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Image Segmentation
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Introduction

% Image Segmentation 2| E&
2 220 51 SiLt=

2) Instance Segmentation: Z2 22| A LHO|ME ZHA| 12

1) Semantic Segmentation: &

3) Panoptic Segmentation: H{ A1} 2| E 25 OlA]
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Segment Anything

“*Segment Anything (SAM)
*  Prompt-guided Vision foundation model released by Meta (ICCV, 2023)

. Q8495153

00 Meta

“ChatGPT of the image segmentation field”

Segment Anything

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

! project lead %joint first author 3equal contribution 4directional lead

Meta Al Research, FAIR
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Segment Anything

“*Segment Anything (SAM)

*  Prompt-guided Vision foundation model

valid mask

cat with
® black ears

segmentation prompt
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Segment Anything

+*SA-1B dataset

<50 masks
*  Prompt-guided Vision foundation model

¢ Trained on over 1 billion masks from 11 million image.

200-300 masks

>

> annotate —l

model

data . ‘
T_ train ‘—I 7 >500 masks

Segment Anything 1B (SA-1B):
* 1+ billion masks = i
* 11 million images g

* privacy respecting % ﬁ;@}
* licensed images BT
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Segment Anything

+*SA-1B dataset

model ( data ) COCO, LVIS ..

T train <

(D Trained using common public segmentation datasets
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Segment Anything

+*SA-1B dataset

@ model-assisted manual annotation stage

| > annotate l

model ( data )
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Segment Anything

+*SA-1B dataset

(@ annotate any additional unannotated objects

model data

KOREA Data Mining
UNIVERSITY o.:\ Quality Analytics

KOREA



Introduction  FastSAM  MobileSAM  EfficientSAM  Conclusion Lightweight Segment Anything

Segment Anything

+*SA-1B dataset

model data

T train <

@ fully automatic stage
: model generates masks without annotator input
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Segment Anything

valid mask
t
lightweight mask decoder
T Segment Anything 1B (SA-1B):
| « 1+ billion masks -
: model data ¢ 11 million images ‘
image “\
encoder * privacy respecting h g =
prompt * licensed images X
encoder ‘
t 1
prompt image
Segment Anything Model (SAM) SA-1B dataset
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% Segment Anything (SAM)

valid mask
t

lightweight mask decoder
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EfficientSAM

image
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Segment Anything 1B (SA-1B):

¢ 1+ billion masks
* 11 million images
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Fine-tuning Segment Anything
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Segment Anything

% Segment Anything (SAM)
Vision foundation model SAM2| ZCH{St A|AH H|E X|=

- SAM ZEelo| M Image Encoder A E =}

valid mask O
! o
lightweight mask decoder (3.87M)
A 1 “While beneficial,
the huge computation cost of SAM model
image has limited its applications
encoder to wider real-world applications.”
prompt
encoder (632M)
1 t
prompt image
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Research Trends

< SAM 3 A I

Meta Beijing, Wuhan
SAM FastSAM
(ICCv 2023 (2023)

Scgment Anything

MobileSAM MobileSAMv2
(2023) (2023)

MoblleSAMy2: Fastr Segment Anyibing o Everything

Vision Transformer

CNN

Korea, Kyung Hee University

KOREA Data Mining
QREA &N

UNIVERSITY Quality Analytics

KOREA

Lightweight Segment Anything

Meta Nvidia
EfficientSAM EfficientViT-SAM
(CVPR 2024) (CVPR 2024)

B SAM: Lverged iasked e Prtsising o Eficent St

EffcentVTSAM: Acekersted Sgment Anything Model
Without Prformance Lo




Introduction  FastSAM  MobileSAM  EfficientSAM  Conclusion Lightweight Segment Anything

Research Trends

< SAM 3 A I

FastSAM EfficientSAM
(2023) (CVPR 2024)
SAM . Tm—— EfficientViT-SAM
(ICCV 2023) “ (CVPR 2024)

v v

MobileSAM MobileSAMv2
(2023) (2023)
Vision Transformer — w :
o
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FastSAM

% Fast Segment Anything (2023.06.21)

