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The role of deep learning

● Good separability in input feature space → classical ML models are 

sufficient
○ Logistic Regression, Support Vector Machines, Random Forest, Gradient Boosting, etc.

● If not, can we transform to a better feature space through feature 
engineering/deep learning ?

MNIST DATASET

Input Layer Intermediate Layer Output Layer



Deep Learning building blocks
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Convolutions 



Discrete convolutions 



Discrete convolutions 



Discrete convolutions 



Discrete convolutions 



Zero padding for a 3x3 filter



Mirror/reflection padding for a 3x3 filter



Classic convolutions – Curvelets

- Curvelets: a 2d “stable basis” 
designed to capture edge 
singularities 

- Each element is associated with: 
location, frequency, directionality 

- Coefficients of curvelets not located 
“on” or not aligned with edge 
singularity are “insignificant”



Curvelets – construction via tiling in Fourier 
domain



Classic convolutions – Curvelets



Convolutions – through learning 

- Convolution filters of 
first layer in a computer 
vision deep learning 
network: learning of 
edge & color detectors

- The coefficients of the 
filters are part of the 
“weights” of the 
network.



Learning filter decomposition 



3D discrete convolutions 



Fully connected (dense) layers



Non-linearities 



Applying non-linearities 



NN as piecewise linear approximation over 
the input space



Dimension reduction operations 



Pytorch image CIFAR classification example 



Pytorch image CIFAR classification example 

Layer Dimensions:
Layer 0 - 3x32x32
Layer 1 -  6x28x28 (pooling) -> 6x14x14
Layer 2 - 16x10x10 (pooling) -> 16x5x5
Layer 3 - 120
Layer 4 - 84
Layer 5 – 10 

Layer #weights:
Layer 0→1 -  6x3x5x5+6 = 456
Layer 1→2 - 16x6x5x5+16=2416
Layer 2→3 - 48,000+120 = 48,120
Layer 3→4 - 10,080+84 = 10,164
Layer 4→5 – 840+10=850



Pytorch image CIFAR classification example 
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is the representation at the last layer ( )1 10, ,x x x=

Together with previous 
layer: Soft-Max



Pytorch image CIFAR classification example 
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ImageNet classification of 1000 classes – top 5 
results 



VGG-16 Net (2015)



Residual Blocks
Cited 267,160 times from 2015

Modeling residuals
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Inception Blocks (2016)
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Simple loss functions and backpropagation
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Regression loss functions
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is the output of the network. It needs to be piecewise 
smooth. So the building blocks of the network need to be 
piecewise smooth.

For example, the max-pooling operation
 of smooth functions                    , is piecewise smooth. 
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Backpropagation 



Backpropagation 
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Under the hood of automatic differentiation 
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Momentum - exponential averaging of past 
gradients 
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