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DEEP LEARNING (DEFINITION)
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Class scores
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TRAINABLE CLASSIFIER MODULE

t

Feature vector

i

FEATURE EXTRACTION MODULE

T

Raw input




(o) (Foglgls (omae slaaSid oyl
CONVOLUTIONAL NEURAL NETWORK
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Input Feature extraction Classification Output

Deep Learning
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Input Feature extraction + Classification Output
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Input data
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EDGE DETECTION USING SOBEL FILTER

Example “receptive field”
(-1*3)#(1%4)+(-2%3)+(2*5)+(-1*2)+(1%4) = 7

+1|+2]| 41
0100
-1]1-21-1

Bl slaad 225 o mole “receptive field”

(1%3)+(2%1)+(1%4)+(-1*2)+(-2%3)+(-1*4) = -3
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CNN ARCHITECTURE

:iloads SCis 4 gqi 4w 51 O

ooelsls Y0

(Pooling layer, Subsampling layer) . ,ls paiges 4Y plésl Y0
(Fully-connected layer) Jaws Sls a,¥0

plesl 5 oolpls laaY (y5,0 Slayg)5 pgwye (mas slaasd B0

sl ol dY] Wes oo Jae o 51 LB aY 5l SoeS asl 4 lasd
2,ls o receptive filed

Input neurons Hidden neuron

<
CX
@

¢
CCX

very hidden layer neuro
has a local receptive field

of region 3 x 3 pixels @

), &
@

PC
*
*

A

@
<
@

e
C 0
>

<

7

*>__ &
““

<

Oy

<+

¢




CONVOLUTIONAL LAYER --DEPTH
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Stride = 2
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When the input has size W=10,
zero-padding P=0,

filter size F=3,

then 1t would be 1mpossible to use
stride S=2.
(W-F+2P)/S+1=(10-3+0)/2+1=4.5




ZERO-PADDING
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W: the input volume size

F: the receptive field size of the Conv Layer neurons
S: the stride with which they are applied

P: the amount of zero padding
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Output
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Output size (Left): (5-3 +2)/1+1=5.
Output size (Right): (5-3+2)/2+1=3
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POOLING LAYER/SUBSAMPLING LAYERS
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FULLY-CONNECTED LAYER
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FULLY-CONNECTED LAYER

Convolution Pooling Convolution Pooling
0.2
= e 0.1
i 0.7
Kernel
Input Image Featured Pooled Featured Pooled Flatten
maps Featured maps maps Featured maps layer
< . <
Feature Maps Fully connected layer
\ Feature Extraction J ( Classification ) l Probabilistic 4'

distribution




LENET-5 — A CLASSIC CNN ARCHITECTURE

oYann LeCun et al., proposed a CNN for handwritten and machine-
printed character recognition in 1990°’s which they called LeNet-5.

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28 ps 16@
32x32 S2: f. maps r C5: layer gg. layer OUTPUT
120 84 10

A
)

| | Full oomlection |
Convolutions Subsampling Convolutions Subsampling

Full connection

Gaussian connections




Cl

Input image

32x32x1

C1: Convolutional Layer

No. of filters, n.=6

Filter size, F=5
Padding, P=0
Stride,S=1

Trainable parameters
= Weight + Bias

=FxFxn/x n'+n,
=5Xx5x1x6+6=156

Connections =28 x 28 x 156

28x28x6




S2

S2: Pooling Layer

No. of filters, n=6
Filter size, F=2
Padding, P=0
Stride, S=2

Trainable parameters

= (coefficient + bias) x filters
— (1 r 1) X6

=12

14x14x6

28x28x6

Connections =14 x 14 x 30

S2: Average Pooling Layer @




C3

14x14x6

C3: Convolutional Layer

No. of filters, n= 16
Filter size, F=5
Padding, P=0
Stride,S=1

Trainable parameters
= Weight + Bias
=(5x5x6x10)+16=1516

Connections = 10x10x1516
= 151600

C3: Convolutional Layer

10x10x16
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S4

S4: Pooling Layer

No. of filters, n= 16
Filter size, F=2
Padding, P=0
Stride, S=2

—

Trainable parameters

= (coefficient + bias) x filters
=(1+1)x16

=32

10x10x 16
5x5x16

Connections=5x5x 80

............................