. 0l84: 3213

«  CNN backboneS &&3}0{ image encoder CHx||

Fast Segment Anything

Xu Zhao *  Wenchao Ding 2 Yongqgi An'?  Yinglong Du !
TaoYu? MinLi'? Ming Tang}? Jingiao Wang 123
Institute of Automation, Chinese Academy of Sciences, Beijing, China'
School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing, China?
Objecteye Inc., Beijing, China®
Wuhan Al Research, Wuhan, China’

{xu.zhao,yongqi.an, tangm, jgqwang}@nlpr.ia.ac.cn

{dingwenchao2021,duyinglong2022, yutao2022, 1imin2021}@ia.ac.cn

FastSAM

2099ms/img
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FastSAM
+» FastSAM vs SAM
o Il2f0|E{ 2~ H|w
FastSAM

Conclusion

CNN FPN
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Point-prompt Box-prompt
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FastSAM

% Fast Segment Anything

CNN backbone2 &-&350] image encoder CHA|

CNN backbone

YOLOv8-seg

Text
Image Text

Encoder Encoder
“The black dog”
. [+]
2 ' —EH
|| [] CLIP
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FastSAM

¢ Fast Segment Anything

*  CNN backbone= &€35}0{ image encoder CH{|

+  SAMOIM AAlgH 22| SA-1B HIOIE{ A AR

CNN backbone J Pretrain data J

Point-prompt Box-prompt Text-prompt

--
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FastSAM

% 2-Stage Framework

B 0 Detect Branch
s
—7 Detect
"
CNN —| FPN Detect -
Backbone %
— i Detect |
ProtoNet Stage 1 J
4 [Threshold
N Mask Branch |

All instance segmentation
(AIS)

+0 0137 % 0.0342 %40 6846 %

-1 Mask Coeff.
\ﬁ*IIJ '
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FastSAM

% 2-Stage Framework

Stage 1 J
All instance segmentation
(AIS)
Point-prompt Box-prompt Text-prompt
Stage 2 |

Prompt-guided selection
(PGS)

Bl <OREA Data Mining
UNIVERSITY ..:.. Quality Analytics



Introduction FastSAM  MobileSAM  EfficientSAM  Conclusion Lightweight Segment Anything

FastSAM

+» FastSAM vs SAM

« FE £k H|u: 50X higher run-time speed

Running Speed under Different Point Prompt Numbers (ms)
method params 1 10 100 E(16x16) E(32x32*) E(64x64)
SAM-H [20] 0.6G 446 464 627 852 2099 6972 | oF 7x
SAM-B [20] | 136M 110 125 230 432 1383 5417
FastSAM (Ours) | 68M 40 0.04%

enabling real-time application

KOREA Data Mining
UNIVERSITY ...\ Quality Analytics
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FastSAM

+» FastSAM vs SAM

« FE £k H|u: 50X higher run-time speed

* Achieve a comparable performance with the SAM

BSDS500 R50 Evaluation vs FPS Speed s 0COCO Box AR@1000 Evaluation vs FPS Speed
& 72.5
D 70.0
SAM

SAM ,
ViT-H E(64%64) (6972ms/img)

O
N

ViT-H E(16x16) (852ms/img) FastSAM (TRT)
\'()I:()\'AXxA (12ms/img)

o
o
8]

Recall at 50% precision (%)
Box Average Recall@1000 (%)

d () FastSAM (TRT)
FastSAM 65.0 50 X Faster YOLOvV8x (12ms/img)
YOLOvV8x (40ms/img) / 13 A
62.5 A FastSAM
% YOLOv8x (40ms/img)
88 60.0 ViT—AH E(32x32) (2099ms/img)
cal-time SAM e
86 Real-time 57.5 ViT-B E(32%32) (1383ms/img) Real-time
10° 10! 102 R 10° 10! 102
Frames per Second (img/s) Frames per Second (img/s)
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MobileSAM

» Faster Segment Anything: Towards Lightweight SAM for Mobile Applications

*  MobileSAM (2023.07.04 preprint)

- Q83873

FASTER SEGMENT ANYTHING: TOWARDS LIGHTWEIGHT SAM
FOR MOBILE APPLICATIONS

A PREPRINT

Chaoning Zhang* Dongshen Han Yu Qiao Jung Uk Kim
Kyung Hee University Kyung Hee University Kyung Hee University Kyung Hee University

