62 5H7.11 79.63 78.92 9398 65.66 85.81 77.49
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(3) Customized Segment Anything Model for Medical Image Segmentation (SAMed) ;’}
roj. k ‘ ‘ Proj. v ‘ LoRA layer

Image tokens

X/

% SAMed Further Analysis: LoRA Layer

¢ LoRAYA| =A3SF= Dimension0] 4 I, 7H& 245t M55 EY
« QK V0% Q2 VELoRA LayerE 2 [ 23 ds2 EY

Table 4: Ablation study on the rank size on the LoRA layer

y(L) Kidney(R) Liver Pancreas Spleen Stomach

1 78.26 | 81.86 64.54 81.97 81.18  93.79 60.80 88.33 T73.64
4 81.88(87.77 69.11 80.45 79.95 94.80 72.17 88.72 82.06
16 69.03 | 78.74 55.54 71.98 65.08  91.38 45.01 81.39 63.11

o|= o|o|x|ofl Hetstr| 2IsHM ehs2 28 - But, B2 o5 Hays 22l SAM 7|52 ol & £ HO|E 1

Table 5: Ablation study on the LoRA applied to different projection layers

(L) Kidney(R) Liver Pancreas Spleen Stomach

Q 73.76 | 84.73 58.68 76.25 70.58  91.16 53.69 83.54 71.47
Q+V 81.88|87.77 69.11 80.45 79.95 94.80 7T2.17 8B8.72 82.06
Q+K+V+0|50.93|46.51 16.92 51.38 47.33  86.55 2223 64.98 41.51

X|LEX|AH| B£0] LoRAE Customization - 22 SAM d'52 X5}

oco=2
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(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

X/

% Medical sam adapter: Adapting segment anything model for medical image

segmentation (Med-SA)
« 2023 arXivOf| =5 (218 4262)
- 3D 2|= o|O|X|of| MESteF Adapters E-E510 SAM2 &% 22 Fine-tuning

Medical SAM Adapter: Adapting Segment Anything Model for Medical Image
Segmentation

Junde Wu'?7, Wei Ji*, Yuanpei Liu®, Huazhu Fu*, Min Xu’’, Yanwu Xu®, Yueming Jin?,

"University of Oxford, ?National University of Singapore, *University of Alberta, * A*STAR, *Carnegie Mellon University,
6Singapore Eye Research Institute, "Mohamed bin Zayed University of Artificial Intelligence, *University of Hongkong

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

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

X/

< Medical sam adapter i3
+  SAMO| o|= O|OjX|of CHEAM = M= 955 £
- SAMZ 282 E Fine-tuningd 284

- 9|2 0|0|X|= F& 3Dl 3D 0|O|X|0j| 3=Z SAM Fine-tuning & == A7

3D-like input segmentatlnn

|
1
1
|
|
|
|
|
1
|
I |= 2D color image of slice n

2D Segmentation2 3D O|0|X| L 0f2] M|§ O|O|X|S2| ZA'dS =] BHsix| 2

[1] https://www.researchgate.net/publication/331085297 /figure/fig1/AS:750836099596296@ 15560246844 78/llustration-of-the-main-idea-used-in-15-a-segmentation-of-a-3D-medical-image-is.t

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

X/

«  Prompt Encoder: Freeze

% Medical sam adapter - Encoder

valid mask

lightweight ma:

prompt
encoder

t

prompt

sk decoder

f

image
encoder

t

image

Image Encoder: 7|2 SAM Weight= Freeze & LoRA 7|t Adapter 37f & & SD Trans &&

i% Frozen h Learnable

B

MLP
|
Layer Norm

De
L=

Multi-head
Attention

w

Layer Norm

l—

[Vanilla SAM]

N
MLP
|
Adpine Layer Norm

) I—/’

> R(
Y D-S Trans ﬂ
Adapter Adapter
1 1

Share

Multi-head . Multi-head
Attention Attention

4‘_1‘_4‘ - W

Layer Norm <€--> Layer Norm
|

1
Depth Branch S-D Trans

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

X/

% Medical sam adapter — Image Encoder
«  LoRA 7|gF Adapter: Full-rank MLPELCE 288 & L O|=0f ZHst st& 7ts
SD Trans: 2D0]| A&tst SAMS 3D0f| Xetstr| st MEt

