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I. Introduction

< Semantic segmentation O|Zt?
«  Z+HH H[T(computer vision) =00 A C-F= ZA| & StLt2 O|O|X|LHe] B& E/20f| CHol Sai

o|0] ! =(semantic) EH = CHE M| & &2 (segmentation)St= =X

ujru
A
fu
_O'_I-
Fe)

https://www.lego.com/ko-kr/product/lego-dc-batman-batmobile-tumbler-scarecrow-showdown-76239

M person M car M background
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I. Introduction

< Semantic segmentation2| Z&

« w22 0[0[X] QAN S 7HsoH oto] *FE Y, 2|7 B¢ =4

Input Image Segmented Image
ICNet, Zhao et al. 2017: semantic segmentation demo video.

—

https://bskyvision.com/491 , https://thegradient.pub/semantic-segmentation/ , https://developers.arcgis.com/python/guide/how-unet-works/
Novikov, A. A., Lenis, D., Major, D., Hlad(ivka, J., Wimmer, M., & Bihler, K. (2018). Fully convolutional architectures for multiclass segmentation in chest radiographs. IEEE transactions on medical imaging, 37(8), 1865-1876.
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I . Introduction

< Semantic segmentation 2 st&
Semantic segmentation= ¢I¢t HE{'d REHE S5A|7|7] fIsiM = YetE o = i3 o|0]X|2t 10f St= % Ei(abel)0| 22
- HYd RE=RH g2 0= Aufet FES w0 2E st HES ¢

o %

- OFX[CH EHE RE2 EE O E2 HO|H =82 2R 5t QU0 =M the|o| FE HI0|HE 7= & X| &

ojo

Training

CNN

\

Input Model Output Ground truth
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I. Introduction

« Semantic segmentation= ¢/t A& CIO|E| 5
Semantic segmentation= O|0|X| =F2| M EHO| Ol &AM HHe| o ME 0| HR25H7| F0f| H|O|H ++=0| & 02 =

o
. 53|, 00| 75 IHOIN H2E Y| BHE7| 4|9 BY S50) 2|2 AYHS 01 5 U

/— Zuk 5™ 23 0| O] E (severstal H| O] E{All) ~

https://www.kaggle.com/c/severstal-steel-defect-detection/overview
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I. Introduction

< Approaches
- YEHOIH 7150|032 J&0M T

o 22 3 A Weakly-supervised, Semi-supervised, Unsupervised 2 1=
« = MO|LOl A= " B0 7} TS FO{X|X| =

T

Unsupervised semantic segmentation0f| Cisl| CHE

Weakly-supervised Semi-supervised Unsupervised
* Semantic segmentationOi| Cif ot 2t 5 H EH O] « TN Ho|HM T Y8 A2 HO|H T - RE S50 FE 0|7t MS FO{ X|X| G
Ofl CHEFM QI DA B = O|0[X| 20| & & B 0| O X| 2 Ct=2] FEo| gl= HIO[E & o FO|Zl Y™ o|o|X|Re 2 R E S S5
MOHCE M2 HEE ALY 23 ot5 5 =
Y Y

_______________ |
- car - person i |
|
o[1]ofo/10/0/0/0]0] : |
| I
| 1
_______________ |
I_ ______________ 1
| 1
| |
| |
| |
| |
| 1
“Introduction to Weakly S :
Supervised Semantic R |
Segmentation” : :
(‘20.8.21, —7&%% E?‘%) Introduction to Weakly Supervised Sema : i

1
unx: @ za2 LT |

£9 20201 8% 212 \
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Il. Unsupervised semantic segmentation
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IT. Unsupervised semantic segmentation

% Unsupervised learning
o HIX|Z o552 JEHO| FO0IM = B2 420 Y HojEUcz RS stsA|7|= LEE

=2=
- QU OO|HTte 2 BERIZ StEA|7|7| f|ot Cher (20| ALk QS (Clustering, Autoencoder, GAN, Self-supervised, ...)

0

Training

L

CNN

Input Model Output GMh
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IT. Unsupervised semantic segmentation

< Unsupervised learning for semantic segmentation
Semantic segmentationd| Al H|X| = &2 MEH OfA T (mask)7F O X[ X| &2 AZH0|AM 13 O|0|X|2to 2 BHIS ak&
o« ChetgA 29| Jf= XE |0 FOX|O, H| A E A M= o= Zatet 20| =2 Yoo R2 S Bt

Ground truth
tree grass sky house tree grass sky house
1 2 3 4 |sum 1 2 3 4 |sum
c| 1[0 |4]1]0)5 4t |1 ]1]0]0]2
£l2]0)0ojo0o |3 |3} A2]0[4[1]0]5
S| 3]0|0|4]0]4 »» 3|0l ol|l 4|0 4
a | 4| 1| 1]o0]|o0]2 41 0]0]0]3]3
sum| 1 5 5 3 Um 1 5 5 3 (14
Groups [P Group2 [ Group3 R One-to-one mapping by solving the linear assignment

problem using Hungarian method(Kuhn, 1955)

Figure 1: From these unannotated images, we would like a recognition system to discover the concepts of house, grass, trees and sky, and
segment each image accordingly without any supervision.
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IT. Unsupervised semantic segmentation

< Unsupervised learning for semantic segmentation

=
e GAN 7|Hto| A= EXISHK|2F GAN 7| BH2 foreground®t backgroundZHe T+&

Unsupervised Semantic Segmentation on COCO-Stuff

Leaderboard Dataset
40
= 35
% 3
s
w
ES
£ 30
25
ul"18
Data Mining

N
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Jui'1e Jan 20 Jul '20

Other models - Models with highest Pixel Accuracy

Jan 21

View

Pixel Accuracy

v by

InfoSeg

-13-

Date v

Jan 22

Rank

Pixel

Mode

Accuracy
InfoSeg 388
PiCIE 3148

InMARS 31.0

AC 30.8

lc 277

* IC : Invariant Information Clustering(Ji et al., 2019)

