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1. Deep learning brief history
2. Basic units of neural networks

3. popular architectures of neural networks
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Brief history

Al & Machine Learning & Deep learning

I_ o r
I I Output
| | ‘
I Output Output N g
I features
Additional
Outisiit I Mapping from Mapping from I layers of more
k I features features I abstract
features
Deep learning Example: I I
Shallow E i - : ? f ? ?
xample: xample:
Example: autoencoders . : . ; I I
MLP Logistic Knowledge, Hand- Hand- S
S ’ p : imple
regression bases designed I designed Features I featul.)res
program features
Representation learning T I T T I T
Machine learning
Input I Input Input I Input
. Deep
Rilebased I Classic I learning
. X machine .
systems I learning Representation

learning

Flowchart shows how different parts of an Al system
(Goodfellow et., 2017)

Venn diagram shows inclusion relation among Al, Machine
learning and deep learning (Goodfellow et., 2017)



O 1 Brief history
Machine Learning & Deep learning

One Example

MACHINE LEARNING WORKFLOW

TRAINING DATA FEATURE EXTRACTION
[ [
\./I ?'@ AN
‘@
®
- .. - . oty R CAR v
I I ONVOI RAL NETWORK (CNN)
[ I TEST DATA
N TRUCK X
® @ [ ]
gk&@ °
b W, L b ¥, Jv °
BICYCLE X
© o
A % -

\ \

Matlab.mathworks.com
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Brief history
Machine Learning & Deep learning

Problem
Yes Labeled No
l data? l
Supervised Unsupervised
learning learning
Category _~Category or _Quantity Group Group or Lower
quantity lower dim. dimension
e o - - Dimensionalit
Classification Regression Clustering . y
reduction
Neural network Support vector machine K-means
Logistic regression Neural network Gaussian mixture PCA
Random forest Ridge regression DBSCAN LDA
Naive Bayes Random forest Spectral clustering Isomap
Support vector machine Lasso Hierarchical clustering Autoencoder

Types of machine learning algorithms (Kong et al., 2018)



Brief history
Deep learning
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Deep Neural Network

(Pretraining)
Multi-layered .
XOR Perceptron A
ADALINE (Backpropagation)
A A
A
Perceptron
l Golden Age R Dark Age (“Al Winter”) "
Electronic Brain
1943 1957 1960 1969 1986 1995 2006

1950

S. McCulloch - W. Pitts F. Rosenblatt

B. Widrow - M. Hoff

1960

1970

1980

D. Rumelhart - G. Hinton - R. Wiliams

V. Vapnik - C. Cortes

A

r
r

-
[ ™

57 n

G. Hinton - S. Ruslan

XANDY XORY NOT X

+1 41 2 +1 41 -1 1

/| /N
Y +1 X Y +

<@¢—— Backward Error

Foward Activity =——p

= Adjustable Weights
« Weights are not Learned

» Learnable Weights and Threshold

* XOR Problem

» Solution to nonlinearly separable problems

» Limitations of learning prior knowledge

» Big computation, local optima and overfitting * Kernel function: Human Intervention

* Hierarchical feature Learning




O 1 Brief history
Deep learning

 GoogeBranofndCatvideo [ YOSIOSavey doepneualnetuork - Tonsortow
« AlexNet: a deep neural network 1. very et ptmi * Real-time object detection
» GAN: generative adversarial network .

dE eI o
sBa,

« IBM Watson « Deep RNN: Speech recognition ~ * Deep residual learning C\Ilpha GC;'Z_ergAN

beats Humans in Jeopardy « Dropout: New regularization  Batch Normalization asserstein S _
. Feifei Li launched |mageNet . ¢ Convolutional LSTM ° CyCIG'COnSLStent adversarial
¢ * Unet network

» Fast R-CNN °



O 2 Neural Network

Basic Units

Different Housing materials
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Neural Network

