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Introduction

- Image segmentation

< O|O|X| 2& (Image Segmentation) O| 2t ?
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»  Semantic segmentation, Instance segmentation, Panoptic segmentation

Semantic Segmentation
I
+ Panoptic Segmentation
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Instance Segmentation
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Introduction

- Semantic segmentation

/

% Semantic segmentation

2 B2 AP0 Zelot B3 F O
2 HE HA[SA; 3FE =
UK 72| ME CHS
X|SHAAAt Bt=

El

—

.

2

L
rh

o

r

x O

rO
>
Ot
A
K2
o

7
of
H
x

HL
Im
ro
I
N
mo
i
|E
W

|

m
DEE ol
o
=

N

a

14
Ju

O[OfX|

S RYEIN

Ral

OF
2l
=2
iels
ol
Ot
rir

o

<Q H

NE ME
Hu

1 I o
ok of| =
A H =
38 EF
=~
T HAOIR| B 014

Segmentation Label

[ofojojofofojojofofo
ofz2]ofojojofofojo]
ofal2lofo]alajofofo
ofalal2lofa]alaofo
ofafafajofalalalolo]
ofalalafa]a]alaofo
ofalrlalzfa]alijolo
ofrfrfrfzfa]alafa]o
ofrfifafafrfsirlalol]
ﬂﬂﬂﬂﬁFﬂﬂﬂﬂ

Semantic Segmentation 2.2
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Introduction

- Instance segmentation
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% Instance segmentation a2laen
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Semantic Segmentation

Introduction

+ - Panoptic Segmentation
- Panoptic segmentation -
Instance Segmentation
% Panoptic segmentation
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4= o[ofX| Ground Truth

Introduction
- How to train semantic segmentation models?
< Semantic segmentation(SS) 2& st 24
« 7AEte 22 sta YA KA Ground Truth(GT) AHE:

b

YA M2t 7=

>  Supervised SS: 2 (218 O|0O|X|-GT) @2 A8 22 ot&

> Semi-supervised SS: M2 (212 0|0|X|-GT) 41t B2 Y™ O|0|X|E A8 22 ot&

>  Weakly-supervised SS: B2 (213 O|O|X[-Weak label)2 AFEdH 2 =t&

> Unsupervised SS: &1 2 O[0|X|TH ARG 2 sk
- = O[O|X[0]| CHet GT dd HEAEZ= SiZot7| lofl A=l A= Z0F

Semantic Segmentation

Supervised Semi-supervised Weakly-supervised Unsupervised
DeeplLabV3+ UniMatch WSSS-SAM STEGO
SegFormer ReCo ISIM DlNo[ ‘i*?‘ ))
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Introduction

- Weakly-supervised Semantic Segmentation

/

% Weakly-supervised Semantic Segmentation
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Weakly Supervised
Semantic Segmentation

Semantic Segmentation
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Introduction

- ChatGPT (Foundation model of NLP)

/

% ChatGPT(Chatting + Generative Pre-trained Transformer)
e OpenAldjA] 725t CHY A0 2 (Large Language Model, LLI\/I)
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CHATGPT
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Introduction

- ChatGPT (Foundation model of NLP)

<% ChatGPT &8 0|A]

- HAXIE E4otH O|01| Chiet Eels =050 izt 495 T

«  ChatGPT 7|=0f (2™ HM|X|E Prompt2t HHSID PromptOfl CHSH EfH(Response)S 244
&3 You
What is the semantic segmentation task in computer vision? Prompt
ChatGPT

Semantic segmentation is a computer vision task that involves classifying and labeling
each pixel in an image with a corresponding class label. The goal is to understand the
meaning or semantics of each part of the image. In other words, the objective is to
partition an image into meaningful segments and assign a specific class label to every

pixel based on its content.