- H|X|E= g5 7[HE2| Semantic segmentation< IIC(Ji et al., 2019) ¢t O| = O| & baseline2L 2 ot A0 X|FE|1 UYS

_I_AOI—
g UAs

s715 %I
GAN 7|8 &1 - | abels4Free (Abdal et al., 2021)

.—. | —

+

Source Background  Ground Our Mask Difference Our
Image Truth Composite
Paper Code  Result  Year

InfoSeg: Unsupervised Semantic Image Segmentation with

) L 2] 2021
Mutual Information Maximization
PICIE: Unsupervised Semantic Segmentation using
. peryised semarie segmen - O = 2021
Invariance and Equivariance in Clustering
Unsupervised Image Segmentation by Mutual Information - 2021
Maximization and Adversarial Regularization -
Autoregressive Unsupervised Image Segmentation (] 2] 2020
Invariant Information Clustering for Unsupervised Image -
(@] 3] 2018

Classification and Segmentation



IT. Unsupervised semantic segmentation

< Unsupervised learning for semantic segmentation
« lICQietal, 2019) O|Z 2| G EL2 CEE 2 &5 9| objectiveZ mutual information maximizationS A&t

o [2}M Unsupervised semantic segmentation2| Z| Al A S mts}7| 2|8 A= mutual information0il CHeH O|8 7t 2 &

Unsupervised Semantic Segmentation on COCO-Stuff

Leaderboard Dataset

Rank Mode pixel * Paper Code Result Year
Accuracy
Wiew Pixel Accuracy ~| by | Date w I . el < . .
nfoSeg: Unsupervised Semantic Image Segmentation with -
1 InfoSe 388 ) R 2] 2021
g Mutual Information Maximization
0 InfoSeg =
PICIE: Unsupervised Semantic Segmentation using .
2 PIiCIE 3148 - p o ~ J . ! (] 2] 2021
Invariance and Equivariance in Clustering
5 3 : . ) i ;
= Unsupervised Image Segmentation by Mutual Information -
E 3 InMARS 310 L i - L 2] 2021
] Maximization and Adversarial Regularization
g FiCIE
S

AC
30 4  AC 30.8 Autoregressive Unsupervised Image Segmentation (w] 2] 2020
e . - - . - -
Invariant Information Clustering for Unsupervised Image

. n T ! 3] 2018
> e 277 Classification and Segmentation o

Julg Jan"1% Jul'1g Jan 20 Jul ‘20 Jan 21 Jul 21 Jan 22

Other models - Models with highest Pixel Accuracy
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IT. Unsupervised semantic segmentation

< Unsupervised learning for semantic segmentation

- Q= o|o|x|e} SZ+El 0|O|X| 2 positive pairS 7443811 0|5 20| E1tA|Z] = 0[0f LS mutual informationS Z|CHS}

- o =L | © SEA
e BHAS Sof BYS oS

O

Data

Augmentation Model

\ 4

fo

v

Objective <j Mutual information maximization

A

\ 4

fo
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lll. Mutual information maximization
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III. Mutual information maximization

¢ Mutual information (8= 2|E=HH)
20| X|= CjE of H==0f Ciot 2= 2|0

ot AS =, ot 5 Sof

- FEEHS M09 ¥22EYS 58T ,
- FEEHSLO SEORE SEY 5 U0 YAt FASHA & HyAO[2] 2| E LIEH = HE2 AL
Q Mo
P(x,y)
106Y) 2 D (PGey) IPGIPGY) = ) ) Pleyllogprsors
YEY xeX Y
EEEEE p(x,y) 2 P(x)P(y) & X0 X0l & : P(x,y) = P(x)P(y) D x2t y= SHEA (§=2|EE0| RLh
XLO| 1 : P(x,y) # P(x)P(y) > X2t y= S| EHA (=2 2| &H0| =r}
= ag2E potq o ko] —
Q = SEH X2t vO| Mutual informations =0|= W 2
D, (P11Q) = Z P()log Exg B S £ M40 A5 0| ZMo| Fo it

xeX

-17 -
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III. Mutual information maximization

of #H=~=0f Cict SEZ= 2|

% Mutual information (22 2|ZH &)
ot -5 Soff 0{X|=CrE ot H

. EEEHS Ao|o| ¥To|EME FH HOZ,
. EEEHS0| SRS S 4 U0 MBS0 RARSIH £ HAAL0[2] BAIS LIEHE HER AFS

Entropy H
HOO = = ) P()log(P(x)) }

iz

Q3o
P(x
— Z P(x y)logp(()Py()) — HX) + H(Y) — H(X,Y)

1Y) 2 D (PGoy) I PCOPGY) = Yy Pl
YEY xeX H(X) H(le)
- - = H(Y) — H(Y|X)
FEERE P(x,y) 2 P(X)P(y) 2 Xt0] =15 X)
- H = x|

KOl & : P(x,y) = P(x)P(y) 2 X2t y= SEEA (= 2|EF0| R}

XO| N : P(x,y) # P(x)P(y) = x2f y= S| E&HA| (&= o|EM 0| =L} :

= SHEHE X9t Y2| Mutual informationS =0| = Weko 2 Mutual information= ¢t H+E 6| CIE st H-9|
C} =2d/do| AR = HE S LIEHHC

DS SEotH F Heo 4= o|EH0| FohH

-18 -
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. Mutual information maximization
06Y) 2 D (PG ) I PCOPOY) = . ) P ylog o0 = HOO) + H(Y) =~ HOL,Y)

< ° ° yEY xEX =H(X)_H(X|Y)
< Mutual information - Example — H(Y) - HEIX)
- FEEHT MO 422EFE FEot A2, ot HF Soll FO{X|= CHE of B0 Tiet 22= 2|0|
- FEEUHO ZEHOEE SEY o U A FASH 7 HyALO|2] #A|E LELH = HE2 AL

HH HT TH TT Y
Q0 0[] =3 ey
OO AR N EN = H(X) — HEXIY)
L1 AERENE = —2xlog (1) - (2HCXIY = 0) + 2 HEKIY = 1)
bl =1-1=

1. YE=7 30N E I x| 224 g0] ks 2 00|t

2. x2tvel &= HEFO0| 00|22 X2t y= =& 2t O[Ct.

