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Outline

* Introduction to Deep Learning
e Neural Network Architectures
e Feed Forward Neural Networks

— Forward Propagation
— Hyper-parameters
— Activations



Linear vs Non-Linear Classifiers
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Comparing classifiers
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History of Deep Learning

& & Deep Neural Network
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Deep Learning

@ The traditional model of pattern recognition (since the late 50's)

» Fixed/engineered features (or fixed kernel) + trainable
classifier

hand-crafted
Feature Extractor

Razadlliacs

“Simple” Trainable
Classifier

Trainable
Feature Extractor

/ Feature learning / Deep learning

Trainable
Classifier
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Learning Representations
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Deep Learning addresses the problem of
learning hierarchical representations



The Visual Cortex is Hierarchical

# The ventral (recognition) pathway in the visual cortex has multiple stages

# Retina - LGN - V1 - V2 - V4 - PIT - AIT ....
# Lots of intermediate representations
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Neural Function

* Brain function (thought) occurs as the result of
the firing of neurons

* Neurons connect to each other through synapses,
which propagate action potential (electrical
impulses) by releasing neurotransmitters

— Synapses can be excitatory (potential-increasing) or
inhibitory (potential-decreasing), and have varying
activation thresholds

— Learning occurs as a result of the synapses’ plasticicity:
They exhibit long-term changes in connection strength

* There are about 10! heurons and about 1014
synapses in the human brain!
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Analogy to Human Brain

Human Brain Neuron/Unit

Direction message travels ‘ .
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(cell body)
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Neural Networks

Origins: Algorithms that try to mimic the brain.

Very widely used in 80s and early 90s; popularity
diminished in late 90s.

Recent resurgence: State-of-the-art technique for
many applications

Artificial neural networks are not nearly as complex
or intricate as the actual brain structure
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Neural Networks

Output units PREDICTION

Hidden units

- O Input units ~ HIA
Layered feed-forward network

Neural networks are made up of nodes or units,
connected by links

Each link has an associated weight and activation level

Each node has an input function (typically summing over
weighted inputs), an activation function, and an output

13



Example

Size w
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Wealth - é

Figure 2: Diagram of a small neural network for|predicting housing prices.

|NTERMEDIA
cepUES

* Provide as input only training data: input and label
* Neural Networks automatically learn intermediate features!
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Perceptron
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Multi-Layer Perceptron

Deep neural network

* A network of perceptrons
— Generally “layered”

HoN—LINEAZ—  [EL
TULLY GoYNECTED
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Deep Learning Applications

INTERNET & CLOUD

Image Classification
Speech Recognition
Language Translation
Language Processing
Sentiment Analysis
Recommendation

DEEP LEARNING EVERYWHERE

MEDICINE & BIOLOGY MEDIA & ENTERTAINMENT SECURITY & DEFENSE

Cancer Cell Detection Video Captioni Face Detection
Diabetic Grading Videoasza(r)grl\ng Video Surveillance

Drug Discovery Real Time Translation Satellite Imagery

AUTONOMOUS MACHINES

Pedestrian Detection
Lane Tracking
Recognize Traffic Sign

17



Success stories: Speech recognition

(_

C ® www.technewsworid.com
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104

Microsoft Al Beats Humans at
Speech Recognition

8y Richard Adhikari
Oct 20, 2016 11:40 AM PT o~

Microsoft's Artificial Intelligence and Research Unit earlier this week reported
that its speech recognition technology had surpassed the performance of
human transcriptionists.

fEVEinllc I S

3 Most Popular ] Newsletters News Alerts

How do you feel about Black Friday and
Cyber Monday?

They're great -- I get a lot of bargains!
The deals are too spread out -- I'd prefer
just one day.

They're a fun way to kick off the holiday
season.

I don't like the commercialization of
Thanksgiving Day.

They're crucial for the retail industry and
the economy.

The deals typically aren’t that good.
Vote 1o See Results

E-Commerce Times

Black Friday Shoppers Hungry for New
Experiences, New Tech

Pay TV's Newest Innovation: Giving Users
Control

Apple Celebrates Itself in $300 Coffee Table
Tome

AWS Enjoys Top Perch in IaaS, PaaS Markets

US Comptroller Gears Up for Blockchain and
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Success stories: Machine Translation

G The Keyword  Latest Stories Product News Topics Q

In 10 years, Google Translate has gone from supporting just a few languages to

103, connecting strangers, reaching across language barners and even helping
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Success stories: Image segmentation

-
Building |




Neural Network Architectures

Deep Feed Forward (DFF)
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& Feed-Forward Networks
* Neurons from each layer
connect to neurons from
next layer

Deep Convolutional Network (DCN)
Convolutional Networks

* Includes convolution layer
for feature reduction

* Learns hierarchical
representations

| X X XX |

Recurrent Neural Network (RNN)

Recurrent Networks

* Keep hidden state

* Have cyclesin
computational graph

Voo le
\..';‘\..
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Feed-Forward Networks
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L denotes the number of layers

L :
s € NT" contains the numbers of nodes at each layer

— Not counting bias units

— TypicaIIy,' s, = d (# input features) and s; ,=K|(# classes)
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Feed-Forward NN

* Hyper-parameters
— Number of layers
— Architecture (how layers are connected)
— Number of hidden units per layer
— Number of units in output layer

— Activation functions

* Other
— Initialization
— Regularization



Feed-Forward Neural Network

Training example
x = (X1, X2, X3)

(Input Layer) (Hidden Layer) (Output Layer)

Layer O Layer 1 Layer 2

No cycles 6 = (b1, witl pl2l w2l
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Vectorization
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Review

Feed-Forward Neural Networks are the
common neural networks architectures

— Fully connected networks are called Multi-Layer
Perceptron

Input, output, and hidden layers

— Linear matrix operations followed by non-linear
activations at every layer

Activations:
— Non-linear functions

Forward propagation: process of evaluating
input through the network
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