| | , | - Response
Unlike other image segmentation tasks that might focus on grouping pixels into
regions based on color or texture, semantic segmentation goes a step further by
associating each segment with a specific object or class. This fine-grained level of
labeling is crucial for applications where a detailed understanding of the visual scene is
required.
Here are some common use cases for semantic segmentation:
//
- OpenAl. (2023). ChatGPT [Large language model]. https;//chatopenaicom [\
N
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Segment Anything

- Segment Anything(2023, arXiv)

% Segment Anything (SAM)
*  Meta (d}7 Facebook)0f| Al S7liet O|O|X| H|O|&H-& ?|et ChatGPT

Segment Anything

Panoptic Segmentation 2|
Nikhila Ravi!:2 Hanzi Mao? Chloe Rolland® Laura Gustafson®

Alexander Kirillov!2*  Eric Mintun?

Tete Xiao®  Spencer Whitehead  Alexander C. Berg  Wan-YenLo  Piotr Dollir'  Ross Girshick?
1 - 2. . 3 - . 4da .
project lead joint first author equal contribution directional lead Focal Loss, Faster R-CNN,
Meta Al Research, FAIR Mask R-CNN
valid mask valid mask annotate
t I I
lightweight mask decoder model data
= I ol ; tran ‘—,
model [ ‘
B i "‘j“:;f Segment Anything 1B (SA-1B):
o ; l s * 1+ billion masks -
R D ot with f:::li: * 11 million images
. black ears ‘ 1 * privacy respecting
: t * licensed images
segmentation prompt image prompt image

(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

Figure 1: We aim to build a foundation model for segmentation by introducing three interconnected components: a prompt-
able segmentation rask, a segmentation model (SAM) that powers data annotation and enables zero-shot transfer to a range
/

of tasks via prompt engineering, and a data engine for collecting SA-1B, our dataset of over 1 billion masks. AR
L [2))
N
| neidist
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Segment Anything

- Motivation from ChatGPT

% SAM MXI=0| 7IH%l o|F

«  Segmentation= 22 ChatGPT2t 22 & (Foundation) 222 Bt= 5= AS7F?

>  What task will enable zero-shot generalization? (2t 2H4])
>  What is the corresponding model architecture? (2 & +=X)
>  What data can power this task and model? (C{| O] E)
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Segment Anything

- Task of SAM

/

< What task will enable zero-shot generalization? (Task 32])

HAst= KT FES 5= Y E=F Prompt segmentationO|2t= 24| H2
212 0|0|X|2t PromptE YUE B0t Prompt?t HHSt= M| E FESH= 2K
Prompt= Weakly-supervisiong A&t 24| 0] CHSt Segmentation Z21HE MaskZ 32

valid mask

model
vl N
° @ cat with
® black ears

segmentation prompt

(a) Task: promptable segmentation D)
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Segment Anything

- Model of SAM

/

% What is the corresponding model architecture? (Segment Anything Model)
e 5 Encoder?} EtY Mask decoder= /4

. el= o|O|X| 2t PromptOﬂ [ist EXIS XE38H £ 0l MZ CH2 Encoder A
« S5 EncoderOf| A L2 B HIHE A2l &Sh= M2 ==5t= Decoder =AY
valid mask

t

lightweight mask decoder

| 1

&

image
encoder
prompt
encoder
i t
prompt image L
(b) Model: Segment Anything Model (SAM) [/\ 2))
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Segment Anything

- Data of SAM

< What data can power this task and model? (G| 0| E)
- 1,700 BH 3 0|0 x|t O|O]X| LY Z4K[0fl ChTH Mask 109% 0|42 AL
- 23 O|O0|X|i= ARl ZTHEO| A T BHO} License W AMME 25 2| 2tZ =l 0|0|X|

e O{EH Mask 102%t O| A2 THE Z427)}? (Annotate ?)