Data Mining
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III. Mutual information maximization

I(X;Y) £ D (P(x,¥) | P(O)P(y)) = ZZ”" y)logP( )P()

PCOY)  _ poo + HOYY = HGLY)

% Mutual information - Example yev xex Rt
. S EEHS AO|Q MTO|EYE ZHT UO R, T HEE Sl FOX|= CHE oF H=0f CHet Y222 o0
. S B4 SYORE SHE 4 90| ATt QA T HAA0|S BAS LIENE HES ALS
o T T T =T o | o
Case 2. X,YZ| 2| =2&A|(1)
o [ v
{HT TH T P(x Py
: : 1 1 YEY x€X Y
OO0 Lol -
i | 1|1 s ttoe () — (LHXIY = 0) 4 LH(XIY =
I S - 2><210g(2) (ZH(XIY—O)+2H(X|Y—1))
N H 1 1 —1_0=
2 2 = =

Q.. Data Mining
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III. Mutual information maximization

06Y) 2 D (PG ) I PCOPOY) = . ) P ylog o0 = HOO) + H(Y) =~ HOL,Y)
« Mutual information - Example yev xex Rt
. S EEHS A0|O ABOIELE S HOE B ¥4 S Sof ROIK|E T2 8 B0| Cfet L ojn)
. S YBELo SRS ZH 4 0| AT AP S HAAL0le] BAE LEE HER Alg

Case 3. X,YZ| 2| =24 (2)

| | Y
HH HT 1T, )
pagpaly 1(X;Y) = log— )
X ] | 0o | 1 (X;Y) = P(x, y)logm-————
I ] P(x)P(y)
I I 1 1 1 yeY xeX
OO [EEltl R s
: : 1 1 — 7 11 1 3 _ 1 .
U IP 1| L] o |2 = —2x2log(5) — (2HXIY = 0) + I H(X|Y = 1)
R ! 31 = 1-0.6887 = 0.3113

[ollAd]
1. YHFIIFOR S M xHrol 22442 0.3113 ZHAEICE

2. X2ty= 03113029 = HEZZ VK[ = Q| E2HA|0f QULF,

—_
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III. Mutual information maximization

< Why mutual information?

Maximize  Minimize

N NE
Max I1(Y;Y") = D, (P(y,¥) | P(Y)P(Y") Max I(Y;Y') =H(Y) — H(Y|Y')
‘ | |
Max H(Y) Min H(Y|Y")
Trade-off

~ Degenerate Solution N

- Trivial Solution N

b DL <@> AN

(:Oo (ioo Max H(Y) — H(Y|Y")
P o
. MIZTISIE E5) S oj0|x] Aoje] REH | L S m [
SEO0| E FEE=EEE2 A= S - H(Y)= A|CHSE H(Y|Y) 2 2| ASISIEE 28 S 0|2
degenerate solutiond} Z2 X & 2|I|dt= 22 at&

Data Mining
o{.o Quality Analytics -22-



ob

IV. Methods
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Rank Mode Pixel fPape’
Accuracy
1 InfoS 388 InfoSeg: Unsupervised Semantic Image Segmentation with
noseg ' Mutual Information Maximization
. PICIE: Unsupervised Semantic Segmentation using
2 PiCIE 31.48 ) - ) .
Invariance and Equivariance in Clustering
Unsupervised Image Segmentation by Mutual Information
3 InMARS 310 L ) L
Maximization and Adversarial Regularization
4 AC 30.8 Autoregressive Unsupervised Image Segmentation
Invariant Information Clustering for Unsupervised Image
5 1IC 277

Classification and Segmentation

https://paperswithcode.com/sota/unsupervised-semantic-segmentation-on-coco-2

Code

9]

9]

Result

®

2]

Year

2021

2021

2021

2020

2018



IV. Methods — 1) IIC (Invariant Information Clustering)

< Invariant Information Clustering for Unsupervised Image Classification and Segmentation

Ji, X,, Henriques, J. F., & Vedaldi, A. (2019). Invariant information clustering for unsupervised image classification and segmentation. In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 9865-9874).

N

« Ji et al (University of Oxford), 2019 International Conference on Computer Vision (ICCV)

- 3642 218 (22318 7|=&)

Data Mining
Quallity Ancilytics

Invariant Information Clustering for
Unsupervised Image Classification and Segmentation

Xu Ji Jodo F. Henriques Andrea Vedaldi
University of Oxford University of Oxford University of Oxford
xuji@robots.ox.ac.uk joao@robots.ox.ac.uk vedaldi@robots.ox.ac.uk
Abstract

We present a novel clustering objective that learns a neu-
ral network classifier from scratch, given only unlabelled
data samples. The model discovers clusters that accurately
match semantic classes, achieving state-of-the-art results
in eight unsupervised clustering benchmarks spanning im-
age classification and segmentation. These include STLI0,
an unsupervised variant of ImageNet, and CIFARIO, where
we significantly beat the accuracy of our closest competi-
tors by 6.6 and 9.5 absolute percentage points respectively.
The method is not specialised to computer vision and op-
erates on any paired dataset samples; in our experiments
we use random transforms to obtain a pair from each im-
age. The trained network directly outputs semantic labels,
rather than high dimensional representations that need ex-
ternal processing to be usable for semantic clustering. The
objective is simply to maximise mutual information between
the class assignments of each pair. It is easy to implement
and rigorously grounded in information theory, meaning we
effortlessly avoid degenerate solutions that other clustering

smiathade ava cuenantihila ta e additice ta tha fulli veean

-24 -
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IV. Methods — 1) IIC (Invariant Information Clustering)

