DEER STUDY: OF DEEPR EEARNING

Dong Hwa Kim
www.worldhumancare.wixsite.com/

July 30, 2025 Dr. Dong Hwa Kim 1/82



» Status and Motivation for Study

* Machine learning and Deep learning
» Convolution Neural Network

« CNN and DL

« CNN Example

* Implementation in TensorFlow
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Deep Learning Timeline

neural compositional feedforward vision data augmentation
hierarchy Potter 1969 + HMAX RelLU nonlinearity
Hubel & Wiesel Marr 1982 Reisenhuber & Podgio dropout
1969 Thorpe et al 1996 + 1999 weight decay
SVM overlapping pooling
neuron model backpropagation max-pooling Inlcal response nnrrmliza‘li-
McCulloch & Pitts Webos
1943 Perceptrons 1974 — complexity
Ru?:g;latt ART ching level analysis GPUs 1999
Grossberg Hinton Tsotsos widespread by 2007
1972 1981 1987

S L1TTL £ 151 & S ST &2
‘birth’ of Al o
1956 recognition
neural learning comes Parallel . :
Hebb i Cognition 1975 Distributed empirical shift
1949 1972 Neo cognition 1980 Processing MINST 1994
Fukushima Rumelhart, Hinton Pascal 2006
& McClelland ImageNet 2009
CMNN
1986 LeCun & Bengio
self-organization connectionist models 1995{ _ AlexNet
Von der Malsburg  Feldman & Ballard convolutions Krizhevsky, Sutskeve
1973 1982 average pooling Hinton
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 Core technology for 4t
wave

Social network
analysis

* To help business decisions

engines services

Scientific analysis

New development for material
science

K
~ forecasting for ' document
business planning archiving

Social pattern analysis

Vision Analytics

New technology development

Personalizec
Insurance

raud
analysis Pricing analysis detection

Advertising
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Deep Learning Error (%) Why SO POpUlar?
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Conventional Machine Learning

Feature extraction Prediction Model

Deep Learning

w
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Structure of CNN to Use

* Fully connection

Input Hidden Hidden  Output
Layer Layer Layer Layer

I Cl SEPIT T T W&
Input 4@Feature eature 1@ Feature
- Iymaps

I_:____

Pth Neuron in Each connection has
hiddenlayer1  adedicated weight

IConvolution Po.ling
Il layerl lager 1 léller 2
Il - k- 1

I e o o o o o e Ao _Féature ditraction

Convolutional Neural Network

®,
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@ y Vo
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Recurrent Neural Network :,'
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CV experts
1. Select / develop features: SURF, SIFT, RIFT, ...
2. Add material and modify for multi-class future
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Deep Learning:

* Build features automatically based on training data

 Combine feature extraction and classification by DL

p——y Deep NN Deep NN I— _.("‘g =
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e A grid (matrix) of intensity values
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(common to use one byte per value: 0 = black, 255 = white)

July 30, 2025 Dr. Dong Hwa Kim

12/111



Classification Function of DL

Tasks in Computer Vision

Lincoln 0.8

Washington 0.1

classification
Jefferson 0.05

Obama 0.05

v lass I

1 a o 243
- & a L W w M

Input Image Pixel Representation

Regression: output variable takes continuous value
Classification: output variable takes class label. Can produce probability of belonging to a particular class
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Weight function:
b=1 specify and represent network-1

w1

Network-1

: Weight function:
specify and represent network-n

wn
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* Neural network recognize
near area and compare
(145, 175).

* It does not recognize a
long distance (200, 127).

 With this principle, CNN
can detector specified
point.
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)25 255

a480000("

e x480000

Input Hidden Layers Output

 Number of Parameters: 400 X 400 X 3
« 480000*480000 + 480000 +1 = approximately 230 Billion !!!
« 480000*1000 + 1000 +1 = approximately 480 million !!!
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Input
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0
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<
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480000*480000 + 480000 +1 = approximately 230 Billion !!!