,—-) annotate l

model data

T train <—|

Segment Anything 1B (SA-1B):

* 1+ billion masks
* 11 million images
* privacy respecting
* licensed images

AN

(c) Data: data engine (top) & dataset (bottom) C 2))
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valid mask

Segment Anything

- Definition of Promptable Segmentation — B
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valid mask

Segment Anything

- Ambiguity result _ B
. |
< OjojR= ot 24| 212](Ambiguous mask)

(a) Task: promptable segmentation
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valid mask valid mask

Segment Anythin =
g g model
. A image
- Model architecture — encoder
= L b
= . : e

\/ segmentation prompt image ~ prompt  image

0

* SAM i -l (a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM)
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Segment Anything

valid mask

lightweight mask decoder

‘7T7

- Model architecture

/

% Image encoder in SAM
«  Masked Autoencoder(MAE) 2H= AME sk

| image
encoder |

prompt ‘
encoder

i 1

prompt image

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

valid mask

lightweight mask decoder

- Model architecture

/

% Prompt encoder in SAM
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(b) Model: Segment Anything Model (SAM)
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valid mask

lightweight mask decoder

Segment Anything i

- Model architecture encoder

4

< Mask Decoder in SAM () Mol Sezmnt Anything Model SAMD

«  Image encoderg S5t £ 1 Prompt encoder &1t EHZ 22t

«  Prompt X}H|0f CHH Attention1t Y Attention=2 Soll M2 £ 8¢
> ZEFSF Attention = (Image to token Attention) + (Token to Image Attention)

- O|OJX[0f| Ciet EHEZ |lE AIO|=E F{(Transposed Convolution)dl| {2 Mask ‘4
> OO 225t Mask(Ambiguity) MHE 2[5 M= CHE M| 7 Mask -

image x2 dot product
embedding |- image to token attn. ’ 2% per mask
(256x64x64) : conv. (® masks
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| .| output
token —1
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output tokens N token gy P
" {0 1mage | output
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image x2

° f -
Segment Anything s, | | meemem T [
| mlp | trans.
- Loss function of SAM | token to image attn. |
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Segment Anything

- Data Engine

% SAM 52 fiet H|o|E Ao
E

O/ &
« A0l 3llE MaskE A E 20]53 HE7

l—) annotate —l

model data

L mn —

Segment Anything 1B (SA-1B):

* 1+ billion masks
* 11 million images
* privacy respecting
* licensed images

(c) Data: data engine (top) & dataset (bottom)
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Segment Anything

- Data Engine

/

% Assisted-manual stage & Semi-automatic stage
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image x2

Segment Anything ith M ,LT N . -

I mlp | trans.

I

[ token to image attn. |

- Data Engine

token [ gt mIP

output tokens i to image | ouput

. | token ToU
prompt tokens | self attn. | attn. R
® 4 (N,,..X256) scores

% Fully-automatic stage mask decoder
o« ORX|S EFA0M = AR 70 §10] g Mask% A& 7l 0 Mask & 99% O|))
« & 10247H(32 X 32 Grid) Point promptE 4ol 2+2f Hof| CHEH MaskE 44

AH
o
. Point promptOfl CHSF 042 Mask & loU 2T 0|7} 7} =& H|O|EE &3 Auts MM

Assisted-manual stage

|
|

-~ fn i |-Tm)

KOREA UNIVERSITY




ing

Fully-automatic stage
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- Data Engine
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Segment Anything

- Summary

& SAM 29

S AR A 7HRE =300 Ciet B
>  What task will enable zero-shot generalization?
»  What is the corresponding model architecture?

»  What data can power this task and model?