% lIC approach
- 2= 0|0]X| - CNN — FC — Output(cluster probability) 2| tH=ot H & 717

. 92 0|0JX|0f data augmentation X B3}0f positive pairS A4S St MU0 S4AI7 0 Za}

. F =212 22t z At0|9| mutual informationO| Z|CHZtE| =& 2 & Sh&

x
v |
— Cluster
1 probabilities
I =—> CNN —> FC

N
I I
I ]

g : scaling, skewing, : ' -

rotation, flipping, contrast g : :

and color saturation 1 I !—) I(Z, Z')
I |
; ; Objective
: :

—> CNN > FC |

x =gx

Data Mining
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IV. Methods — 1) IIC (Invariant Information Clustering)

¢ Mutual information
*  Mutual informationS Z|CH2}5I0] & O[0|X|7te] S8 ST &S Z(Cfet F=5LE = ahadtil O EE 7|82 = clustering
=> Invariant information clustering
«  Mutual information(I(z, z") = H(z) — H(z|z")) ZIChet= H(z)E ZICHSISIHAM SA|0| H(z|z) S Z|L315t= o2

clusteringOfl A12| degenerate solution2t Z2 EX|E SiZ

VA
X
e EREREY
— Cluster g ! 2 2
1 probabilities 0
=—> CNN —> FC
L} I ﬁhU
- scaling, skew : N 1 I
g :scaling, skewing, ; . e !
rotation, flipping, contrast g : : I ' : p.=p _ r__ o
and color saturation I I : ; —> I(z,2") VA 2 ccr — (Z =C,zZ = C) R
: : I ' | Il
| | : Objective
I v pm————— a
' . | i \—r/
& —> CN

P PC/ = P(Z’ = C’)

by
—
[}
]
—
Il
I-,|
—
)
E—
I

oy

Y

=
(o)
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IV. Methods — 1) IIC (Invariant Information Clustering)

% Overclustering

- =E StiL sECOE B2 2 dusterE 7! overclustering head& F71510] St

- = AL 2tH Y= O|D[X|7HK] Z|CHet &&3517| ffof M[Qtel W2 O|0[X|e| § £2 Sda F=E = UES
sh=0f &8¢ (eg, STL10 dataset : =H S22 10710f| Cifet H[O|H 1371 + =& &4 0|2| H|O[E{ 100K7H)

Clust‘e.r. kgt = 10, koverciuster = 70
probabilities
NN FC ag P(z|x) l
T T
: : Number of Cluster k = kg,
: : STL10
5 : ! 1(z,2") | No auxiliary overclustering 43.8
. " , Obingitue SThgle sub-head (7 = 1) 5T
. . P(z2z") ) +15.8%p No sample repeats (r = 1) 47.0
¢ . Unlabelled data segment ignored 49.9
CNN > FC 0 p(z'|x") Full setting 59.6
Table 2: Ablations of IIC (unsupervised setting). Each row shows a
Optional overclustering/- single change from the full setting. The full setting has auxiliary overclus-
FC -_— tering, 5 initialisation heads, 5 sample repeats, and uses the unlabelled data
(o) \| Number of Cluster k > kg, stofSTHO
l ! — 1(1,y")
04

P(y.y")

Data Mining
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IV. Methods — 1) IIC (Invariant Information Clustering)

% Unsupervised semantic segmentation

- O|OJX] EHRlel =/etes el HE HRlel =&/ ¢lof ojo|x|e] X 1fX] RS ALE
o DM CHQ|Z ST T ZAo 2 o k|t ZZH=l O|O|X|0j| A ¢ 2+ oS¢t Hklerel mutual information& Z|CH=}
. & 8 I§X|2t9| local spatial invarianceS 71PH5t1 $F ZA0)| CHsl| FHIle| ZE MEE X|CiSlstHA D HSHS
— (P
ﬂl&}n ; { : } Conv ?1 ution
" Cluster ( ] -
3 ~, Pprobabilities P, 9% )|t
l-"C 8 i=1 geG uef
; - z
E !ﬂ_’ I(z,2)) 0| 1]2].]09
; Objective 0 .
: 1 "
u+t T I
> FC >0 TIMICLO I ,
a2 2 hsrezer=o) | 3
\rl_\IJ
9

P,=P(z' ="
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IV. Methods — 1) IIC (Invariant Information Clustering)

% Experiments (Unsupervised semantic segmentation)

* Dataset * Result (Pixel accuracy)
COCO-Sm-15 COC-Smit-3 Poisdam:-£ Poisdam-3 COCO-5tuff-3 COCO-5tuff Potsdam-3 Potsdam
Traim Tesd Train Test Train Tesi Train Test
[ 31804 S180 66 3660 8550 5500 8350 5400 Random CNN 37.3 19.4 3.2 28.3
Semi-supervised | 49629 2175 35278 1432 THIS B55 7695 855 K-means [ 1]t 522 14.1 457 3513
Table 6: Datasets for segmentation. %Ii[:hﬁ“ s [ iﬁ; %g% Eg %ﬁ;
Isola 2016 [20]1 54.0 243 63.9 449
. Hyperparameters Overclustering DeepCluster 2018 [ 7] 1 41.6 199 41.3 292
d IIC 723 27.7 65.1 454
b n h v kin kg k cropsize(s) inputsize Table 4: Unsupervised segmentation. [1C experiments use a single sub-
" head. Legend: {Method based on k-means. Method that does not directly
EEED'SM,‘_'] C 120 11 3 3 13 125 128 learn a clustering function and requires further application of k-means to
COCO-Swftf C &0 1 1 5 15 45 128 128 . .
Potsdam.3 C 75 11 4 3 24 200 200 be used for image clustering.
cotsdam C o 11 4 & 2% 20 200 * non-stuff pixels in black
* Network
C
1 x Convi@6d
1= Convi@]28
1 MaxPool

2w ConviE@256
2w Convi@s12

Ji, X., Henriques, J. F., & Vedaldi, A. (2019). Invariant information clustering for unsupervised image classification and segmentation. In Proceedings of the IEEE/CVF International Conterence on Computer Vision (pp. 9865-9874).

