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1. Introduction
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1. Introduction
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1. Introduction
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1. Introduction
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1. Introduction
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2. Weakly Supervised Semantic Segmentation

«  Weakly Supervised Semantic Segmentation &+ =%

< Weakly Supervised Semantic Segmentation (WSSS) &+ =X
« I8 T Labeling2 B2 215, AlZh H|E0| ERet
«  Llabeling A8 AT, AF2O| 7|20 2} Labeling ZA1HE X}O| 7} EhAlish 4~ QIS
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R X} HHu} (Backpropagation)
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2. Weakly Supervised Semantic Segmentation

«  Weakly Supervised Semantic Segmentation &+ =%

< Weakly Supervised Semantic Segmentation (WSSS) 1+ =X
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2. Weakly Supervised Semantic Segmentation

2Kl M E(Bounding box) 7|2t (bounding box annotation)

X/

< Type of weakly supervision @ - HF2} 2|%|
-  2017" Computer Vision and Pattern Recognition Of|A] 27|
-+ 2020 8F 19€ 7|& 2332 Q&

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation,
Except for this watermark, it is identical to the version available on IEEE Xplore.

Simple Does It: Weakly Supervised Instance and Semantic Segmentation

Anna Khoreva!  Rodrigo Benenson'  Jan Hosang!  Matthias Hein®>  Bernt Schiele!

"Max Planck Institute for Informatics, Saarbriicken, Germany
2Saarland University, Saarbriicken, Germany

- Khoreva, A, Benenson, R, Hosang, J, Hein, M, & Schiele, B. (2017). Simple does it: Weakly supervised instance and semantic segmentation. In Proceedings of the IEEE conference on computer vision and
pattem recognition (pp. 876-885).
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2. Weakly Supervised Semantic Segmentation

2Kl M E(Bounding box) 7|2t (bounding box annotation)
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2. Weakly Supervised Semantic Segmentation

|X| M 2 (Bounding box) 7|8t (bounding box annotation)

\/
000

Feature Extractor
(Encoder)

Type of weakly supervision @ -

« <5 OOJE AIof Chsl 1 Epoch =t & HH L
- HFEER 05 21 fIX] JAtet H[W) A2 As YEHe =2 HH
. ST NPRS HEE

‘A o|Of x| A
(Encoder)

[
gl

Khoreva, A, Benenson, R, Hosang, J, Hein, M, & Schiele, B. (2017). Simple does it Weakly supervised instance and semantic segmentation. In Proceedings of the IEEE conference on computer vision and
pattem recognition (pp. 876-885).
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2. Weakly Supervised Semantic Segmentation

- HZHE 7|8t (image-level annotation)

X/
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2. Weakly Supervised Semantic Segmentation

« Weakly supervision2| Z&F

X/

% Type of weakly supervision ) -
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» Dense Conditional Random Field
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3. Multi-label Classification and Grad-CAM

< Multi-label Classification =X
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3. Multi-label Classification and Grad-CAM

. Alamo|= ol

< Multi-label Classification =X|
- 2 0|0[X|0f CHSHA CHE 24K =X {2 E 0| FstH= =X
- CNNOIM £3E|= 242 A|OZ20|= ah0f Ystol HE 4L =5
- =F S0l HF E EXM GREE o= Vs & XA

(logit)
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Feature Extractor

(Encoder)
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3. Multi-label Classification and Grad-CAM

o A|JEO|E HAL 0-
1@
< Multi-label Classification &4 A g: )
- CNNOJM E3L|= 242 A|O20|E T=0f ¢
- ZEUS 0|3 HF E EXf R E o= 7% e
! 1+exp( (-1) x =) exp( (-1) x ™) i
T+exp( (—1) x E=) P =T P =T (logit)
0.70 143 ‘ 043 ‘ 0.85
033 ‘ 3.08 ‘ 2.08 ‘ -0.73
042 ‘ 2.38 ‘ 1.38 ‘ -0.32
0.63 ‘ 1.59 ‘ 0.59 ‘ 0.53
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3. Multi-label Classification and Grad-CAM

. AamolE g i 5 <b
- T IE

Feature Extractor

5 Encoden) :S -
< Multi-label Classification = M 2 g:
«  CNNOM Z3E[= ﬁké AAR20|E 0 2H3I0 2tE ¢l ==
- HEUS SN EF EEMORE NS s &
«  AJRO|E O] O.SEEf = 42, olid 837 &1 O[0[X| L Xt o=
1
T 1+exp((—1) x =)
1
-0.73 -0.32 0.53 0.85 ESES
e AL