Sung-Ho Bae Seungkyu Lee Choong Seon Hong
Kyung Hee University Kyung Hee University Kyung Hee University
July 4, 2023
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MobileSAM

» Faster Segment Anything: Towards Lightweight SAM for Mobile Applications

Segment Anything Model

ViT-based image encoder em'?eadg;ng prompt-guided mask decoder
4 A
mask decoder
. —
image (3.87M)
encoder — %
(632M) 3 prompt encoder
g D 3 (0.006M)
Heavyweight Lightweight

Figure 1: The overview of Segment Anything Model.
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MobileSAM

< Knowledge distillation (X| & S&)

ViT-H 7|2k sAM2| x| 4 S B %2 0|0|X| QIREHE A8 SAMRE F0|

-« Q= ojEto|E{S 100HH, M| ZEH0|E| S eotl| =

Teacher SAM
A EHESEl SAMO| MM BE A
(SA-1B dataset)

ViT-based (large) prompt-guided /'

—> ) —»{ mask
image encoder mask decoder

image distillation

ViT-based (small) prompt-guided
image encoder mask decoder

— mask . :frozen

¢ : trainable
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MobileSAM

¢ Decoupled Distillation (Divide KD into two sub-tasks)

1) image encoder distillation

2) mask decoder finetuning

Teacher SAM

iT- image -gui
_ YIT based (large) g . - prompt-guided mask
image encoder embedding mask decoder
distillation { copy
! i
. | YiT-based (small) iImage prompt-guided mask
Image image encoder embedding mask decoder

Bl K OREA Data Mining
SR
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MobileSAM

< Knowledge distillation (X| & S&)

* Coupled optimization of the image encoder and combined decoder

fully-coupled distillation semi-coupled distillation
prompt-guided prompt-guided
mask decoder mask decoder

KOREA Data Mining
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MobileSAM

¢ Fully-coupled distillation

+  Encoder®} decoder?l M2 O|EH 5 £ BE0| SA|0f eSE|7|NX| A|7t0] 22 ZE

*  Semi-coupled W42 = 7| Al
fully-coupled distillation
Teacher SAM

ViT-based (large) prompt-guided

) . _— — mask
image encoder mask decoder
image distillation
v
ViT- I t-guided
.| based (small) prompt-guide mask
image encoder mask decoder
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MobileSAM

¢ Semi-coupled distillation

7k

oA

« Decoder’| EE2|X| &0} sh& QP

o OIX|2h decoder®| ZZ0| prompt0]| [LiEF ZEE - e aPFol|lM 28 =0 EX
semi-coupled distillation

Teacher SAM

ViT-based (large) prompt-guided mask

—>
image encoder mask decoder
image copy distillation
v
ViT- I -gui
'| based (small) prompt-guided mask
image encoder mask decoder

H KOREA Data Mining
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MobileSAM

% Coupled Distillation2| Tt S &2+t Decoupled Distillation !

Teacher SAM

_ ViT-based (large) ) prompt-guided -

image encoder mask decoder
distillation <Coupled Distillation>
v
ViT-based (small) prompt-guided
. —P —_—) —
Image image encoder mask decoder L2

Bl K OREA Data Mining
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MobileSAM

¢ Decoupled Distillation (Divide KD into two sub-tasks)

1) image encoder distillation

\ MSE loss=

ZHEHSHAL Al 1S !
TeacherSAM (¥
_, ViT-based (large) i image E
image encoder : embedding i
i distillation i
|, ViT-based (small) i image i
image image encoder ! embedding i

"8 KOREA Data Mining
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MobileSAM

¢ Decoupled Distillation (Divide KD into two sub-tasks)

2) mask decoder finetuning (optional)

Teacher SAM Finetuning (optional)

P T TTTTTTTTTTT T

1 1

: :

iT- image i ~gui '

_ YIT based (large) J . I prompt-guided 'y mask

image encoder embedding ! mask decoder :

I I

1 1 1

1 1 1

| I i I

I ! I

distillation : | copy :

l I i I

: y :

: :