Data Mining
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IV. Methods — 2) AC (Autoregressive Clustering)

% Autoregressive Unsupervised Image Segmentation

« Quali et al, 2020 European Conference on Computer Vision (ECCV)
- 172| 218 (22318 7|9

Autoregressive Unsupervised Image
Segmentation

Yassine Ouali, Céline Hudelot and Myriam Tami

Université Paris-Saclay, CentraleSupélec, MICS, 91190, Gif-sur-Yvette, France
{yassine.ouali,celine.hudelot,myriam.tami}@centralesupelec.fr

Abstract. In this work, we propose a new unsupervised image segmen-
tation approach based on mutual information maximization between dif-
ferent constructed views of the inputs. Taking inspiration from autore-
gressive generative models that predict the current pixel from past pixels
in a raster-scan ordering created with masked convolutions, we propose
to use different orderings over the inputs using various forms of masked
convolutions to construct different views of the data. For a given input,
the model produces a pair of predictions with two valid orderings, and
is then trained to maximize the mutual information between the two
outputs. These outputs can either be low-dimensional features for rep-
resentation learning or output clusters corresponding to semantic labels
for clustering. While masked convolutions are used during training, in
inference, no masking is applied and we fall back to the standard con-
volution where the model has access to the full input. The proposed
method outperforms current state-of-the-art on unsupervised image seg-
mentation. It is simple and easy to implement, and can be extended to
other visual tasks and integrated seamlessly into existing unsupervised
learning methods requiring different views of the data.

Data Mining
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IV. Methods — 2) AC (Autoregressive Clustering)

% Autoregressive clustering
- O[OfX| Mo HHE F autoregressive 22 1 Pixel C(NN2| masked convolution=2 741510 segmentation =41|0f 2H&

e Masked convolution2 E3df 2 0|0|X|0]| Lzt = 72| viewS MMt o ==l A0 CHSH mutual informationS |CHS}

Pixel Recurrent Neural Networks
(Van Oord et al., 2016)

ONONONONS)

OO0 OO | emmmmemm——————- ,

i Masked convolution 1

: !

H 111 !

1 ]

1 110]0 i

. 1 1
= b Jofo]o]|
1 ]

1 ]

Context

PixelCNN

T
plx) = Hp[;{'i|.‘::1._ s i)
i—1
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IV. Methods — 2) AC (Autoregressive Clustering)

%+ Masked convolution

o
. UBHEQl

N

131

CNNOJ|AM ALE

masked weights= 22 SHSA| updateE SHA|

5= convolution filter2| weight0l masking(0)=

Kernel

N

oro
LSO

Masking

139

85

0 -1

84

128

-1 5

70

129

127

0 -1

80

57

115

69

134

104

126

123

95

130
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IV. Methods — 2) AC (Autoregressive Clustering)

¢ Masked convolution
«  PixelCNN(Van Oord et al, 2016)0| A M| 2t=l 7|Z=9] masked convolution 0|0 X|2| 21ZF Q0| A|ZfSHY @ 2% of2f 2
oot= 2etS 75t o 7EX| SERERS 7 masked convolutionO| | &

*  ACYH A= masked convolution2| ‘et HE S CiASHA| HASH H-E510] @2 0|0[X[0f Cigh &+ 72| viewS ‘&8

Ordering 01

e o o —e
/>'///>
H—.—-.'-) —
e
=i -
Masked convolution ®sart @End Masked
Conventional raster-scan convolution
o |10 ordering

All 8 possible raster-scan type orderings

Masked convolutions

Ordering Ordering 0g Ordering 5 Ordering 04
0 ) N —s—e s L | ———9 L} 4 ]
= u x| |& & & k| |e—n—==]|s \
Ordering o5 Ordering g Ordering 07 Ordering Og
—e—0o—o . . —e—e—o [ I »
@®5Start @ End
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IV. Methods — 2) AC (Autoregressive Clustering)

% Masked convolution
o SFX[2F, masked weights?} L& O™ receptive field’} =021 & E[= weight2] =71 20{=0] 52117t BO{X| 7
({20 TH=3FEl masked convolution= A| 9t
« I3k masked convolution2| £434 ot T O| receptive fieldOfl Al blind spotO| 447|7| i20]| 0| SHZSI7| 2/l attention

mechanism= X835}, 0|8 Sl X[ZH 2 E zigzag EFRI2| masked convolution ZE( = =7t

I.Inmasked Masked

Raster-Scan Mask Zigzag Mask

M.,

Fig. 6. Blind Spots. Blind spots in

N . Fig. 5. Attention Masks. Examples
the receptive field of pixel M as a re-

of the different attention masks M, of

sult of using a masked convolution for shape HW x HW applied for a given
Masked Simplified Version a given ordering oi. ordering o;. With HW — 9.
CDI]_VD]_utiDn Ordering o Ordering &1 Ordering 7] Ordering )3 Ordering o3 Ordering 14 Ordening o5 Ordering

a2 NS N N N 77

@ Sen  @End

Fig. 4. Zigzag type orderings.
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IV. Methods — 2) AC (Autoregressive Clustering)

 Training with masked convolution

o C}I¥SH masked convolution HEN & £ 7HE MERISI D
weight0]| CHSHA{ 2k updateE 2 A
W yl
max I(y,y’)
I \
x
I:O._.;, Oj) e O
All 8 possible raster-scan type orderings Bispru typmomiesings
Qrdering 01 Ordering 02 Ordering 03 Ordering 04 Ordering 0y Ordering 010 Ordering 011 Ordering 012
®Sart @End ®sStart @End
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S|
Al

82510 /& o|O|X|0f CHet & 7H2| viewE -5t unmasked

Training procedure

1- Sample two valid orderings (();._ 0 j) €O

2- Set the correct masking and padding for 0;

- Compute the output corresponding to the first view

3- Set the correct masking and padding for 0,

- Compute the output corresponding to the second view

4- Compute the loss

5- Backpropagate and only update the unmasked weights,
masked weights remain unchanged




IV. Methods — 2) AC (Autoregressive Clustering)

%» Mutual information maximization

- F 12| viewEFE LE2 output 7+2| mutual information= objective function2 £ A&

/ y

max I(y,y')

& \ f

% Inference

.