Copyright © 2019, All rights reserved. -21 - .‘\ D M Q /\ .‘ md



3. Multi-label Classification and Grad- CAM

. AlZZo|E A = 0‘ z
Q-
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3. Multi-label Classification and Grad-CAMu

+ Multi-label Classification 28 st&
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X/

% Multi-label Classification 2 st5 2t&
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3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping

% Gradient-weighted Class Activation Mapping (Grad-CAM)
« 20173 International Conference on Computer VisionOf| A 27
- 20209 8 15¥ 7|& 24522| 218

Grad-CAM: Visual Explanations from Deep Networks
via Gradient-based Localization

Ramprasaath R. Selvaraju - Michael Cogswell - Abhishek Das - Ramakrishna
Vedantam - Devi Parikh - Dhruv Batra

Gmrgm Insmutc of TﬁEh]‘ID]Dg_} Atlanta, GA, USA |

--mail: ramprsie gatech.edu Devi Parikh
Michasl Cosswell Georgia Institute of Technology, Atlanta, GA, USA
| Georgia Institute of Technology. Atlanta, GA, USA | Facebook Al Research, Menlo Park, CA, USA
E-mail: cogswelli@ gatech.edu :
gk Das . -
Georgia Institute of Technology, Atlanta, GA, USA | GWIE'“ Institute of Technology. Atlanta, GA, USA
F-mail: abhshkdz @ galech.edu Facebook Al Research, Menlo Park, CA, USA

FE-mail: dbatra@ gatech.edu

1 P [am
IGmr}am Institute of Technoloey, Atlanta, GA. USA |

E-mail: vrama @& gatech.edu

Copyright © 2019, All rights reserved. -24 - D M Q /\
Y




3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping
< Multi-label Classification 2&2| /12! &M (Grad-CAM)

*  Grad-CAM2 O|0|X| =& 2 0= Zutof Chet TE 245 MAIR == UAes €12EF
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3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping

< Multi-label Classification 2&2| /12! &M (Grad-CAM)
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3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping

< Multi-label Classification 22| 2I9I
e  ZZ+9| Feature mapOfl CHEH 5 & A

Feature map
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1 Jo1| 6 |034
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3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping

s Multi-label Classification I
o AAFEED Of|FeF RQ XS

Feature map
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3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping

s Multi-label Classification I
o AAFEED Of|FeF RQ XS

Feature map
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3. Multi-label Classification and Grad-CAM

* Gradient-weighted Class Activation Mapping

<« HQ EAM Azt 21t (Grad-CAM)

Grad-CAM
AlZte}t Aat
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4. Dense Conditional Random Field

- 2|5t Ax2] BA S ROF=AL

X/

< Grad-CAM = O|8dllA| K] BAHMS &S T+ USSP
. Grad-CAMS O|R3flA] S 20| $/X|Z Horet

-+ ORX|EH Z=H5| K| 7t EXfSts G

—
- =E ¢dF &E O|0|X|E O] 85}

Grad-CAM
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4. Dense Conditional Random Field

e Dense CRF

X/

< Efficient Inference in Fully Connected CRFs with Gaussian Edge Potentials
« 20124 Neural Information Processing Systems (Neural IPS)0{|A| & &
« 2020 8E 18 7|E 21502 &

Efficient Inference in Fully Connected CRFs with
Gaussian Edge Potentials

Philipp Kriihenbiihl Vladlen Koltun
Computer Science Department Computer Science Depan:|ment
Stanford University Stanford University
phililkridcs.stanford.edu viadlenldcs.stanford.edu
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)
- Dense CRF ¥112|F2| Qi3 Hy= T ME 2HF Zia) 0]0]X|
o AARR} BEATE EX|SICHD O B

SHX|BA} B HE
AAp, QL T A, BA

Feature Extractor
(Encoder)
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4. Dense Conditional Random Field

« Grad-CAM Z1tE = O|0|X| 27| 2 =&

*+ Dense Conditional Random Field (Dense CRF)
Dense CRF ¥112|E2| 23 H4-= T/dE 25 i} 00| X

T 212 ZH Grad-CAME 0|83} AA5111 0[S O|0|X| 27|9f SUSHA| &%

T|MI ALY} E=X|SH 82 EtX|St X} SH= HE
QUAL OFL} FE|AEI BHA
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1.744 5045.
> 1.7445 588 e
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4. Dense Conditional Random Field

.+ Grad-CAM Z}E 92} 0||%| 7|2 2

*+ Dense Conditional Random Field (Dense CRF)

