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Vector Formation
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Regression Algorithms
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Linear Regression Pipeline

1. Build probabilistic models:

Gaussian Distribution + Neural Network ¢y = O(Vg(WCE))
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) GD



Binary Classification Algorithms
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Binary Logistic Regression Pipeline

1. Build probabilistic models:

Bernoulli Distribution + Neural Network 4y = o(Vg(Wa:))
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Multiclass Logistic Regression Algorithms

Classifier

Training Data S
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Multiclass Classification Y € {0,1,...,k}
Multiclass Logistic Regression Pipeline

1. Build probabilistic models:

Categorical Distribution + Neural Network ¢y = O(VQ(WSE))
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Select Optimizer
U(a",y",0) = (o(Vg(Wa')) —y")*
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e (Stochastic) Gradient Descent



Backpropagation: Chain Rule on Neural Network
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Backward Pass



(Stochastic) Gradient Descent

e |Initialize parameter §°
e Sample {a:"',yi}f;l

B
e Do 9t+1 < Ht — 772 VQE(xiayia et) o ()‘VQ(Ht))

1=1



Auto-differentiation Packages

PyTorch JAX Tensorflow
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TensorFlow
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Fully Connected Layer
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Convolution Layer
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32x32x3 image — preserve spatial structure
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Convolution Layer
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Im Convolve the filter with the image,
i.e., “slide over the image spatially,

/ computing dot product”
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Convolution Layer
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Convolution Layer
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Convolution Layer
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Convolution Layer

padding = O, stride = 1 padding = 1, stride = 2 padding = 1, stride = 1 padding = 2, stride = 1

W—F+2P
Wout = +1 Animation from Hochschule der Medien

S



https://hannibunny.github.io/mlbook/neuralnetworks/convolutionDemos.html

Convolution Layer
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Convolution Layer
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Convolution Layer

32x32x3 image
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Consider 6 filters,
each 3x5x5

Convolution

Layer
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Stack activations to get a
6x28x28 output image!



Convolution Layer

32x32x3 image
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Don't forget bias terms!
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Stack activations to get a
6x28x28 output image!



Convolution Layer

32x32x3 image Don't forget bias terms!

I Activation
/ I Function!

Convolution
Layer

— filters Stack activations to get a
3 6x28x28 output image!

32 (ReLU)




Pooling (Subsampling)

MAX POOLING

Single depth slice
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Pooling (Subsampling)

MEAN POOLING

Single depth slice
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Pooling (Subsampling)

224x224x64
112x112x64

pool iﬁi
| |
224 ’ 112

downsampling
224

e Pooling layers simplify / subsample / compress the information in the
output from the convolutional layer
e Reduce parameters



Put Everything Together

C3: . maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5

3232 S2:f. maps
6@14;(1?s

|
| Ful conflection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

[LeNet-5, LeCun 1980]



AlexNet (2012)

o AlexNet was one of the first deep convolutional on ImageNet competition

with an accuracy of 84.7% as compared to the second-best with an accuracy
of 73.8%.

e The activation used is the Rectified Linear Unit (ReLU).

e The training set had 1.2 million images. It was trained for 90 epochs, which
took five to six days on two NVIDIA GTX 580 3GB GPUs.
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https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

AlexNet (2012)

RELU layer

»
Max
pooling

Max pooling
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AlexNet


https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

VGGNet (2014)

e Very Deep CNN
e With only 3*3 conv filters

Fewer parameters, deeper nonlinear layers

c-vi

L% 112 128

7 convolution+ RelU
max pooling

a fully connected +RelLUV

pal N )

| Softmax |
L Softmax | [[_rcace_ ]
CEiw 1 [
 —r e ool 1
CEme 1 [Eecowsiz ]
L 50_2 ] [ 3a3conv, 512 |
|l 33conv, 512 | | A@conv, 512 |
| 3x3conv, 512 | | 3x3conv. 512 |
CEEoweiz | | Pool ]
| Poal || | 3x3conv, 512 |
I 33comv,512 | [ 3x3cow, 512 |
| 3x3coav,512 | [ 3x3comv.512 |
| 23ceewv, 512 | | 3x3conv, 512 |
| 33 conv, 266 | I 3x3corw, 258 |
| 33conv,266 | | 3xBcorw, 258 |
| Pool ] | Fool |
I 3x3coav, 128 | | 3x3conv, 128 |
| 33 conv, 128 | | 3x3conv, 128 |
| Poal ] | Pool ]
| 3x3cow,B84 | | 3x3cow.B4 |
| dx3 carnv, B4 | | 3x3 corv, 64 |
| Input N =7l nput 1

VGG16

VGG19


https://arxiv.org/abs/1409.1556

ResNet (2015)

e Very Deep CNN with residual

connections
o 152-layer model for ImageNet

o ILSVRC'15 classification winner (3.57% F(x) + x
top 5 error)

o Swept all classification and detection
competitions in ILSVRC'15 and F(x) X
COCO'15! Identity

X
Residual block



https://arxiv.org/abs/1512.03385

Image Classification on ImageNet
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Convolution Features
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Auto-differentiation Packages
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A Bit of History

Neocognitron [Fukushima 1980]

Features Extraction

Recognition

Layer


https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf

A Bit of History

e Neocognitron [Fukushima 1980]
e Backpropagation [Rumelhart et al., 1986, Werbos 1974]

Features Extraction

Input Layer

Recognition
Layer


https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf
https://www.nature.com/articles/323533a0
https://perceptrondemo.com/assets/PJW_thesis_Beyond_Regression_1974-4b63aa5f.pdf

A Bit of History

Neocognitron [Fukushima 1980]

Backpropagation [Rumelhart et al., 1986, Werbos 1974]

BP on CNN [LeCun et al., 1989]
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https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf
https://www.nature.com/articles/323533a0
https://perceptrondemo.com/assets/PJW_thesis_Beyond_Regression_1974-4b63aa5f.pdf
https://ieeexplore.ieee.org/document/6795724

Q&A



HW2 Due Today!

No HW until Mar. 05th
Use the time wisely for project