Basic Units
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Neural Network

Basic Units

F‘)“l"ﬂ‘v oot i * Normalization i
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ully conn; t e own-sampling (pooling) .z
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ovin-sampling (pooling)
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LS Label
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M| oss funcnon”’ Sngiog . B 2 3
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Hidden units
Regularization Batch
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Neural Network

Perceptron

Neurons in brain

Dendrite

W _Call body

Wo

*@® synapse
axon from a neuron
W

Axon terminal

cell body

(Te)

output axon

activation

WoTo function
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Neural Network

Perceptron

Linear classification

size

A .
Vatmn®
‘ domestication

N N ‘__.‘v'!
| = \
e
oF b
° domestication

size

— _4. o .4‘>
J A\ f‘i-l
e domestication

N
) . 1
Dt Q™
° /:.u" -
domestication
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Neural Network

Perceptron

Linearly separable

Non-linearly separable
(XOR problem)



02 Neural Network

Multi-layered Perceptron

Property 1

Property 2

Input Hidden Output
layer layer layer
y = f(x;0)

(Goodfellow et al., 2017)



02 Neural Network

Activation function

Sigmoid function

Sigmoid 1 Leaky ReLU ) i,

= sigmoid
O'(.’L') = 1_,_% maX(O.lzc,a:) | A — dgrivative
tanh Maxout
tanh(x) = B max(w{ z + by, w3 x + ba)
RelLU ELU
max (0, z) {Z(ew 1 Z i 8 _ )




02 Neural Network

Activation function

Tanh function

Sigmoid 1 Leaky ReLU ' 1

O'(.’L') = H% maX(O.lzc,x) | : (t'jatar::/ative
tanh Maxout

tanh(z) o max(wXz + by, wlz + by) PO 3
RelLU ELU Lost

max (0, z) {Z(ew g Z i 8 _ )

Only for 2-class classification !



02 Neural Network

Activation function

Softmax function for multi-class classification

probabilities

purple

“n



02 Neural Network

Activation function

LeaReRélfuhtttiortion
Sigmoid 1 Leaky RelLU m
o(z) = oies max(0.1z, )
tanh Maxout
tanh(z) o max(w{ x + by, ws x + ba)
ReLU ELU
max(0, z) ey 220 m




Neural Network

02

Cost function

Classification problems:

Cross entropy:

Regression problems:

Mean squared error:

Mean absolute error:

J(6)

—E y~paaia 108 Pmodel (Y | ).

f* = argfmin Ex yopana| [ — f(@)|F

fr= argfmin Ex,y~paata |Y — f(2) |1

Classification

+ + 4




O 2 Neural Network

Cost function

“convex” “non-convex”

J(0)




02 Neural Network

Back propagation

. weights
inputs Chain rule:

X,

activation
functon
. net input OF _ oF an _ oF an Bnetj
e ne’j awij 80_7' Bwij 60j Bnetj Bw,-j
o
X activation
" Onet; 0 n 0
transfer 2 = wriop | = ——w;i0; = 0;.
E E function l awij 811),']' (; Rk 8w,-j v '

9
o @ threshold
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Neural Network

Optimization method

Cost

Initial
Weight

Incremental

Step \
¥

s

Derivative of Cost

o
I

G

I

® Global optimum g(G) > ¢
® Localoptimum g(l) <c¢




O 2 Neural Network

Optimization method

Stochastic gradient descent (SGD)

38w a Stochastic

0=0-—n-VJ(O;x(1);y(1)) 36f| — Mini-batch
3.4/ | ==e Batch
Slow + unstable! g, 32}

3.0
2.8}

Batch/Minibatch SGD 261

2.4
2.5 3.0 3.5 4.0 4.5

Difficult to choose learning rate!



O 2 Neural Network

Optimization method

N | CM_ba'II (Ciassical |
Momentum)

Momentum SGD

V() =yV(t—1)+nVJ(0).

