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Agenda

Recap

Failure modes of fully-connected neural networks 

Convolutions 

Pooling

CNNs across modalities 



Well-trained Networks can learn anything

DNN

Random Label



Failure modes of Neural Network Optimization 

Underfitting Overfitting



Why did the neural networks fail to train?

Complex Interaction between:

- Initialization

- Hypothesis Class

- Optimizer

- Learning Objective

- Data



Choosing scales of random init



BatchNorm: Preventing activation collapse



Residual connections: Skipping training bottlenecks



Momentum: Accelerating SGD

https://distill.pub/2017/momentum/



Managing overfitting: Adding additional losses 



Managing overfitting: Data Augmentation 
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Images are tensors



Images in our class so far..



Using FNNs on tiny images

Example: 

512*512 image

~250K hidden units

62.5B parameters per layer  <- Bigger than GPT3…



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



What do we know?



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
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Failure modes of fully-connected neural networks 

Convolutions: Capturing locality and positional-equivariance  

Pooling

CNNs across modalities 



Convolution: Definition  















2D Convolutions















Question: How would you apply this idea to a CT-scan?



3D Convolutions

Question: How would you apply this idea to a CT-scan?



Examples of Convolutions



Examples of Convolutions



Examples of Convolutions



Question: How can we make convolutions 
more expressive?



Question: How can we make convolutions 
more expressive?

Width: Many kernels in parallel 
Depth: Composing kernels



Motivating example: linear in a different basis 

h response𝑧









Question: How would you apply this idea to a graph?



Graph Convolutions: Leverage neighboring nodes

Question: How would you apply this idea to a graph?



Graph Convolutions: Leverage neighboring nodes

Question: How would you apply this idea to a graph?
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Failure modes of fully-connected neural networks 

Convolutions

Pooling: Aggregating features and location invariance

CNNs across modalities 



Average Pooling



Pooling

‣ We wish to know whether a feature was there but not 
exactly where it was 

feature map pooled map



Max Pooling



Pooling (max)

‣ Pooling region and “stride” may vary
- pooling induces translation invariance at the cost of spatial 

resolution
- stride reduces the size of the resulting feature map

feature map

after max poolingfeature map



Attention Pooling: learned weighted average



Attention Pooling: learned weighted average



Multi-Head Attention Pooling: more shots on goal 
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Putting it together: CNNs



Popular 1D CNNs: Text 



Popular 1D CNNs: Wave Forms 

Xiaolin, Li, Barry Cardiff, and Deepu John. "A 1d convolutional neural network for heartbeat 

classification from single lead ecg." 2020 27th IEEE International Conference on Electronics, 

Circuits and Systems (ICECS). IEEE, 2020.



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 3D CNNs: ResNet3D

Just make the kernels all 3D. Used in Sybil and many other 3D models.



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.



Summary

FFNs are wildly inefficient

Convolutions: Capture local patterns data

Pooling: Spatial invariant method to summarize features 

Attention Pooling: Parameterized Weighted Averages

CNNs: NNs with Conv and Pooling building blocks 

Applications to text, images, graphs, and more



Questions?
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