Maximizing the extact value
for clustering

!

ply.y')
p(y)p(y’)

> Lac = Ex~x |Epy,y)log

« Inference THA|0| A= masking 810] &5 El normal convolutions &-&310] T/ATHR(o| SefA oF

— — Y
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IV. Methods — 2) AC (Autoregressive Clustering)

% Experiments

. AS AN SUBHH|O|E A0 CHSY IC EHHE CHH| = O L2 MS5o| A
(@)

=

S 2%

|-
- 2 0|0|X|2| data augmentation M-&A| 21k} masked convolution?| 77t LY +E 40| a2 E¢

COCO-Stuff-3 COCO-Stuff Potsdam-3 Potsdam image oond S Augzg;ijve
Random CNN 37.3 19.4 38.2 28.3 — 5
K-means [12] 52.2 14.1 45.7 35.3 i ; -
SIFT [:7] 38.1 20.2 38.2 28.5 R
Doersch 2015 [11] 47.5 23.1 49.6 37.2 s
Isola 2016 [_= ._] 54.0 24.3 G3.9 44.9 = = T
DeepCluster 2018 [1] 41.6 19.9 41.7 20,2 & 3
IIC 2019 [_'*] 72.3 2T.7 65.1 45.4

AC

72.9

30.8 66.5 49.3

7 /R
Table 3. Unsupervised image segmentation. Comparison of AC with state-of- B
the-art methods on unsupervised segmentation. - - &

Type Transf. | POs  POS3
None - 46.4 G664
Photometric  Col. Jittering | 47.9 655
Geometric Flip 46.7  GR.O
Geometric Rot. 48.5 GH3

| Geo. & Pho. All 48.5 683 |

(e} Transformations: we apply a given trans-  |@|= 2 and |@= 4 , we report the

0| POS POS3

2 | 4324219  59.5+5.12
4 | 45.6+3.22  63.5543.52
[ 8 46.4 66.4

(b} Number of orderings: we com-
pare different sizes of the set O. For

formation to the inputs of the second forward mean and std over 4 runs using differ-

pass during a single training iteration.

ent possible pairs and quadruples re- .'Q"Of‘?[j Pixels (Non-stuff) .Grcluncl .5kY . Plants
spectively.

Ouali, Y., Hudelot, C., & Tami, M. (2020, August). Autoregressive unsupervised image segmentation. In European Conference on Computer Vision (pp. 142-158). Springer, Cham.
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IV. Methods - 3) InfoSeg

< InfoSeg: Unsupervised Semantic Image Segmentation with Mutual Information Maximization

« Harb et al, German Conference on Pattern Recognition(2021)

InfoSeg: Unsupervised Semantic Image
Segmentation with Mutual Information

Maximization
Robert Harb®™ and Patrick Knébelreiter Unsupervised Semantic Segmentation on COCO-Stuff
Institute of Computer Graphies and Vision, Graz University of Technology, Austria Rank Mode Aiiuxf;w ¥ paper Code Result Year

robert.harb®icg.tugraz.at

InfoSeg: Unsupervised Semantic Image Segmentation with
. ) L - - ol 2021
! InfoSeg 88 Mutual Information Maximization ’

Abstract. We propose a novel method for unsupervised semantic im-

age segmentation based on mutual information maximization between . . . o
PICIE: Unsupervised Semantic Segmentation using

local and global high-level image features. The core idea of our work is 2 PICIE 3148 | ariance and Equivariance in Clustering 6 & 2021
to leverage recent progress in self-supervised image representation learn-

; " H 111 . = ioh-low Unsupervised | S entation by Mutual Informati

ing. Re_presentatlfm lleal ning methods compute a single lngh lev e_l feature 3 INMARS 210 Mn upe r:. ‘ m?iz fec_:m.nl |a:{alon.L v ? ual Information 5 207
capturing an entire image. In contrast, we compute multiple high-level Fmization and Adversanal heguiarization

featurles, each capturing image segments of one Ipartlcular semantic rla.s*: 4 AC 208 Autoregressive Unsupervised Image Segmentation o 5 2020
To this end, we propose a novel two-step learning procedure comprising

a segmentation and a mutual information maximization step. In the first s e 77 Invariant Information Clustering for Unsupervised Image o 5 2018
step, we segment images based on local and global features. In the sec- ‘ Classification and Segmentation

ond step, we maximize the mutual information between local features
and high-level features of their respective class. For training, we provide

Harb, R., & Kndbelreiter, P. (2021, September). InfoSeg: Unsupervised Semantic Image Segmentation with Mutual Information Maximization. In DAGM German Conference on Pattern Recognition (pp. 18-32). Springer, Cham.
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<« 7|1& 39| gHAE (IC, AQ)
. lIC2FAC Y0l A<= 0]0|X|2| global contextE 2 & &
. Z LM CIQo| 2 A 0| =2 MA| 0|0|X| MEO| O| =X

R

RE S50 SZoH| BS

lIC (i et al, 2019)

Cluster
probabilities

P(z|x)
e
P(z,2") Objective
u+t 3
O P(z'|x") x
x'=gx

'

P(y,y")
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IV. Methods - 3) InfoSeg

< InfoSeg

«  (Segmentation step) O|0|X|0f| CHBt local feature2t 74| global feature = SH5SHH, global feature= S22 =FHE 44

*  (Segmentation step) Local feature2} global feature= CHA| At E| 11 HLHE|Of segmentation= ¢ot LA E =HES ALt
+ (M Max. step) T8 =5 2 30| global feature?} CHA| &8 &|0] local Bt global feature®| MIE £|CHEISHE & 2 H St