Bllndly' | ' { Momentum Jump

—

Slope Jump

Nesterov accelerated gradient —— NAG_ball (Nesterov’s
(NAG) . Accelerated Gradient)

V@) =yV({t—-1)+nVJ(0—-yV(t—1))

Smarter!

Slow down



02 Neural Network

Optimization method

= sgd
- momentum [}
Adagrad : gzggrad :
n t =L, -~ = - adadelta E
0t+1 = Ht — “Gt, Gp= g gT_ rmsprop X
Vel + diag(G) z_: T Wi
=3 1".'{/
I
Allows the learning rate to adapt on the parameters, =41/l
but learning rate always decreases and decays sl |
-2 -1 5
100
80}
Adaptive Moment Estimation (Adam) 60 |-
401
- 20}
m m,= Mean of gradients % 20 40 60 80 100 120
= 14,
\/V te€ 5= Vi Uncentered variances of gradients
=

1-4,  (similar to momentum)

Straightforward to implement/computational efficient



Neural Network

Convolution

Input Hidden
layer layer

feature maps

Property 1

Property 2

Input

Convolutional Pooling 1

Output —

layer

Question: What are differences between above networks?

pooled
feature maps pooled  featuremaps featyre maps

Fully-connected 1

Outputs

Convolutional  pooling2
layer 2

(Goodfellow et al., 2017)



Neural Network
Convolution

02

1.

1

0

0

1

0 -

0

0[1]1 (T840 07

ofof1]1]3

0

olofo|il+]o]|0°

olol1|1|o]o0]|0
ol1]1]/ololo]0

1{110{0({0|0]0




02 Neural Network

Dilated convolution




O 2 Neural Network

Pooling/down-sampling

max pooling

20
112

30
37

average pooling
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Neural Network

Up-sampling

Other names:
-Deconvolution (bad)
-Upconvolution
-Fractionally strided
convolution
-Backward strided
convolution

Input: 2 x 2

3 x 3 transpose convolution, stride 2 pad 1

Input gives
weight for
filter

Output: 4 x 4

Sum where
output overlaps

Filter moves 2 pixels in
the output for every one
pixel in the input

Stride gives ratio between
movement in output and
input



02 Neural Network

Overfitting & regularization

v H v
'l
o
L a
v =]
a® »
>
X X X
Underfitting Just right! overfitting

Training Vs. Test Set Error

Test Set

Optimum Model Complexity

Error

Training Set

pr——— (Sliderplayer)
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Neural Network

Overfitting & regularization

L1 & L2 parameter regularizations

Cost function

Cost function

Dropout

., .,
([ §\: ;',

X XK

l[’ ) l[, ‘\\
AVA

'."*;0‘3."."';0; &)

X 2
KR AR
XSRS

Loss +

Loss +

Decay weights to zero

Decay weights close to zero

hidden fc layer

p=0.5

dropout layer

input layer

:

output layer

>

|

@-
ZQ\
@

N

B2
T

@

Training time



02 Neural Network

Overfitting & regularization

No regularization Large regularization Appropriate regularization

Under-fitting Appropriate-fitting

Over-fitting



Data Augmentation

shift shift shear shift & scale rotate & scale
Early stopping
A
Error \
Tr:::n“'qi.l:r'o'
T'mn“'thr‘—c‘ I
Sl
|
|
i
t =
Early ; Training steps

stopping



Neural Network

Architecture

Fully Connoctodw.:=
Fully connecte
ot fv'\‘eg,;u(anzanonE

-samphr

2rce
.. erc tron N@;‘
Down- Normai i Autéenceder
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F_pochNorm = v m g VGG GAN el Joliacam co __cu\:
Label Ef t AL - GNN GG
e cwn,m Corvelitenal [STM M et "-V ,,,,,,,,,
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waSasien ~ @NN---
GpeCnggtai” i | Resnet::
|uuAl thx I::i"\mnlm " i o~
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"_fw o Autoencoder ; t e "
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O 3 Neural Network

Architecture - DNN

1980S-ERA NEURAL NETWORK

Hidden

Links carry signals
from one node
to another, boosting
or damping them
according to each
link's 'weight'.

