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What is the intuition behind neural networks?

How do neural networks leam?

How to train neural networks?

What is the intuition behind neural networks?

Machine Learning: 4 Main Components

* Model/Representation
* Cost/Error/Loss of model
* Model Optimizer
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Logistic Regression
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Logistic Regression
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Dealing with Edge Conditions
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Dealing with Edge Conditions
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Quadrant Questioning
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Quadrant Questioning

«Line A, over or under?
«Line B, over or under?
*Both YES?

nodule concavity

[no][veEs

nodule radius

Graph Representation

Line A, over or under?

Line B, over or under?

Graph Representation

Line A, over or under?

Line B, over or under?




Graph Representation
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A Neural Network
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XOR Perceptron
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How do neural networks learn?

Backpropagation & Gradient Descent in Neural Networks

Representations by Back-propagating Errors
86
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Iris Dataset
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The Use of Multiple Measurements in Taxonomic Problems

Annual Eugenics - 1936

How Neural Networks Learn
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How Neural Networks Learn
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How Neural Networks Leam

iris dataset
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How Neural Networks Learn
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How Neural Networks Learn

 Data: iris dataset
 Model: 3-layer neural network
+ Loss: cross entropy

v Optimizer: gradient descent
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How Neural Networks Learn
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How Neural Networks Learn
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How Neural Networks Learn

 Data: iris dataset

-layer newral network
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How Neural Networks Learn

 Data: irs datase
 Model: 3-layer neural network
¥ Loss: cross entropy
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How Neural Networks Learn
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How Neural Networks Learn
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How Neural Networks Leam
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How Neural Networks Learn
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Gradient Descent Flavors

vanilla gradient descent - entire dataset
stochastic gradient descent - random batch of samples (IID)
online gradient descent - (need not be 1ID)
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Gradient Descent Flavors

vanilla gradient descent - entire dataset
stochastic gradient descent - random batch of samples (IID)
online gradient descent - (need not be IID)

# of epochs

leaming rate Jll batch size

How to train neural networks?

The Perfect Fit

A i, Vishos Bougie ¢ Auran Gonril

Deep Learning
MIT Press - 2016
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The Perfect Fit

| parameters IUER hyperparameters
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P g
MIT Press - 2016

Hyperparameters

model-specific Ji% W optimizer-specifc

architecture learning rate
activations batch size
initializations # of epochs
loss functions
optimizers
regularizers
Architecture
# of layers
# of units/layer
Freell]
Bl B EA
sefl i
MR H L
e aepgtihantari il b & &
*Bigpkgr 30 & & '
| g
Going Decper with Convolarions (GoogNeTnceprion)

CVPR- 2015
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Activations
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Activations
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Efficient BackProp
Neural Networks: Tricks of the Trade - 1998
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Activations
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Activations

step sigmoid
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Kaiming He, Xugy Zhang, Swoging R o fiow Sun

Delving Decp into Rectificrs: Surpassing Human-Level Per c on ImageNet Classif
International Conference on Computer Vision - ICCV 2015

Activations

step sigmoid
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Fast and Accurate Decp Network Learning by Exponential Lincar Units (ELUs)
International Conference on Computer Vision - ICCV 2015
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Activations

step sigmoid

Initializations

0- stuck at a saddle point
constants - difficult to break the symmetry
large random values - small gradients, slow convergence

4 . \

Initializations
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Initializations

Initializations

Namme 5 Refereoce
Co @ 3=0 0 used by [ZF14)

—+ Xavier/Glorot uniform o 0 y=0 [GB10|

—+ Xavier/Glorot normal o =0 ) [cBIof

— He a0 ) [HZRS155]
Orthogonal ) [SMG13]
LSUV 1 [MMI5]

Marin Thaws

Analysis and Optimization of Convolutional Neural Network Architectures
huspsc/larxiv.org/pdfl1707.09725.pdf

Loss Functions

regression - mean squared error

multiclass classification - categorical cross entropy

pixel classification - dice/ Wasserstein dice coefficient
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Optimizers

stochastic gradient descent + momentum

Optimizers

stochastic gradient descent + momentum

adaptive gradient (AdaGrad)
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Adaptive Subgradient Methods for Online Leamning and Stochastic Optimization
Joumnal of Machine Learning Research - 2011

Optimizers
stochastic gradient descent + momentum
adaptive gradient (AdaGrad)
root mean square propagation (RMSProp)
’{(rur::.m Neural Networks for Machine Learning - Lecture 6
heps du /i i slides lech. pdf

28



8/1/2018

Optimizers
Regularizers
L1, L2 regularization
A
'Cncw =L+ 5 “’Vl
A
Lopew =L+ =W?
2
Regularizers

L1, L2 regularization

Loew =L+ 31W] &8
Loz =LA ’%Wz
&=
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Regularizers

Dropou to Prevent Neural Networks from Overficting
Joumal of Machine Learning Research - 2014

Regularizers

batch normalization

VAN AN NP
Q0 00—

Srae il & Chriien Somgnly
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Batch Normalization: Accelerating Decp Nerwork Training by Reducing Internal Covariate Shift
Journal of Machine Learning Research - 2014

Regularizers

batch normalization

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift
Joumal of Machine Learning Rescarch - 2014
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Optimizer-specifc Hyperparameters

learning rate
0.1,0.01, 0.001, 0.0001,..

Optimizer-specifc Hyperparameters

learning rate
0.1,0.01, 0.001, 0.0001,..

Optimizer-specifc Hyperparameters

learning rate
0.1,0.01, 0.001, 0.0001,..
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Optimizer-specifc Hyperparameters

learning rate
0.1,0.01, 0.001, 0.0001,..
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Optimizer-specifc Hyperparameters

learning rate
0.1,0.01, 0.001, 0.0001,.

batch size
16,32, 64, 128,...

Optimizer-specifc Hyperparameters

learning rate
0.1,0.01, 0.001, 0.0001,.

batch size # of epochs
16,32, 64, 128,... early stopping
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Babysitting your Network
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Debugging through Leamning Curves
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Debugging through Leamning Curves
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Debugging through Learning Curves
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Debugging through Learning Curves
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