. Q 1 . 1

. | YlT-based (small) iImage i prompt-guided ' mask
Image image encoder embedding : mask decoder

1
1
1
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MobileSAM

< MobileSAM performs on par with the orignal SAM

(a) Original SAM (b) MobileSAM (c) Original SAM (d) MobileSAM

Figure 5: Mask prediction with a box as the prompt.
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MobileSAM

+»» FastSAM vs MobileSAM

Table 6: Comparison between FastSAM and Mo-

bileSAM.
FastSAM | MobileSAM | Ratio
Size 68M 9.66M ~ 7
Speed 64ms 12ms ~~ 5

7 times samller
5 times faster

\

Lightweight Segment Anything

Table 7: mloU comparison. With the assumption
that the predicted mask from the original SAM
is ground-truth, a higher mIoU indicates a better
performance.

100 200 300 400 500

FastSAM 027 033 037 041 041

|MobileSAM 073 071 0.74 0.73 O.73|

superior performance

/

more suitable for mobile applications
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EfficientSAM

+* EfficientSAM: Leveraged Masked Image Pretraining for Efficient Segment Anything

*  Meta Al Research (2024, CVPR)

- 91821532

EfficientSAM: Leveraged Masked Image Pretraining for Efficient Segment
Anything

Yunyang Xiong, Bala Varadarajan; Lemeng Wu; Xiaoyu Xiang, Fanyi Xiao, Chenchen Zhu,
Xiaoliang Dai, Dilin Wang, Fei Sun, Forrest Iandola, Raghuraman Krishnamoorthi, Vikas Chandra

Meta Al Research
SAMI-Pretrained | Masked
Image Encoder | ~| Decoder

(~5M)

KOREA Data Mining
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EfficientSAM

+* EfficientSAM: Leveraged Masked Image Pretraining for Efficient Segment Anything

49 -
45 - . Efficie@SAM-S
a Efficierg:SAM-Ti
<<
41 -
oblleSAM
."astSAM
3 - |
{00 101 102

Throughput (img/s)
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]
EfficientSAM
“* Two stage framework
SAMI
SAM Image
T | Encoder ViT-H
Image MAE
Stage 1 i m ‘ Em
SAMI pretrainin ® || Masked Sipeecings Loss
p g Image 0 l - lll
~um Light-weight Cross-Attention S L
R
o .
=

EfficientSAM

¥

Image Prompt-Guided
Encoder Mask Decoder

Stage 2
SAM finetuning

KOREA Data Mining
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

[] [ ]
:

> | il
Pr— [] [ ]
- o
HESEE > | H =
HEENE 4 - u
FWEREE > ™ encoder —> - decoder =
puuns M —
7 -
input . D .
k | -
[] [ ]
] [ ]
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

>

visibile patch mask token
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

ancoder == - IR

visibile patch mask token

>

4

gy

input

KOREA Data Mining
UNIVERSITY o..\l Quality Analytics

KOREA



Introduction  FastSAM  MobileSAM  EfficientSAM  Conclusion Lightweight Segment Anything

SAMI
SAM Image
Input Encoder ViT-H
I I Image
[
-3 Masked
Image

ﬁ% Lot
+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

Transformer Encoder

A

L x

( ‘ MLP

|

Norm

encoder GD: viT

Multi-Head
Attention

) A A )

Norm

Embedded
Patches
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

EEE

encoder —> > Positional embedding

ey

HEEE

o O |
e

N |
PN/
HE >
e M
Bl
e
Y

input

encoded visible patch

mask token
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

=
=

a u

L]

B

encoder —>» = decoder

N

>

y
Vi
=
4
i
£
-
Y

gy

input

=

B
N

decoder0{| A{ 2t mask tokenS A6}
HICHE =

encoded visible patch

mask token

rir
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

Masked image Ground-truth

MAE reconstruction

Blurry ..