C5

C5: Fully Connected Layer

X5x16

120

Trainable parameters = Weight + Bias @
= (400 x 120) + 120 = 48120




F6

C5: Fully Connected Layer F6: Fully Connected Layer

—>
120
Trainable parameters = Weight + Bias Trainable parameters = Weight + Bias
=(400 x 120) + 120 = 48120 =(120x 84) + 84 = 10164

F6: Fully Connected Layer




OUTPUT LAYER

F6: Fully Connected Layer Output

VCONOOTULEWNERERO

Trainable parameters = Weight + Bias
=(120 x 84) + 84 = 10164

Fully Connected Output Layer




LENET-5 ARCHITECTURE SUMMARIZED TABLE

Feature Kernel

Layer Map Size Size Stride Activation
Input Image 1 32x32 - - -

1 Convolution 6 28x28 5x5 1 tanh

2 HYRES 6 14x14 2x2 2 tanh
Pooling

3 Convolution 16 10x10 5x5 1 tanh

4 Average 16 5X5 2x2 2 tanh
Pooling

5 Convolution 120 1x1 5x5 1 tanh

6 FC - 84 - - tanh

Output FC - 10 - - softmax




Sl Jled &b
ACTIVATION FUNCTION (f)
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Binary Step Function

7 f(x)=1if x>0

6 f(x)=0ifx<0

Sigmoid / Logistic

f(x):1+e‘x




(V) ilwlad &b glgil

Tanh
X

eX —e”
/ f(x)zex+e‘x

RelLU

f(x) = max(0, x)
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Leaky RelLU

fx)=x,if x>0
f(x) =ax,if x <0

max(0.1 * x,x)

for example a = 0.1
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SOFTMAX
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softmax(z); = o

J
k = number of classes

Z-
=1e J

Jiso
softmax(1,2,8) = (0.001,0.002,0.997)




Output
layer

1.3
5.1
2.2
0.7
1.1

m——

SOFTMAX

Softmax
activation function

e~

Zfﬂ e’

Probabilities

0.02
0.90
w1 0.05
0.01
0.02




L_OSS FUNCTION

o The final classification is achieved from the output layer.

oSome loss functions are utilized in the output layer to
calculate the predicted error created across the training
samples in the CNN model.

o This error reveals the difference between the actual output
and the predicted one.

o Next, it will be optimized through the CNN learning process.

oSeveral types of loss function are employed in various
problem types.




. OSS FUNCTION 0.21 0
0.01 * > 0

compare
0.78 1

o A loss function is used to measure model performance by calculating
difference between the actual output (ground truth) and the predicted one.

o Next, it will be optimized through the CNN learning process.
o Optimizing adjusts model parameters to minimize the loss function
o Several types of loss function are employed in various problem typesw




. OSS FUNCTION: CROSS-ENTROPY

o Cross-Entropy or Softmax Loss Function or Log Loss Function

o Its output is the probability p € {0, 1}.

o It is usually employed as a substitution of the square error loss function
In multi-class classification problems.

o In the output layer, it employs the softmax activations to generate the
output within a probability distribution.

a
€;

op; =
Pi z:Ilg=1 e,?

oH(p,y) = — X yilog(p;),i € [1,N]
« e{*: the non-normalized output from the preceding layer
» N: the number of neurons in the output layer

o For binary classification (where labels are either 0 or 1), the loss
function simplifies to:

H(p,y) = —(ylog(p) + (1 — y)log(1 —p))




LLOSS FUNCTION: EUCLIDEAN LOSS FUNCTION

1
oH(p,y) = - Xiz1(pi — 1)
e This function is widely used in regression problems.
e It is also the so-called mean square error.
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K. O’Shea, R. Nash, An introduction to convolutional neural networks,
“CoRR”, vol. abs/1511.08458, 2015. doi: arXiv:1511.08458.
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Trends in Signal Processing” ,7, (3-4), 197-387, 2014.
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Convolutional Neural Networks”, Neural Information Processing Systems, 2012.

VGG16: K. Simonyan and A. Zisserman, “Very Deep Convolutional Networks for
Large-Scale Image Recognition”, /CLR 2015.

GoogLeNet: C Szegedy et al. “Going Deeper with Convolutions”, CVPR2015.

RezNet: K. He; X. Zhang; S. Ren; J. Sun “Deep Residual Learning for Image
Recognition”, CVPR 2016.

S. loffe, C. Szegedy, “Batch normalization: accelerating deep network training by
reducing internal covariate shift”, arXiv preprint arXiv:1502.03167.

DenseNet: G Huang et. al, “Densely Connected Convolutional Networks”, CVPR 2017.
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