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Introduction

% Computer visionO|Z?

 Computer vision: AFEf 2| AN & AFEHE SHLF &
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Object Classification: O|0|X| & Z4HM|E 214|510 =

Object Detection & Localization: O|H| X[ EE= H|C| 20| A ZHA|E AlEHS= A4

Object Segmentation: O|0|X| 5! H|C|2 =2 LHO|A 24K E 250 EFSH= AT
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Introduction

< Object Segmentation
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> Semantic segmentation} Instance segmentation2 2 T4
> Semantic segmentation: Z2 2iX|= Z2 20|22 B3
> Instance segmentation: ZiX|H 2 CIE 20|22 HEHA
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Introduction

< Object Segmentation

 Panoptic segmentation
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Introduction

< Semantic segmentation®| -0}
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Deeplab V3 xception_cityscapes_trainfine (GTX980M) INP)
Prediction time: 403ms (2.5 fps) AVG: 356ms (2.8 f:

Input Image Segmented Image
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Introduction

% Tranditional Image Segmentation

e  Threshold Method

 Region Based Method

 Edge Based Method

*  (Clustering Based Method
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white p(x,y)=>T
black p(x,y)<T
% Threshold Method 1" : Threshold
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between the seed and the pixel at (x,y)is< T
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Introduction

% Edge Based Method
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Introduction

% Clustering Based Method
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Types of semantic segmentation

% Semantic Segmentation2| &
> s t'%'.':'o*(ConvolutionaI Neural Network, CNN) 7|t HfH =
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Current unsupervised semantic segmentation trends

% Supervised semantic segmentation2| 0{2{ &
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Unsupervised semantic segmentation

% Unsupervised semantic segmentation
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Current unsupervised semantic segmentation trends

% Unsupervised semantic segmentation
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Unsupervised semantic segmentation

% STEGO

> 2022'3 International Conference on Learning Representations(ICLR)O A HHEl =F

> MIT, Microsoft, Comell University, GoogleO|A| &-& &1

> Unsupervised semantic segmentation=0f0{|A] SOTAC| &= &
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UNSUPERVISED SEMANTIC SEGMENTATION
BY DISTILLING FEATURE CORRESPONDENCES

Unsupervised semantic segmentation aims to discover and localize semantically
meaningful categories within image corpora without any form of annotation. To
solve this task, algorithms must produce features for every pixel that are both se-
mantically meaningful and compact enough to form distinct clusters. Unlike pre-
vious works which achieve this with a single end-to-end framework, we propose
to separate feature learning from cluster compactification. Empirically, we show
that current unsupervised feature learning frameworks already generate dense fea-
tures whose correlations are semantically consistent. This observation motivates
us to design STEGO (Self-supervised Transformer with Energy-based Graph
Optimization), a novel framework that distills unsupervised features into high-
quality discrete semantic labels. At the core of STEGO is a novel contrastive loss
function that encourages features to form compact clusters while preserving their
relationships across the corpora. STEGO yields a significant improvement over
the prior state of the art, on both the CocoStuff (+14 mloU) and Cityscapes (+9
mloU) semantic segmentation challenges.
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Unsupervised semantic segmentation

+»» Model architecture
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Unsupervised semantic segmentation

% Feature correspondences

» f.g:Feature tensor
» c:Channel
> (h,w):Spatial position(f)

> (i,j):Spatial position(g)

Image and Query Points Self Correspondence

TR RALE MH: hips/inkicocne/24608
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Image 1 Image 2 Training

Unsupervised semantic segmentation

eature ,76 mentation
“* Model architecture et

Correspondence Distillation Loss

f, g: Feature tensor

c: Channel

(h,w): Spatial position(f)
(i,j): Spatial position(g)

S:Segmentation correlation tensor

v V YV VY VY VY

b: Negative pressure(hyper parameter)

['simple—corr (x, Y b) := Zhwij(FhWi]' — b)ShWii

L=Aself['corr (xr X, bself) + Aknn['corr (xr xknn’ bknn)"' Aranchorr (x, xrand, brand)
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Unsupervised semantic segmentation

+» Model architecture
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Unsupervised semantic segmentation

+* Results

» COCOstuff(27class) || E{ MO Al 7t

> AN ZatE
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3 E2 452 20E

Unsupervised
Model Accuracy mloU
ResNet50 (He et al., 2016) 24.6 8.9
MoCoV2 (Chen et al., 2020c) 25.2 10.4
DINO (Caron et al., 2021) 30.5 9.6
Deep Cluster (Caron et al., 2018) 19.9 -
SIFT (Lowe, 1999) 20.2 -
Doersch et al. (2015) 23.1 -
Isola et al. (2015) 243 -
AC (Ouali et al., 2020) 30.8 -
InMARS (Mirsadeghi et al., 2021) 31.0 -
IIC (Jietal., 2019) 21.8 6.7
MDC (Cho et al., 2021) 32.2 9.8
PiCIE (Cho et al., 2021) 48.1 13.8
PiCIE + H (Cho et al., 2021) 50.0 14.4
STEGO (Ours) 56.9 28.2
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Unsupervised semantic segmentation

¢ Results
> Potsdam-3(3classes) HIO|EMIOIM 71 £2 d2 E0E

> 2 215 28 2K 20|28 2Lt O FeotA O|0|X| & 2gots d9k =

-

Model Unsup. Acc.
Random CNN (Ji et al., 2019) 38.2
K-Means (Pedregosa et al., 2011) 45.7
SIFT (Lowe, 1999) 38.2
Doersch et al. (2015) 49.6
Isola et al. (2015) 63.9
Deep Cluster (Caron et al., 2018) 41.7
IIC (Jiet al., 2019) 65.1
STEGO (Ours) 77.0
lRoads ® Buildings
/| A
/ QN
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Conclusion

% Segmentation
> O|O|X| Z/E0| ArHo]| Zelet H3 & 0l EH30| £35H=X| oI5
> Semantic segmentation: 22 k= &2 20|52 B
> Instance segmentation: Z{X[ 22 Ct2 2f|0[E2 HHA

> Panoptic segmentation: Semantic segmentationZ Instance segmentationO| Zg!ot 24l

% Unsupervised semantic ssgmentation
> Unsupervised semantic segmentation2 & 2|0|=0| EXHSHX| @4= O|0|X|2 St5 1™
> R0 HFS0| d2o|EEEE Z|2cl= WHELE TIY

Z[Z0j|= feature correspondonceE A&t W =20| 71 £2 8= E”(STEGO)
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