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ZX: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/
,,,,,,,,,,, Cheng, Chi-Tung, et al. "Application of a deep learning algorithm for detection and visualization of hip fractures on plain pelvic radiographs.” European radiology. (201 9:1-9.
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Introduction

% Grad-CAM(Class Activation Map) pre-view

Figure 2: Grad-CAM overview: Given an image and a class of interest (e.g., ‘tiger cat” or any other type of differentiable output) as input, we forward propagate the image
through the CNN part of the model and then through task-specific computations to obtain a raw score for the category. The gradients are set to zero for all classes except the
desired class (tiger cat), which is set to 1. This signal is then backpropagated to the rectified convolutional feature maps of interest, which we combine to compute the coarse
Grad-CAM localization (blue heatmap) which represents where the model has to look to make the particular decision. Finally, we pointwise multiply the heatmap with guided
backpropagation to get Guided Grad-CAM visualizations which are both high-resolution and concept-specific.

ZX: Selvaraju, Ramprasaath R, et al. "Grad-cam: Visual explanations from deep networks via gradient-based localization."
Proceedings of the IEEE International Conference on Computer Vision. 2017.
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% Grad-CAM(Class Activation Map) pre-view
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ZX: Selvaraju, Ramprasaath R, et al. "Grad-cam: Visual explanations from deep networks via gradient-based localization."
Proceedings of the IEEE International Conference on Computer Vision. 2017.
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Convolutional Neural Network(CNN)
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Convolutional Neural Network(CNN)
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Convolutional Neural Network(CNN)
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Convolutional Neural Network(CNN)
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Convolutional Neural Network(CNN)
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Convolutional Neural Network(CNN)
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Class Activation Map(CAM)
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Learning deep features for discriminative localization

E Zhou, A Khosla, A Lapedriza, A Oliva. .. - Proceedings of the ..., 2016 - cv-foundation.org
In this work, we revisit the global average pooling layer proposed in [13], and shed light on
how it explicitly enables the convolutional neural network (CHNN) to have remarkable
localization ability despite being trained on image-level labels. While this technigue was
previously proposed as a means for regularizing training, we find that it actually builds a
generic localizable deep representation that exposes the implicit attention of CNMNs on
image. Despite the apparent simplicity of global average pooling, we are able to achieve ...
Ty 99 1606= 2E TE SERE TH 167H HE e

Learning Deep Features for Discriminative Localization

Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, Antonio Torralba
Computer Science and Artificial Intelligence Laboratory, MIT
{bzhou, khosla, agata,oliva, torralba}@csail .mit.edu

Brushing teeth Cutting trees

Abstract

In this work, we revisit the global average pooling layer
proposed in [ 7], and shed light on how it explicitly enables
the convolutional neural network (CNN) to have remark-
able localization ability despite being trained on image-
level labels. While this technique was previously proposed
as a means for regularizing training, we find that it actu-
ally builds a generic localizable deep representation that
exposes the implicit attention of CNNs on an image. Despite

the apparent simplicity of global average pooling, we are
able to achieve 37.1% top-5 error for object localization on
ILSVRC 2014 without training on any bounding box anno-
tation.We demonstrate in a variety of experiments that our
network is able to localize the discriminative image regions
despite just being trained for solving classification task'.

Figure 1. A simple modification of the global average pool-
ing layer combined with our class activation mapping (CAM)
technique allows the classification-trained CNN to both classify
the image and localize class-specific image regions in a single
forward-pass e.g., the toothbrush for brushing teeth and the chain-
saw for cutting trees.

ZX: Zhou, Bolei, et al. "Learning deep features for discriminative localization." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Class Activation Map(CAM)
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ZX: Zhou, Bolei, et al. "Learning deep features for discriminative localization." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Class Activation Map(CAM)
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Grad CAM

¢ Grad-CAM(2017)
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> 20179 % ICCV(International Conference on Computer Vision)O{| Al 27l &l

Grad-cam: Visual explanations from deep networks via gradient-based
localization

., R Vedantam, D Parikh, D Batra - ... Computer Vision, 2017 - openaccess thecvf.com

.. 4, some failures are due to ambiguities inherent in ImageNet classification ... Although the train:
model achieved a good valida- tion accuracy, it did not generalize as well (82 ... Grad-CAM
visualizations of the model predictions re- vealed that the model had learned to look at the ..

YUY 12465 2E LB SEAE TN 67 HE o9

This ICCV 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.
Grad-CAM:

Visual Explanations from Deep Networks via Gradient-based Localization

Ramprasaath R. Selvaraju'*
Devi Parikh!?

'Georgia Institute of Technology
{ramprs, cogswell, abhshkdz, wvrama, parikh,

Abstract

We propose a technigue for producing ‘visual explana-
tions’ for decisions from a large class of Convelutional Neu-
ral Network (CNN)-based models, making them more trans-
parent. Our approach — Gradient-weighted Class Activation
Mapping (Grad-CAM), uses the gradients of any target con-
cept (say logits for ‘dog’ or even a caption), flowing into
the final convolurional layer to produce a coarse localiza-
tion map highlighting the important regions in the image for
predicting the concept. Unlike previous approaches, Grad-
CAM is applicable to a wide variety of CNN model-families:
(1) CNNs with fully-connected layers (e.g. VGG), (2) CNNs
used for structured outputs (e.g. captioning), {3) CNNs used
in tasks with multi-modal inputs (e.g. visual question an-

ZX: Selvaraju, Ramprasaath R, et al. "Grad-cam: Visual explanations from deep networks via gradient-based localization."

Proceedings of the IEEE International Conference on Computer Vision. 2017.
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1. Introduction

Convolutional Neural Networks (CNNs) and other deep
networks have enabled unprecedented breakthroughs in a
variety of computer vision tasks, from image classifica-
tion [24, 16] to object detection [15], semantic segmenta-
tion [27], image captioning [43, 6, 12, 21], and more recently,
visual question answering [3, 14, 32, 36]. While these deep
neural networks enable superior performance, their lack of
decomposability into intuitive and understandable compo-
nents makes them hard to interpret [26]. Consequently, when
today’s intelligent systems fail, they fail spectacularly dis-
gracefully, without warning or explanation, leaving a user
staring at an incoherent output, wondering why.
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Grad CAM
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Grad CAM
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Grad CAM

% Grad CAM 7+ & H
> Gradient=2 WeightE +StCH 21| OFX[2} Layer OtL|O| = M- 80| 75
> Of2ff At Activation 45 Layer2H 10| = FUS &7 A%

ResNet50 Grad-CAM: input_1

ZX: https://jsideas.net/grad_cam/
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CNN

% CNN
» CNN =

Z2] ou|x] CNN
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£ X : https://datascienceschool.net/view-notebook/e2d30432911f4498b873232dd7d99¢cce/
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CNN

% CNN
» CNN =

2 feature maps

Fig. 3.1: Convolution of a 2-channel image with 2=2 filter to output 3 channels. Here, there are 27 parameters
— 24 weights and 3 biases.

EH: https://towardsdatascience.com/counting-no-of-parameters-in-deep-learning-models-by-hand-8f1716241889
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> https://jsideas.net/grad cam/

> https://you359.github.io/cnn%20visualization/GradCAM/

> https://hugrypiggykim.com/2018/03/28/grad-cam-gradient-weighted-class-activation-mapping/
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