>  7|& Space =& Attention {22t OtL|2}, Depth =T Attention= =/ k&

o|n|x] Shed1, o||X| £, 0|n|x] Ehe3
[ , : ]

u ’\P
’ MLP
i | | (= | o | | —
Down Adalpter Layel’ Norm D h
— ept
= | || | o | | o | o
% D-S Trans \‘1/ N
Adaipter AdaIpter | Il |1 [ | | |
Multihead " Multi-head
Attention Attention
4 2 G ‘t‘_T_& [0]O]X| Eh31) _
Layer Norm <€--> Layer Norm [74- O|I:I|I| LH ""'HII ?:lH'“EOI]
| € :
Depth Branch S-D Trans Space Branch
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(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

X/

% Medical sam adapter — Decoder

»  Mask Decoder: Embeddingiqge 2t Embeddingp,omprs 112{5+0] HHSE Mask At

« 37} AdapterE Decoderdi &f &

> Hyp-Adpt Embeddingq g2t Embedding,romyr2| 28-S 221517| |2k Adapter

s Layer Norm

Y
MLP
|

S

Adapter Multi-head
| Saeuneun Attention
' Hyper-Prompting i

Adop‘l’er Adapter
Multl-head
Attention o A EI
1 r 4 I
Output
Layer Norm
Image
Frafet Embedding
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(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

X/

% Medical sam adapter — Hyp-Adpt in Decoder

HyperNetworkX| &, Embedding,,,ompr= 7|22 2 Weight Matrix (W)'d-d

> W =Re (M (Embeddingpmmpt)): 0|, M2 Trainable MLP Ret= ReshapeE 2/0])

.« MEEl Weight Matrix0ll Embedding;mgge &2t

s Layer Norm

Y
MLP
I

S

Adapter Multi-head
| sl Attention
7
| Hyper-Prompting |
Adopter Adapter
——%
Multi-head
Attention SRR
1\ A T I
1 Output
Layer Norm
Image
Frafmet Embedding

Prompt Embedding

Hyper-
Prompting

\

Input

Prompt Embedding
|

! !

N x Weight Maps Output
J
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Algorithms

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

< Medical sam adapter & Z 1}

- 7|& SAM 8! 2D > 3D Adaption &
« TN DIMZ=EEL}, 2F2%)2

HI

. IDZETEJIMD

O ANF [ )
— 0O — _l__l_ol_l- A-ICDE EC)I:I

rHu
min
HT
o
bt
=]
1A
O
x
olr

(@]
Fine-tuning®t 40| 2 0tX Q1 4

Optic-Disc Optic-Cup Brain-Turmor Thyroid Nodule | Melanoma
Param(M) Turnable Dice loU | Dice loU | Dice loU  HD95 | Dice IoU Dice loU
Param(M)