480000*1000 + 1000 +1 = approximately 480 million !!!
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. What is Convolution? hl=f(a*wl+b*w2+e*w3+f*wih)

;e v 9% .;ui M4
¢

Y I\

h2=f(b*xwl+c*xw2+f*w3+g=*wéd)

Number of Parameters for one feature map = 4
Number of Parameters for 100 feature map = 4*100
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In CNN, hidden units are only connected to local receptive field.
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Filter Conception in CNN

Filter 3x3

Activatic

i ,don’ o)
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Structure of CNN

o S2, S4: Pooling layer: It provides a down-sampling of the convolutional output

o F6: Fully layer

S26x14x14

o CI1,C3,C5: Convolutional layer: Filters work on every part of the image. They
are searching for the same feature everywhere in the image.
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Structure of CNN

F6eFully layer: each node is fully connected to all input nodes,
each noos-computes weighted sum of all input nodes. It has
one- dimensionarstyciure. It helps to classify input pattern with
high-level features extractesNay previous layers.

S2oex14x14 C3: 1ex10x10

mput image:

32x32

. RBF cutput: 10

July 30, 2025 Dr. Dong Hwa Kim 23/111



The whole CNN

Convolution

Max Pooling
Can repeat

A new image .
many times

Smaller than the original image Convolution

oy

The number of channels is the number of
filters Max Pooling




= 3. Pooling stage: max
pooling, average pooling

= 2. Nonlinearity stage: a
nonlinear transform by
rectified linear or tanh

= 1. Convolution stage
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Complex Layer
Terminology

Next layer |

|
Convoldtion Layer

f

f-\

1

Detector layer
(Rectified Linear
(Aff

ay
)
Convolution
Affine transform)
- Z J

Input to Layer
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Simple Layer
Terminology

1

‘ Pooling layer |

 }

Detector layer
(Rectified Linear)

Convolution
(Affine transform)
Input to Layer

AT
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* Reducing number of connections

e Shared weights on the edges
* Max pooling further reduces the complexity
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Pooling

: reports the maximum output within a rectangular neighborhood.

: reports the average output of a rectangular neighborhood.

Iocaneceﬁffi///////
MaxPool with i g Wi

2X2 filter with sharing

-—-__stride of 2

'y o ‘ pooling

f inputimage

o
o

July 30,
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~ pooling

- convolutional
layer

layer
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CNN Example

Figure from Gradient-based learning applied to document recognition, by Y. LeCun, L. Bottou, Y. Bengio and P. Haffne

Weighting matrix: 400x120
Weighting matrix: 120x84

Weighting matrix: 84x10

Filter: 5x5, stride: 1x1,

# of filter: 6
C3: f. maps 16@10x10

ingo: ide: C1: feat £ o
Pooling: 2x2, Stride: 2 oo S4: f. maRs 16@5x5
S2: f. maps

6@14x14
Filter: 5x5x6, stride: 1x1,

# of filter: 16

e
Full coanection Gaussian connectio
July 30, 2025 Convolutions Subsampling Convolutions Subsampling Full connection




AlexNet full structure

Conv1 Pool1 Conv2 Pool2
CONV _
) Overlapping
11 % 11, Overlapping CONV max pool
3 stride = 4, max pool 5 x5, pad = 2, 3 x 3 stride = 2
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==, ’=.===..'”1==== Al is better than Human

play go

N 4

Al Prediction

Black stone: Never put place
in the past during
human history 3,000years
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Only modified the network structure and input format

CNN in Keras (vector -> 3-D tensor)
Input

(_f—f—f

model?2.add( ]

dnput shape=(_"" = _)) )
” Convolution
There are
filters.

Max Pooling

Input_shape = (28,28, 1)
,—;—

. e
28 x 28 pixels 1. plack/white, 3: RGB Convolution
model?2 .add (MaxPooling2D((~,~2)))

Max Pooling




()

Thank You!
Questions?
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