KOREA Data Mining
UNIVERSITY o.:.l Quality Analytics
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EfficientSAM

+* MAE Architecture

* Masked Autoencoders Are Scalable Vision Learners

[] L]
e & B

, _
—_— [] ]
- i B
E o B
." encoder - E decoder =
K =
|- - B
e N o
[l [ ]
[] ]
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EfficientSAM

+* MAE Architecture

Downstream Task

ex) Classification

1

H

encoder —»  MLP —> flamingo

|

A .-
PR S A
" |

Jo
o=
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s 2-Stage

Stage 1
SAMI pretraining

Stage 2
SAM finetuning

Data Mining
KOREA ..:..
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EfficientSAM

Lightweight Segment Anything

MAE

MobileSAM  EfficientSAM  Conclusion
]
SAMI
SAM Image
Input Encoder ViT-H
Image I I I
Masked Tokens

= Unmasked “ " R ot
WEY— ked Embeddings O O0OO0 T
- Image l - lll

__E=. Light-weight . 0 ‘ Cross-Attention 8L

-E'A-g " Encoder 0] ‘ Decoder %. B
- =

EfficientSAM

v

‘ Prompt-Guided ’

Image
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EfficientSAM

¢ SAMI pretraining (Stage 1)

«  7|&E sAaM 29| Arlist vitH QA S X AHESt

rir
=
rx
M|
1A
ojo
=Cl>=l-
oy
ol

}
rin
ro
kU
in|
i
10
o>
_9_|-
rir
|
0%

»  SAMI: SAM-leveraged masked image pretraining

SAMI
SAM Image
Input Encoder ViT-H ’
Image 1 I I
Masked Tokens
[~ T Unmasked R e
Stage 1 W Embeddings HDEEDDOHOD “loss
. e Wy Masked 1
SAMI pretraining Image 0 111
_»E=I Light-weight U 0 ‘ Cross-Attention &5
.!...g "l Encoder ] ‘ Decoder %. g
| =
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EfficientSAM

¢ SAMI pretraining (Stage 1)

«  7|&E sAaM 29| Arlist vitH QA S X AHESt

»  SAMI: SAM-leveraged masked image pretraining

Conclusion

rir

Lightweight Segment Anything

SAMI
SAM Image
Input Encoder ViT-H
Image I I I
Masked Tokens
T Unmasked R triict
Stage 1 =;_@—‘ Masked Embeddings oo0oeaem® eco:isr:c .
SAMI pretraining ) Image 1 = 11
_,E=;_. LigEht-wgight 0 0 ‘ Cross-Attention %%
% ncoder Decoder ol
e O ‘ 28

Encoder?2| input:
unmasked patch
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EfficientSAM

¢ SAMI pretraining (Stage 1)

« 7|&sAM 2| AHCYTtvit-H QAL E X A= 4, MAEE M 8ol AE=IEl Q1AM E sh&5ks 1Pd
»  SAMI: SAM-leveraged masked image pretraining
SAMI
SAM Image ’
Input Encoder ViT-H ’ queries
s ed Tok 1
Masked Tokens
= Unmasked .
Stage 1 !i "’__ Embeddings ID G [:] [:] D D Reco:zt;:ctlon
- Wy Masked +
SAMI pretraining Image = 1]
i..g Light-weight U Cross-Attention Cllz
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EfficientSAM
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¢ SAMI pretraining (Stage 1)
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EfficientSAM

¢ SAMI pretraining (Stage 1)
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EfficientSAM

“* SAM finetuning (Stage 2)
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EfficientSAM

“* SAM finetuning (Stage 2)
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Main Results

% Zero-shot single point calid mask evaluation results

Only underperforms SAM by 1.5 miOU

COCO LVIS
Method box | 1click 3click | box | 1click 3 click
SAM[31] 784 | 55.6 741 | 789 | 598 752

MobileSAM[68] 74.2 437 59.7 73.8 51.0 54.4
SAM-MAE-Ti[31] 74.7 43.3 65.8 73.8 50.6 65.3
EfficientSAM-Ti (ours) | 75.7 45.5 67.2 74.3 2.7 66.8
EfficientSAM-S (ours) | 76.9 | 50.0 69.8 | 754 | 56.2 68.7
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Main Results

+» Ablation Studies

Masking ratio 75%7/} 7t& M &

o 1=

mask 85%

mask 95%

Mask Ratio 50% | 75% | 85%
Top-1 Acc.(%) | 84.6 | 84.8 | 84.7

Table 7. Ablation on the mask ratio for SAMI-B on ImageNet-1K.
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