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Google Colaboratory

• Collaboration + 
jupyter notebook
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Google Colaboratory
• Tesla K80(12.6gb GPU) ≥ GTX 1080TI(11gb GPU)
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Google Colaboratory

• Login google → go to the google drive → my drive → new folder(Optional)
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Google Colaboratory
• Mouse right click → See more → See more app to connect → search the 

Colaboratory → Connect

• Mouse right click → See more → Colaboratory
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Google Colaboratory

7

• You can make .ipynb file

• Edit → Setting note → GPU → Save
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Google Colaboratory
• Simple test

• Import tensorflow
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Google Colaboratory
• Import torch, but there are no module named ‘torch’

• Install TORCH → click insert → run new cell
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Google Colaboratory
• It appears that the instance will last 12 hours

• It is possible to upload and download files using the google drive

• For example, for every learning epoch, save the .ckpt file on the google 
drive, and continue to use the saved .ckpt file after 12 hours

• Default is 15gb cloud drive

• By investing about 2,400 won or 11,900 won a month, we can get 
Tesla- K80(12gb GPU).
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Paper Information
• Title: Learning Deep Features for Discriminative Localization

• Author: Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, Antonio 
Torralba

• Affiliation: Computer Science and Artificial Intelligence Laboratory, MIT

• Proceeding: (CVPR 2016) Computer Vision and Pattern Recognition 
2016

• http://cnnlocalization.csail.mit.edu/

• https://github.com/metalbubble/CAM
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Introduction & Related Works
• Demo video
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Introduction & Related Works
• Global Average Pooling

- Lin, Min, Qiang Chen, and Shuicheng Yan. "Network in network." arXiv
preprint arXiv:1312.4400 (2013).
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Introduction & Related Works
• Golobal Average Pooling

- Without FC layer?
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Introduction & Related Works
• Golobal Average Pooling

- With FC layer

- The size of feature map: [2, 2, 2] → [1, 1, 2] = 2

- The number of parameter: [2, 2] = 4

15

a b

c d

e f

g h

𝒂 + 𝒃
+𝒄 + 𝒅
𝒏

𝒆 + 𝒇
+𝒈+ 𝒉

𝒏

Softmax Layer

𝒘𝟏𝟏

𝒂 + 𝒃
+𝒄 + 𝒅
𝒏

+ 𝒘𝟏𝟐

𝒆 + 𝒇
+𝒈 + 𝒉

𝒏

𝒘𝟐𝟏

𝒂 + 𝒃
+𝒄 + 𝒅
𝒏

+ 𝒘𝟐𝟐

𝒆 + 𝒇
+𝒈 + 𝒉

𝒏

Feature maps

𝒘𝟏𝟏

𝒘𝟏𝟐

𝒘𝟐𝟐

𝒘𝟐𝟏



shseo@dongguk.edu

Introduction & Related Works
• Without Global Average Pooling

• The size of feature map: [2, 2, 2] → [1, 8]

• The number of parameter: [8, 2] → 16
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Introduction & Related Works
• GAP vs GAP with FC vs Without GAP

• GAP
- Feature map: [W,  H,  C] → [1,  1,  C] = F

- The number of parameter: 0

• GAP with FC
- Feature map: [W,  H,  C] → [1,  1,  C] = F

- The number of parameter: F *  # of output

• Without GAP
- Feature map: [W,  H,  C] → [1,  W*H*C] = F

- The number of parameter: F *  # of output

• GAP with FC : without GAP ∝ 1: W*H

• If W=10, H=10 → the number of Parameters are 100 Times Different
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Introduction & Related Works
• Google Net & GAP with FC
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Class Activation Mapping
• Feature map → GAP → FC → Class Activation Map
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Class Activation Mapping
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Weakly-supervised Object Localization
• Classification

• Localization
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Weakly-supervised Object Localization
• Object detection

• Weakly supervised text detector

22



shseo@dongguk.edu

Conclusion
• Class Activation Mapping(CAM) with Global Average Pooling(GAP)

• Weakly-supervised object localization → CNNs trained for classification 
can do object localization

• Various experiments are very important!

• Reducing uncertainty in deep learning (NRF Global ph.d research topic)
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Thank you.
Q & A
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