Dense CRF €112|52| 3 Ha4= TMH 215 Zaf 0|0]X|

==
T/ MY 32 42 Grad-CAME 0| 23| AAIst D 0| 0|0|X| A7|9F US| 2HA}

M StA 7} =x)E 3HE B XI5t %} of= HE
o Lo Lo Lo Lo | oo Lo Lo [ oo | o
EEE 1 0.88
|ﬂﬂ 0 0
el
EE
=l
I . 1 0
I ; 086 0
I .
09 | oo |
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)
Dense CRF ¥ 112|&2| Y8 H4z TAYE 265 70} 0[|0]X|

TS 35 212 Grad-CAMS 0|83} 44438k T 0|5 0|0|X| 279 SUSHA 2y

T 2N} ERE 2E

=T
I

(=] [=] [=]
I J 3

Dense CRF
(2H&, O|O|X])

o | o | e 1
N | NN
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)

S LMo 22 wR| 8 4 Uk 710l EX
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)
LA A7 B B2, &2 Y0 S5HK| R== 2 (DAL vs. Ui E
Ol

AL ETf 25
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)
. XEZSXoZ LM HEZ H= St 57|

. S x| et £1) 280|712 ¥FE ojg Ty

AdZ|AEX
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)

>

TAHLE FiE|E HHE|

K
E@ID = ) o) fruCri ) ) wmkm (s, £y |
[ m=1

A

2 2
lpi —p; ") | 7 = 1]
k(fi,fi) = wyxexp| — —
(f f]) 1 p( 202 20[?
2
Pu(x) = —logP(x),i = 12,....,hx w lp: — o5l
+ w, x exp(— > )
> how: Q3 o|0jx|e| 7k, ME Z0| 20y
Pl BEAZEE S8 G0 £2 == ppp; t TALO| K| (0] - (2,3))
P(x;)= Grad-CAM 22 At 7t I, 1 578 TAof A (0] - (0,0,255) )
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4. Dense Conditional Random Field

e Dense CRF

o

% Dense Conditional Random Field (Dense CRF)

. Ao UNE|E MEHEY|

a

K
BGe D) = ) () +|uCei x| ) w™k(f, £)
[ m=1

- FARRIXIS] g
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. QAR AAtl
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4. Dense Conditional Random Field

e Dense CRF

*+ Dense Conditional Random Field (Dense CRF)

. Ao UNE|E MEHEY|

Maxgcmiz@ = %exp(—E(x | 1))
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4. Dense Conditional Random Field

e Dense CRF

s+ Multi-label Classification — Grad-CAM -> Dense CRF
« M EHAHE HHN 0| EF 3 Semantic Segmentation Z1F A| 2t}

«  Mean Intersection over Union (Semantic Segmentation &7 X| ). 44.57 (%)

Grad-CAM o= Z4t
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5. Trends of Weakly Supervised Semantic Segmentation

X/

< X7} et& (Self-Supervised learning)

. Y OojEle] SHS OBt YU NBXIE S5
. SlZSIIR; SHe 2R Aol Bt DU HBrelol 7| EEC A5 By D

Encoder - Decoder
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5. Trends of Weakly Supervised Semantic Segmentation

»  Weakly Supervised Semantic Segmentation with Self-Supervised learming

< X}7} & 0|2 @ (Class activation map (CAM) 12|52 EXHIES X|H)
O o

=1
- ST O|O|X|of CHsll o|a|X] 27|7t Het F2 gy FHO| HEE

«  X}7t S (Self-supervised learning) = 0|23l =X E siiZ2%H A =X
- 7|F& CAMZ 750 K| ZHEREE|Of ZHEA B EYS
« A3 HIO|H2| MloUE 64.5%), HIAE H|O|E{2] MloUE 65.7(%)
Ha SZh

A

- Wang, Y, Zhang, J, Kan, M, Shan, S, & Chen, X. (2020). Self-supervised Equivariant Attention Mechanism for Weakly Supervised Semantic Segmentation. arXiv
preprint arXiv2004.04581.
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5. Trends of Weakly Supervised Semantic Segmentation

+  Weakly Supervised Semantic Segmentation with Self-Supervised learming

<« A7t ek5 018 @ (FZ7HH Y O|O|X| &/ 2ol S 48)
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- Yu-Ting Chang, Qiaosong Wang, Wei-Chih Hung, Robinson Piramuthu, Yi-Hsuan Tsai, &Ming-Hsuan Yang. (2020). Weakly-Supervised Semantic Segmentation via
Sub-Category Exploration
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