Segment Anything

Task

Prompt segmentation

ChatGPT
DX LY HIZH| S0{2Zt
sk | B3 U 22i0f Sot
Generative model with
Model |
arge transformer
Data 2 Text H|O|E
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Segment Anything
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1 point 3 points 1 point 3 points # countries #lmgs #masks | SA-1B  COCO O.L
perceived gender presentation perceived skin tone Africa 54| 300k 28M| 28% 3.0% 1.7%
feminine 544417 90.4+0.6 1 529+22 91.04+0.9 Asia & Oceania 70| 3.9M  423M | 36.2% 11.4% 14.3%
masculine 55.7+1.7 90.14+0.6 2 515414 91.1405 Europe 47| 54M  540M | 49.8% 34.2% 36.2%
perceived age group 3 522419 91.4+407 Latin America & Carib. 42| 380k 36M| 35% 3.1% 5.0%
older 629467 92.6+1.3 4 515427 91.7+1.0 North America 4| 830k 8OM | 7.7% 48.3% 42.8%
middle 545413 90.2405 S 524442 925+1.4 high income countries 81| 5.8M 598M | 54.0% 89.1% 87.5%
young 542422 91.240.7 6 56.7+63 91.2+24 middle income countries 108 | 49M  499M | 45.0% 10.5% 12.0%
low income countries 28| 100k 94M| 09% 0.4% 0.5%
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Segment Anything

- Zero-shot Transfer Learmning Experiments

/

< Single Point Prompt & Al 84l *4/d¢t Mask 0] Ciel ‘ds
- Y Hs === fl6l 250 *f%&ﬂ AU SIHEl Segmentation HIO|E Al ALE
>  Zero-shot Learning in SAM: SH&0HX| 242 EXl(ex. Semantic segmentation)0]| CH2H Hs
- =73 O|O]X[0f T Point Prompt BF IEHBHA Mask M| & -E(EZPIE= 71 L2[5t= A)

|'0|-

«  AH| Ground truth?t H| 8| A] mean Intersection over Union(mloU) 4t=
HuHHERTM) 8

PPDLS [74]
BBBCO038v1 [12]
DOORS [80]
TimberSeg [38]
NDD20 [100]
LVIS [44]
STREETS [91]
ZeroWaste-f [6]
iShape [111]
ADE20K [117]
OVIS [81]
Hypersim [86]
NDISPark [22, 23]
VISOR [28, 27]
Plittersdorf [46]
EgoHOS [113]
IBD [17]
WoodScape [112]
Cityscapes [25]
PIDRay [104]
DRAM [24]
TrashCan [52]

GTEA [34, 63]| 2L ' . 4
+20 (

IoU delta at 1 center point N
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Segment Anything

- Zero-shot Transfer Learmning Experiments

< Zero-shot Edge Detection EHIE st Zu}
«  SAME A3l MaskE ‘48t &, Sobel EE{E A3l Edge= H2t

« 7| Edge Detection H|O|E Al L Ground truth 2Lt "d2t5HA| EdgeE Q1A
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ground truth SAM
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Segment Anything

- Prompt engineering
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Segment Anything

- Shadow Detection and Camouflaged Object Detection
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SAM-Adapter

- Segment Anything(2023, arXiv)

< SAM-Adapter(2023 ICCV - 33| 2I-&, arXiv - 34%] 2I8)
- KOKONI 3D 2t= 2[AHE B2 = TI™dE sAM 7|8t Holeks
.«  TO| EE Al H5 TIE I8t AdapterE F715) M6 et =2

>  Shadow Detection, Camouflaged Object Detections ¢/l O|A| = I
SAM-Adapter: Adapting Segment Anything in Underperformed Scenes

Tianrun Chen’?* Lanyun Zhu** Chaotao Ding** Runlong Cao®** Yan Wang’

Shangzhan Zhang! ZejianLi! Lingyun Sun! Ying Zang > Papa Mao 2

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_zhu@mymail.sutd.edu.sg
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SAM-Adapter

-7|ESAM B X
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SAM-Adapter

- Fine-tuning for Mask decoder

< Encoder 5582 11351 Mask decoder®t xjsts
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SAM-Adapter

- Task-Specific Information Injection
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SAM-Adapter

- Task-Specific Information Injection

< Adaptor0j Cigt 2= Cf|0|E
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SAM-Adapter

- Camouflaged Image Segmentation
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SAM-Adapter

- Shadow Detection
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Conclusion
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