ResUNet 17 17 929 855 [ 80.1 723 | 784 713 1871 | 783 70.7 87.1 782
BEAL 25 25 937 86.1 | 835 74.1 | 7188 71.7 1853 | 78.6 71.6 86.6 78.0
TransBTS 39 39 94.1 872 | 854 757 | 87.6 7844 1244 | 838 75.5 88.1  B80.6
EnsemDiff 32 32 943 87.8 | 842 744 | 88.7 809 10.85 | 83.9 75.3 88.2 807
MTSeg 27 27 903 83.6 | 823 731 | 822 745 1574 | 823 75.2 875 79.7
UltraUNet 19 19 91.5 828 | 83.1 738 | 845 763 14.03 | 845 76.2 89.0 81.8
FAT-Net 75 15 91.8 848 [ 809 715|792 728 17.35 | 80.8 734 90.7 839
BAT 88 88 923 858 | 820 732 | 796 735 1549 | 81.7 74.2 912 843
SegDift 32 32 92.6 852 | 825 719 | 857 77.0 1431 | 819 74.8 873 794
nnUNet 16 16 947 873 | 849 751 | 885 B0.6 1120 | 842 76.2 90.8 83.6
TransUNet 96 96 95.0 87.7 | 856 759 | 86.6 79.0 13.74 | 83.5 75.1 89.4 822
UNetr 104 104 949 875 | 832 733 | 873 80.6 1281 | 81.7 73.5 89.7 828
Swin-UNetr 138 138 953 879 | 843 745 | 884 B8I.8 1136 | 83.5 74.8 90.2 83.1
SAM T points 636 0 - - - - 632 476 3253 - - 81.6 704
SAM 3 points 636 0 - - - - 713 645 2874 - - 858 715
SAM BBox 0.5 636 0 - - - - 512 446  38.56 - - 753 648
SAM BBox 0.75 636 0 - - - - 746 62.1 27.51 - - 857 744
MedSAM 1 point 636 636 929 855 | 82.1 738 | 815 743 1568 | 813 74.7 86.8 775
MedSAM 3 points 636 636 93.8 862 | 82.8 742 | 823 748 1519 | 81.6 75.1 875 78.6
MedSAM BBox 0.5 636 636 92.6 853 | 82.0 752 | 820 747 1505 | 824 75.5 885 79.2
MedSAM BBox (.75 636 636 946 86.7 | 828 759 | 836 756 1490 | 828 75.7 889 798
Med-SA 1 point 636 13 974 89.5 | 86.8 788 | 89.1 8L.8 1038 | 86.3 78.7 92.6 84.1
Med-SA 3 points 636 13 97.9 89.8 | 87.1 79.0 | 89.8 823 10.11 | 86.7 79.4 93.4 84.7
Med-SA BBox 0.5 636 13 97.6 89.6 | 864 785 | 895 819 1035 | 86.6 78.9 92.1 83.0
Med-SA BBox 0.75 636 13 98.3 90.1 | 87.5 79.9 | 90.5 830 9.50 | 884 80.4 93.0 842
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(4) Medical sam adapter: Adapting segment anything model for medical image segmentation (Med-SA)

< Medical sam adapter 2 & Z 1}

e SAM2 ZEIZE HAIJIOj|S 2 > Huot ZTEIZE QI0|= AtA A 0|27}
E =)

«  Medical sam adaptere Z2FZE7} Cha SQPISIEHELE, GTRF FAFRH

1 Point 3 Points BBox 0.5 BBox0.75 G.T. 1 Point 3 Points BBox 0.5 BBox 0.75 G.T.

-55/60 - e |v L)

KOREA UNIVERSITY



Prompt Embedding

W

Input N x Weight Maps Output

Algorithms

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

4| R}

X/

% Medical sam adapter Ablation Study

e SD-Trans7} FIIEIC2M 243t M58 E¢

«  Prompt Conditiong = B = & Hyp-Adpt/t 7t E2 d5E £Y
> Add: Embeddingyromp: + Embeddinggoum

> Concat: [Embeddingyy ompt, Embeddinggoum]
> Hyp-Adpt Embedding,yomp: = T= NetworkOll Embeddinggoum= &2HAIZ

2D-3D Prompt-Condition BTCV OpticDisc  OpticCup  BrainTumor ThyroidNodule Melanoma
SD-Trans | Add | Concat | HyP-Adpt | Ave-Dice (%) Dice (%) Dice (%) Dice (%) Dice (%) Dice (%)
79.3 90.1 80.1 77.5 76.5 89.2
v 84.7 - - 81.7 - -
v v 86.1 94.6 83.4 83.9 83.7 93.8
v v 86.4 95.7 84.0 85.1 84.8 94.5
v v 88.3 974 86.8 87.6 86.3 96.3

KOREA
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Conclusion
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l SAM: Segment Anything Model
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@ SAM= Parameter Efficient Fine-tuning
Encoder L 27} Q1 Weight & 2= Decoder WeightS Sh&

(1) SAM-Adapter
> Encoder S710f| & 215t MLP Adapter

(2) SAMed
> Down & Up HEH2| LoRA Adapter
> MIPECH 2 &H0|1, LOo|=0f ZA

(3) Medical sam adapter
> LoRA 7|8} Adapter2 SAM2 Fine-tuning
> SD-TransZ 3D O|O|X|0f| Mot g St5
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