DEEP LEARNING NEURAL NETWORK

Multiple hidden layers
process hierarchical features

oS 77 RO
NS e 7 AN
QX KAEIR L

757 SN
Y '4,: '2‘*:‘?:%
A XN

N RN dertt

light/dark or features
pixel value Identify Identify |dentify
\ edges combinations features /’
~——— of edges

2.5+ HRPF "H® "E¢ LEE
= I E Bdd <7 HEil

i




03

Neural Network

Architecture - CNN

224 x 224 x 3

224 x 224 x 64

112 x 4

LAM

56(x 56 x 256
§ 28 x 28 x 512

TXTX512
14 x 14 x 512

) convolution+RelU

) max pooling

| fully nected+RelU
| softmax

1x1x4096 1x 1 x 1000

(Simonyan and Zisserman, 2014)
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Neural Network

Architecture - ResNet

Advantages:

1.
2.

3.

To avoid problem of vanishing gradients;
Effectively simplifies the network and speed

learning;

Less vulnerable to perturbations in data.

VGG_19

3X3 conv, 64

|

N

3X3 conv, 64

N2

3X3 cony, 128

¥

3X3 conv, 128

N

3X3 convy, 256

—

¥

3X3 convy, 256

)

N

3X3 conv, 256

N

3X3 convy, 256

—

2

3X3 cony, 512

S——

¥

3X3 cony, 512

¥

3X3 cony, 512

¥

3X3 convy, 512

—

N2

fc 4096

N

fc 4096

Y

fcé

ResNet - 152

7X7 conv, 64

e

3X3 conv, 64

Vv

3X3 cony, 64

J—

3X3 cony, 64

sle

3X3 conv, 64

PR

3X3 convy, 64 ']

N

3X3 conv, 34;/

r—

3X3 conv, 128

N

3X3 conv, 128

v
152 layers

P

3X3 convy, 512

\1’ \
3X3 cony, 512

N
3X3 cor;v, SiZ_/
N2
fcé

r——

K
Ao

Skip connect



O 3 Neural Network

Architecture - autoencoder

Reconstructed
L e Ideally they are identical. ------------------ > inpur
x ~ x’'
Bottleneck!
Encoder Decoder ;
X |————r >
9o fo X

An compressed low dimensional
representation of the input.




O 3 Neural Network

Architecture — encoder-decoder

Fully convolutional neural network for Semantic Segmentation

forward /inference

<€

backward/learning




O 3 Neural Network

Architecture — encoder-decoder

Unet (Fully convolutional neural network + Skip connection) for biomedical segmentation

Input DEM

' ".( )

_1 112112 224 112112 1_ Predicted Mask

112 224 224

Conv 3x3, RelLU
MaxPool 2x2

1282

Up-conv 2x2

Dropout, then
conv 3x3, RelLU

Copy
=P Conv 1x1, sigmoid
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Neural Network

Architecture — GAN

) Discriminator Network
D-dimensional

noise vector

Predicted Labels

=gy




—LXAN

COMMUNICATIONS

PERSPECTIVE

https://doi.org/10.1038/s41467-019-11786-6 OPEN

A critique of pure learning and what artificial neural
networks can learn from animal brains

Anthony M. Zador!




8 “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar
reward given once in a while.

> A few bits for some samples

# Supervised Learning (icing)

» The machine predicts a category
or a few numbers for each input

» Predicting human-supplied data
» 10-10,000 bits per sample

Future # Unsupervised/Predictive Learning ‘(cake)

» The machine predicts any part of
its input for any observed part.

» Predicts future frames in videos
» Millions of bits per sample

==

# (Yes, I know, this picture is slightly offensive to RL folks. But I'll make it up)

(Lecun, NIPS 2016)



(WestWorld S1)