5 Dot-Product Local Features L Feature Assignment S
b Addition 7 p.s '
= Multiplication 14 |
________ el !
- | iyt -0 :
Il'lpllt X Mutual Information ; i JI—— HH —, 0 SE mtﬂtﬂ.tlﬂ]'l
! maximzaliom l |

Segmentation Step —J

u
|
-

MI Max. Step =P : Global Features H : Class Probability Volume V

Harb, R., & Kndbelreiter, P. (2021, September). InfoSeg: Unsupervised Semantic Image Segmentation with Mutual Information Maximization. In DAGM German Conference on Pattern Recognition (pp. 18-32). Springer, Cham.
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IV. Methods - 3) InfoSeg

N

% Segmentation step

*  Global feature= O|0|X| TX| Sof| Cifot DAHC| #9S SHE5IH, =8 A +=0HF0
*  Local feature= O[0|X[|2] & IfX| FH| £EX & ot=dtH T /X[E= ALtE
*  Local feature@} global feature®| dot product 4t ol T CHe|o] SeiA HES 0|

- Dot-Product Local Features L Feature Assignment S
b Addition @
4 Mu]tipljcnlion 1 |:.'. semmmman S
oy T H
——- | : .
IIPUI X Mutual Information |1 | - A : SE mentation

maximizalion

Segmentation Step —
MI Max. Step D

Global Features H Class Probabﬂlt}f Volume V

Data Mining

Quality Analytics -41 -

-<—C—|

Local Features L

D

g

Global Features
(a) Architecture overview

T
-

'J

D

%v

O| feature= M

o
Block A
Conv, 4x4, 64, 2 Block C
BN & RELU
1 | |
Conv, 4x4,128,2 || | (Conv, 1x1,P| &
BN & RELU BN & RELU 2
Block B i 2
Cony, 4x4, 256,2 | | | Com IZLB) &y
BN & RELU I—J
Flatten Conv, 1x1, P
1
Linear, 1024
BN & RELU Block D
| Linear, P
Linear, 64 BN & RELU
(b) Blocks
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% MI maximization step
«  Local feature@} global featureZt2| MIE Z|CHSISIEE R H S St

£ At 0] Zks)2t local feature(L)2F2] MIZE Z|CH3}

Sob7| ?loh H2 &

Holo| 3E £x

V)2l global feature(H)

Feature Assignment S

e | peemeeae Xi-@
i H

5 Dot-Product Local Features L
B Addition
& Multiplication

-]
-

B E—

Se mcnhtmn

maximizalion

[nput X

Mutual Information I T b 1
: & we (5 e
O

Probakbility

lesasasssnnnnn

Segmentation Step —3»

[ ]
MI Max. Step =P Class Probability Volume V

Global Features H
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Feature Class Global
assignment probability feature
N2 N%
> .,{1-, J]' “‘]‘
z LJ; J X}

1,7 N % J
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IV. Methods — 3) InfoSeg

% Experiments

«  O|0JX|2| local feature2t EH| global featureE SF&ot0] 2ES =M 7|E AFLHH| 2 Fo| d5 &4
Image  Annotation IIC Ours Image  Annotation  IIC

Method COCO-Persons COCO-Stuft COCO-Stuff-3 Potsdam Potsdam-3

Random CNN 52.3 19.4 37.3 28.3 38.2 2

K-Means 54.3 14.1 52.2 35.3 45.7 : =
Doersch* [] 55.6 23.1 475 37.2 49.6 g 7
Isola* [16] 57.5 24.3 54.0 449 639 = ot
11C [17] 57.1 27.7 72.3 45.4 65.1 S S
AC [27] - 30.8 72.9 49.3 66.5 =

InMARS [23] - 31.0 73.1 47.3 70.1

InfoSeg (ours) 69.6 38.8 73.8 57.3 71.6

Table 1. Pixel-Accuracy of InfoSeg and compared methods. *Clustering of features
from methods that are not specifically designed for image segmentation.

son Sohd Structural Gmund Building Food [

Fig. 4. Qualitative comparison. Non-stuff areas in COCO-Stuff are masked in black.

Harb, R., & Kndbelreiter, P. (2021, September). InfoSeg: Unsupervised Semantic Image Segmentation with Mutual Information Maximization. In DAGM German Conference on Pattern Recognition (pp. 18-32). Springer, Cham.
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IV. Methods — 4) PIiCIE (Pixel-level feature Clustering using Invariance and Equivariance)

% PiCIE: Unsupervised Semantic Segmentation Using Invariance and Equivariance in Clustering
« Cho et al (University of Texas at Austin), 2021 Computer Vision and Pattern Recognition (CVPR)
- 72| 218 (22318 7|&)
PiCIE: Unsupervised Semantic Segmentation using Invariance and Equivariance

in Clustering

Jang Hyun Cho' Utkarsh Mall* Kavita Bala® Bharath Hariharan”
'University of Texas at Austin 2Cornell University

Group1 [ Group 2 Group 3 Groupd see

Figure 1: From these unannotated images, we would like a recognition system to discover the concepts of house, grass. trees and sky, and
segment cach image accordingly without any supervision.

Cho, J. H., Mall, U., Bala, K., & Hariharan, B. (2021). PiCIE: Unsupervised Semantic Segmentation using Invariance and Equivariance in Clustering. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 16794-16804).
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IV. Methods — 4) PIiCIE (Pixel-level feature Clustering using Invariance and Equivariance)

N

“ PICIE

Zox|ES R

Sk
i —!

y(l) y(l)

s 3

Cross-view training o
-
F“) “(Z)

N Cluster each view
PiCIE
e
D Network

View 1 View 2

Produce 2 views per image

g

X

4

2= A A
= oo

Pl
/. i

O|O|X[2] pixel-level feature representation} k-means clustering= =A|0]| &

. 2 0|0|X|0f THE augmentation S8 5 7HO| viewS A4AISHT 2 viewOl| A

A

LMl CO
I=|

ot1l O] Sofl H2 e

He
| T

? 20lEd
a7t

pixel-level feature2| clustering &

Pixel-level features from 2 views

_.i—.

