Deep Learning

Based on the original slides of Hung-yi Lee




Deep learning

attracts lots of attention.

Google Trends

* Deep learning obtains many exciting results.

 (Can contribute to new Smart Services in the
Context of the Internet of Things (IoT).

* |oT Services need to learn from raw data.

 (lassification and Prediction.
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Example Application

Handwriting Digit Recognition
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Handwriting Digit Recognition
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Example Application

Handwriting Digit Recognition
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In deep learning, the function f is

represented by neural network



Element of Neural Network
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Neural Network

Input Layer1 Layer2 LayerL Output

Input v —  Output
Layer Hidden Layer



Example of Neural Network




Example of Neural Network




Example of Neural Network
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Matrix Operation
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Neural Network




Neural Network
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to speed up matrix operation
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Softmax layer as the output layer

Ordinary Layer
@ 1=k
In general, the output of
network can be any value.
Z, Yo = 6(22)
May not be easy to
23 Y; =0 (23) Interpret



Probability:

Softmax layer as the output layer ® 1>y >0
), y=1

Softmax Layer




How to set network parameters

16 X 16 = 256
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Training Data

Preparing training data: images and their

labels
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Cost can be Euclidean distance or cross
entropy of the network output and target



Total Cost

For all training data ...
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How bad the network
parameters 6 is on
this task




Gradient Descent

Error Surface

F5 0018 000 ————— 15,000 ————°00 —50g=

aC(8°)/ow,
06(90)/aw2

-4 -2 0 2 <

m: 7c(0°) = [

0 = {wy,w,}

Randomly pick a
starting point 89

Compute the
negative gradient
at 6°

—vC (6%

Times the
learning rate 7

—nve(e°®)



Gradient Descent

Randomly pick a
starting point 89

Compute the
negative gradient
at 6°

—vC (6%

Times the
learning rate 7

—nve(e°®)
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Local Minima

Gradient descent never quarantee global
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) \\>\ /0 ; Loss Functions?
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http://videolectures.net/eml07_lecun_wia/
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In physical world

Momentum

\ How about put this phenomenon

in gradient descent?
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Still not guarantee reaching

global minima, but give some

Momentum

cost
Movement =

Negative of Gradient +

Mo eNéJngg

tive of Gradient
ceeep Momentum

- Real Movement

Gradient=o0



Mini-batch

> Randomly initialize 8°
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Mini-batch

Original Gradient With Mini-batch
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Mini-batch CFaster  Better

> Randomly initialize 8°
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Backpropagation

A network can have millions of parameters.

Backpropagation is the way to compute the gradients
efficiently

Ref:

http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2015_

2/Lecture/DNN%20obackprop.ecm.mpg/index.html
Many toolkits can compute the gradients automatically

Ref: \J | lensor
http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2015_2/Lec
ture/Theano%20DNN.ecm.mpg4/index.html
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Deeper is Better?

Not surprised, more
parameters, better
verformance

Seide, Frank, Gang Li, and Dong Yu. "Conversational Speech Transcription
Using Context-Dependent Deep Neural Networks." Interspeech. 2011.



Universality Theorem

Any continuous function f

f:RY > RM

Can be realized by a
network with one hidden

er Reference for the reason:

d :
nge n €noug h hidden http://neuralnetworksandde
neurons) eplearning.com/chap4.html

Why “"Deep” neural network not “Fat” neural network?



Fat + Short v.s. Thin + Tall

Shallow Deep



Fat + Short v.s. Thin + Tall

1 X 2k 24.2

2 X 2k 20.4

3 X 2k 18.4

4 X 2k 17.8

5 X 2k 17.2 <7D 1X3772 22.5

7 X 2k 17.1 ®1X4634 22.6
1 X 16k 22.1

Seide, Frank, Gang Li, and Dong Yu. "Conversational Speech Transcription
Using Context-Dependent Deep Neural Networks." Interspeech. 2011.



Why Deep?

- ﬁ

Image

Sharing by the following
classifiers as module




Why Deep?  DeepLearmingsbsoworks

on small data set like TIMIT.

Deep — Modularizat = Less training data?

The modularization is
automatlcally Iearned from

The most basic Use 15t layer as module Use 2" layer as
classifiers to build classifiers




Deep Learning

nd-crafted 5
nel function — ¢ e e

e /o O o
C _
o e’ Apply simple
classifier
Input Space Feature Space

Source of image: http://www.gipsa-lab.grenoble-
inp.fr/transfert/seminaire/455_Kadri2013Gipsa-lab.pdf

simple

Learnable kernel ¢(x) / classifier




Why Deep? - Logic Circuits

A two levels of basic logic gates can represent
any Boolean function.

However, no one uses two levels of logic
gates to build computers

Using multiple layers of logic gates to build
some functions are much simpler (less gates

TG j} -l e
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Weak classifier ~—\ |
Combine

Deep Learning

Weak Boosted weak Boosted Boosted
classifier classifier weak classifier

St



Hard to get the power of Deep ...

Handwritting Digit Classification
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Recipe for Learning

Does itdo well |y, Does itdo well | ves

on the training | =) on the test mmsd)p Done!
data? data?

INO 4 lNo

Bigger network y More data

( (Rocket engine) : (Rocket fuel)

http://www.gizmodo.com.au/2015/04/the-basic-recipe-for-machine-learning-
explained-in-a-single-powerpoint-slide/




Recipe for Learning

Does it do well Does it do well \Vos

data?

| - e
N

data?

Yes
on the training | =) on the test mmsd)p Done!

Preventing
Overfitting

http://www.gizmodo.com.au/2015/04/the-basic-recipe-for-machine-learning-
explained-in-a-single-powerpoint-slide/




Recipe for Learning

e New activation functions, for example, ReLU
or Maxout

e Adaptive learning rates

* Dropout J




Reading Materials

"Neural Networks and Deep Learning”
written by Michael Nielsen

http://neuralnetworksanddeeplearning.com/
"Deep Learning” (not finished yet)

Written by Yoshua Bengio, lan J. Goodfellow
and Aaron Courville

http://www.iro.umontreal.ca/~bengioy/dlbook/
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