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Motivation

» WS-SS(semantic segmentation) & WS-TAL(temporal action localization)

only “Class Label”

Baseline

“Classification” & “Boundary Detection”
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Background

 How to do WS-SS?

—.I Pseudo-
labeling su

Input image Pseudo mask

(%

R AU .

SOG ANG UNIVERSITY

Fully-

pervised

Deep neural network

LAB



6:% "
~ Australian
C € C C O W ‘ terrier
Background N 1%k
. . V V 2 O WD
« CAM(class activation maps) Sracture for ¢ AM

= Discriminative image region about a specific category

White Pelican Scissor tailed Flycatcher Sage Thrasher Orchard Orice

Example Example

SOGANG UNIVERSITY

Tk i -
R:H N dka X;-b




terrier

o0

% O\%\r— Australian
: Q ~0

P
W\

B azasa : VDS



Background

* CAM(class activation maps)

only “DISCRIMINATIVE” region...
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Input RGB GT CAM
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Methods

» CS-AE(class-specific adversarial erasing) [1]

Input Image
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» What is AE?

- Find & Erase & Low score

CNN

Image level label
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» Problem?
- Network shared

- Class-agnostic

GAINJ4] : Tell me where to look?
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Methods

» CS-AE(class-specific adversarial erasing) [1]

« Motivation

- Ordinary classifiers can find not only discriminative but also the non-discriminative region.

- Experiment

I Thresholding

Iterative
LN J

Ordinary / Ordinary
Classifier (Fixed) : Classifier (Fixed)

Aggregated CAMs

Aggregation

Initial CAMs Secondary CAMs
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Methods

» CS-AE(class-specific adversarial erasing) [1]
- Proposed method

Class Activation Maps (4;)
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Methods

» CS-AE(class-specific adversarial erasing) [1]
- Effect

- Detect class boundaries precisely
- Experiment

:'= Goal : Find the mask of the SOFA!

4

t; = {dog,sofa},
¢i = {sofa), t; = (dog) L.s.= 0.2815

Dog: 1.00 Sofa: 1.00 Dog: 1.00 Sofa: 0.43 Dog:0.12 Sofa: 0.02 Dog: 1.00 Sofa: 0.01

L.se= 1.069 L se= 0.005 (Optimal)
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Methods

» CS-AE(class-specific adversarial erasing) [1]

= Results
Methods Backbone ~ Sup.  Pub. | Val Test
AdvErasing[*{] ~ VGGI6 T CVPRI7 [ 550 557
GAIN [2] VGGI6 I CVPRIB | 553 568
AffinityNet [] ResNet3 7  CVPRIB | 61.7 637
ICD[10] ResNetl0l I CVPR20 | 64.1 643
[RNet [!] ResNetSO 7 CVPRI9 | 635 0648
SSDD [24] ResNet38 7 ICCVI9 | 649 655
SEAM [*7] ResNet33 7 CVPR20 | 645 657
Sub-category [{] ~ ResNetl0l I CVPR20 | 66.1 659
RRM [*7] ResNetl0l I AAAI20 | 663 665
BES [7] ResNetl0l I ECCV20 | 65.7 66.6
Ours ResNet3q8 I 684 68.2
Qualitative results Quantitative results

- Conclusion
- Capability of the ordinary classifier

- The effect of class-specific adversarial erasing
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Goal?

- To find non-discriminative region also

« How?

- Let’s reduce Information Bottleneck
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Information Bottleneck

- Mutual information, I(X;Y)

:'+ Indicates how much two variables are dependent

I(X;Y)=HX) + HY) — HX,Y)

X~ 0 1
0 121 0
1 0 [1/2

1 1
H(X,Y) = Elogz 2 +Elog2 2=1
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regard as constant
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Information Bottleneck
- Markov chain

:': Discrete-time Stochastic Process which has Markov Chain property
0.6

0.4 0.3

0.7

- Data Processing Inequality

;= for random variables X, Y, Z that form Markov Chain X - Y - 7

IX;Y)=21(X;Z)
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Information Bottleneck

- Markov chain in Deep Neural Network

I Em- Eme

X T, T, Y
- .

"Markov chain"

g
IX; Ty =2I1IX; T, = .. 2I1(X;Y)
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Information Bottleneck

- Information Bottleneck trade-off

T: to increase accuracy
T* = argmingy I(X; T) — BI(T; Y)

l l: to avoid over fitting

l

Optimal T/ Information bottleneck
Minimum sufficient features / trade-off
Discriminative features
\ /

Obtained by
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Information Bottleneck

- Experiment [4] Fitting phase Compression phase
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 Information Bottleneck
- Because of double-sided saturation non-linearities..? |5]
A with “tanh” = B with “relu” 7999
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phase is visible!
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Information Bottleneck

- Conclusion

s': Information bottleneck is increased by double-sided activation function

s': Information bottleneck is more severe in the last layer than in the intermediate layer

- Proof
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Methods

* RIB (Reducing Information Bottleneck) [2]

» Solution

- Let’s not use Sigmoid!
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Methods

* RIB (Reducing Information Bottleneck) [2]
- Result

RIB process

Methods Backbone ~ Sup.  Pub. | Val  Test
AdvErasing [+] ~ VGGI6 I CVPRIT | 550 3557
GAIN [22] VGGI6 I CVPRI§|553 568
AffinityNet [7] ResNet38 T  CVPRIS | 61.7 637
ICD[10] ResNetl0l I CVPR20 | 641 043
IRNet [1] ResNetiO T CVPRI9 | 635 648
SSDD[24] ResNet38 T ICCVI9 | 649 655
SEAM [27] ResNet38 T CVPR20 | 645 657
Sub-category [7] ~ ResNetll I CVPR20 | 66.1 659
RRM[7] ResNetlDl T AAAI0 | 663 665
BES 3] ResNetl0l I ECCV20 | 65.7 66.6
QOurs ResNet3§ T - | 684 682

Quantitative results of [1]
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Method val test
Supervision: Bounding box labels

Song et al. ~ypg 19 [50] 70.2 -
BBAM cvypr 21 [4] 73.7  73.7
Supervision: Image class labels

IRN cvpr 19 [2] 63.5 64.8
SEAM cvypr 20 [55] 645 65.7
BES gccv 20 [10] 65.7 66.6
Chang et al. ~ypg 2o [7] 66.1 65.9
RRM aaar20 [61] 66.3  66.5
CONTA NeurlIPS 20 [(1:] 661 667
RIB (Ours) 68.3 68.6
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