P

Photometric

Geometric

.

Ba

Normalize

T2 (P,‘,Pf,G‘ J~RandomTransforms

Figure 2: PiCIE overview (left) and illustration of multi-view feature computation (right). More details in Sec. 3.3.
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Cho, J. H., Mall, U., Bala, K., & Hariharan, B. (2021). PiCIE: Unsupervised Semantic Segmentation using Invariance and Equivariance in Clustering. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 16794-16804)



IV. Methods — 4) PIiCIE (Pixel-level feature Clustering using Invariance and Equivariance)

*» PiCIE - Algorithm Photometric transformations : color jitter, gray scale, gaussian blur
-¥ Geometric transformations : random crop, horizontal flip
Algorithm 1 PiCIE pseudocode /,// Invariance to photometric
for 7, ~ D do e S O
[ ] [2;' ~ RandomPhotometricTransforms -~~~ ' ii lp —>
G’  ~ Rmdumﬁe?mlﬁcTransfﬂnns :i* i - 1 6 |- G; ‘
1
D e Gi(fo(PO @) i <. .
(2) N vyt .. TTTEETTEmEEes I - )
22 fo(Gi(P ()] i —u il Zip
end for 4 Gy =.. o ‘ - ‘—!'—m...omu
p, y) « KMeans({z},’ : i € [N],p € [HW]}) — 1
R — — — — — — — — — — | 1 eometric Narmalize
2 yl2) o KMeans| f,,-[ﬂ] :i € [N],pe [HW]}) ! mmmmmmmmmmd e .
for r; ~ D do : Equivariance to geometric

1 g
D G fo(PP @)

-  fy(G uﬂ”rﬂnu o) ey,
IE:'r"f'jﬂ'li.l'l ~— EIJ -El?lllhtl: f;-] utp P:I:l}} + -Eflllﬁt{'zfp yip #[2:‘] Efiu?ﬂ fH [P] J!P “ lﬂg Ei E_JEIHEEIHP]:F‘”}I

R ZF‘ ﬁclu&.:{n—-j[“ Jf;f] .HP]} T ﬂcluaﬂ: { ) yf;;] ]u'i I}} (1) (D
Liotar + Lwithin + Leross lp 'uylp
fl‘? — hackward“:lmul}
end for e M(Z)
Above: PiCIE pseudo-code. Notations consistent with Sec. 3.3, Zip Yip

Cho, J. H., Mall, U., Bala, K., & Hariharan, B. (2021). PiCIE: Unsupervised Semantic Segmentation using Invariance and Equivariance in Clustering. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 16794-16804).
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IV. Methods — 4) PIiCIE (Pixel-level feature Clustering using Invariance and Equivariance)

% Experiments

Image liC - res12 Ours Supervised GT

COCO-A/l: 27 classes COCO- Stuff: 15 classes
Method COCO-Sruff
) Random CNN 194
Method Classifier  Acc. mloll K-means [35] 14.1
Mo Train Linear 1745 370 SIFT [23] 202
No Train Prototype 26.26  8.41 Doersch 2015 [10] 231
Modified DC Linear 3221 9.79 Isola 2016 [21] 243
IC-resi2[2%] Linear 2245 4.11 DeepCluster [4] 19.9
IC [27) Linear 2179 6.71 nc 23] 7.7
AC[37] 30.8
PiCIE Prototype  48.09 13.84 VRTT e
. 1e aid
FiCIE + H. Prototype 4999 14.36 nc 3797
Table 1: COCO-All [23] results. Our method is compared to IC —res12 21.92
clustering methods adapted to semantic segmentation. “+H.” de- FiCIE 3148
notes PiCIE trained with auxiliary clustering. - . .
Table 4: COCO-Stuff results without ImageNet pretrained weight

following [25, 27]. First section is from prior works [25, 27] and
the last two sections are from our implementation.

building ground

Cho, J. H., Mall, U., Bala, K., & Hariharan, B. (2021). PiCIE: Unsupervised Semantic Segmentation using Invariance and Equivariance in Clustering. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 16794-16804).

Data Mining
o{.o Quality Analytics -47 -



N

V. Conclusion

Data Mining
Quallity Ancilytics

-48 -



V. Conclusion

«  Semantic segmentation =X = L& EH[2] 2|0]&= €7 O{E 7| M =0f &= o|o|X|2te s RS skt = U=
Unsupervised learmning 22 G171 ZQ

. Unsupervised semantic segmentation 1= 22 0|0|X| 2] Augmentation= &l Positive pairS 2446t11 0|2 20|
E kA7 2, Mutual information maximizations Eof| R 22 ShSA|7| = O Z X2 AL JUS

«  Mutual information2 &2 2| EH S F7H5I0] £ H7o| &I/ THeket 4= 110, O Unsupervised semantic
segmentationOf| A{= Positive pair.7_9| S8 5 FE S HAHZO|A 2| Degenerate solutions &S| 2/ AFHEE

« lIC,AC, InfoSeg, PiCIE 52| Z|Z =+ Positive pair2t Mutual informations 225610 M52 &AA|7|1 QO Lt O A
744 o X| 7} B3 Chket Wreko| ﬂ:ruf 2o

Unsupervised semantic segmentation Mutual information lIC(Ji et al., 2019)

Cluster

| 106Y) 2 D (PG ) 1 PCOPG) 1
' P(£) I
- - Z.VEY ZXEX P(x y) 085~ orn P(x)P(y) A ! s n} Objective
i i ! ; =HX)+HY)—-HX,Y) Bl - @)
‘ < /-'-"""'_J!H)f ' — _ g -~ 4 Optional-(lv::'clustering
Input . Model Output GM" - H(X) H(Xl Y) l

= H(Y) — H(Y|X)
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