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Agenda

Recap 

Motivation for Localization  

Localization as Attention  

Bounding box prediction 

Segmentation 



What’s wrong with FNNs?

x0 = [0,1,1 , … , 0] x1 = [0,0,1, … , 0]

Small padding, very different feature vectors!



θ

Conceptual role of Hypothesis class:  
Choose your Mountain range



Desired properties for a good Hypothesis Class

Capture spatial dependencies: Pixel positions and locality matter! 

Handle Translations / Nuissance variations:  Objects of interest can appear 

anywhere 

Scale: Allow efficient computation for large inputs

Text GraphsImages/ Volumes



2D Convolutions



Examples of Convolutions



Max Pooling
Max Pooling

• Similar to filtering, but output the maximum entry instead 
of a weighted sum

single slice



Attention Pooling: learned weighted average



Putting it together: CNNs



Popular 1D CNNs: Text 



Popular 2D CNNs: ResNets

He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.



Popular GNNs: Convolutions on graphs

Wu, Zonghan, et al. "A comprehensive survey 
on graph neural networks." IEEE transactions 
on neural networks and learning systems 32.1 
(2020): 4-24.
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Motivating Example:  
Cancer detection on Mammography

Screening Statistics 

1,000 Screens 

100 Suspicious  

20 Biopsies 

5 Cancers found, 1 missed 

What are useful CPH interventions? 

Do they need localization?



Motivating Example:  
Localization as a useful modeling endpoint

Can localization help improve radiologist 

sensitivity? 

        - Interpretability  

        - Guiding biopsy location 

Can localization help improve radiologist 

specificity or efficiency?



Motivating Example:  
Localization as a regularizer 
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Localization as attention map supervision:  
Localization as a regularizer 



Problem Setting 



Problem Setting 



Problem Setting: Feature Encoding 



Problem Setting: Feature Encoding 



Attention Pooling: learned weighted average



Supervising Attention maps: 2D example



Supervising Attention maps: 2D example



Supervising Attention maps: 2D example



Supervising Attention maps: 2D example



Coarse supervision for attention maps



Coarse supervision for attention maps



Putting it all together
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Putting it all together
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What’s missing there? Beyond regularization



What’s missing there? Beyond regularization



What’s missing there?



What’s missing there?
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Problem Setting 



Simple baseline 



Simple baseline 



Simple baseline 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Supporting multiple objects 



Feature pyramids networks 



Supporting multiple objects and scales



Putting it all together 



Classic papers in this area

Multi-stage approaches: 

     R-CNN 

     Fast R-CNN 

     Faster R-CNN 

Single-stage approaches: 

     YOLO



What is this missing?



What is this missing?
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Problem Setting 



Problem Setting 



Baseline 



Baseline 



Baseline - No global pooling 



Baseline: fully convolutional models



Baseline: fully convolutional models



Baseline: fully convolutional models



Understanding receptive field in CNNs

https://distill.pub/2019/
computing-receptive-fields



Baseline: fully convolutional models



UNets: Multiscale representations 

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for 
biomedical image segmentation." Medical Image Computing and Computer-Assisted 
Intervention–MICCAI 2015: 18th International Conference, Munich, Germany, October 5-9, 
2015, Proceedings, Part III 18. Springer International Publishing, 2015.

Mutli-scale representations! 

Fine-grain representations!



Upsampling with convolutions: TransposeConv

https://d2l.ai/chapter_computer-vision/transposed-conv.html



2D Convolutions



Putting it all together 



Summary

Why localization? 

          - Key output for some CPH interventions (e.g. Where to biopsy) 

          - Effective regularizer  

Methods for localization:  

          - Loose Supervision: Constraining attention maps 

          - Bounding box regression: Capturing multiple objects of different sizes 

          - Segmentation: Pixel level predictions and UNets 



Questions?


