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1. Introduction

Computer vision

|

=0

=kl g
=

24| BX[, O]0]X

oo|x| £2,

EISIR= N
(Object Detection)

22 91 9% Ofo}

Ofa|X|

olo|x| £2
(Image Classification)

(Image Localization)




1. Introduction

Weakly supervised learning
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1.

Introduction

Convolution Neural Networks (CNN)
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1. Introduction

CNN
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2. Related works

Class Activation Map (CAM) - 2016
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Learning Deep Features for Discriminative Localization

Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, Antonio Torralba
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2. Related works

Class Activation Map (CAM)
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2. Related works

Class Activation Map (CAM)
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2. Related works

Class Activation Map (CAM)
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2. Related works

Class Activation Map (CAM)
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2. Related works

Class Activation Map (CAM)
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2. Related works

Class Activation Map (CAM)2| ot
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3. Method

Grad-CAM (2017)
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3. Method

Grad-CAM (2017)
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3. Method

Grad-CAM (2017)
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3. Method

Grad-CAM (2017)
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4. Experiment

* Weakly-Supervised Localization

Table 1 Classification and

L. Classification Localization
localization error % on
ILSVRC-15 val (lower is better) Top-1 Top-5 Top-1 Top-5
for VGG-16, AlexNet and
GoogleNet VGG-16
Backprop (Simonyan et al. 2013) 30.38 10.89 61.12 51.46
¢-MWP (Zhang et al. 2016) 30.38 10.89 70.92 63.04
Grad-CAM (ours) 30.38 10.89 56.51 46.41
CAM (Zhou et al. 2016) 33.40 12.20 57.20 45.14
AlexNet
¢-MWP (Zhang et al. 2016) 442 20.8 92.6 89.2
Grad-CAM (ours) 442 20.8 68.3 56.6
GoogleNet
Grad-CAM (ours) 31.9 11.3 60.09 49.34
CAM (Zhou et al. 2016) 31.9 11.3 60.09 49.34

We see that Grad-CAM achieves superior localization errors without compromising on classification perfor-
mance
Bold values indicate lowest localization errors in that column



4. Experiment
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4. Experiment

» (Guided Backpropagation + Grad-CAM

(g) Original Image

(b) Guided Backprop ‘Cat’

(¢) Grad-CAM “Cat’

(d) Guided Grad-CAM ‘Cat’

(h) Guided Backprop ‘Dog’

(1) Grad-CAM ‘Dog’

(J) Guided Grad-CAM ‘Dog’
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