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http://class.vision/

k-Nearest Neighbor on images never used.

- distance metrics on level of whole images can be
very unintuitive

original shifted messed up darkened

(all 3 images have same L2 distance to the one on the left)
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o Biological Neuron
o Perceptron Model
o Mathematical Representation
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Networks




Input Layer. 2 hidden layers.
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e Hyperbolic Tangent: tanh(z)
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http://playground.tensorflow.org/
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Too low Just right Too high

1(0) )(6) | 1(6)
/
0 0
A sm.all learning rate The opt-imal learning Too large of a learning rate
requires many updates rate swiftly reaches the causes drastic updates
befqre reach!ng the minimum point which lead todivergent
minimum point
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Andrej Karpathy &
@karpathy

3e-4 is the best learning rate for Adam, hands down.

6:31 AM - Nov 24, 2016 - Twitter Web Client

124 Retweets 29 Quote Tweets 560 Likes
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éﬁx' Andrej Karpathy @&
" @karpathy

3e-4 is the best learning rate for Adam, hands down.

6:31 AM - Nov 24, 2016 - Twitter Web Client

124 Retweets 29 Quote Tweets 560 Likes

O () @ Wy
@ Tweet your reply
#°- “.  Andrej Karpathy @ @karpathy - Nov 24, 2016
CW Replying to @karpathy
‘ (i just wanted to make sure that people understand that this is a joke...)
9o 0 6 Q 143 W
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More about optimizers

* https://keras.io/api/optimizers/
* https://www.aparat.com/v/p98WT?playlist=325585
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https://keras.io/api/optimizers/
https://www.aparat.com/v/p98WT?playlist=325585

Callbacks

* https://www.aparat.com/v/Tdbck?playlist=342711
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Implementation with Keras!

Keras 1 TensorFlow




25 pixels

Joe slere = ul,S 50 (55l 00l

model = Sequential ()
model .add (Dense (64, activation='relu', input dim=25))
model .add (Dense (10, activation='softmax'))

5x5

" ReLU

R(z) =max(0, z);
Relu i |

64 Neurons Softmax 0

X2 —
"l! Z
-~
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20

12 + 20 + 25
25

12 + 20 + 25

Softmax s



12 0.21
12420+ 25" '
20
12+ 20+ 25~ 0-39
25 . 043

12 + 20 + 25

Softmax s



12

12+ 20 + 25
20

12 +20 + 257
25

12 + 20 + 25

0.21

0.35

0.43

One-hot label



One-hot label

12 0.21
12+20+25 0
20
12+ 20+ 25~ 0-39 0
25 0.43 1

12 + 20 + 25 /

—log(0.43)
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model.compile (loss='categorical crossentropy',
optimizer="rmsprop’',
metrics=['accuracy'])

sgd
momentum |}

,f nag ]
7 adagrad

/ adadelta 4

« <;j’~\\\\ rmsprop i
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e actual probabilities, “one-hot” encoded
/
- E Yi.log(¥;)
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@ DeeplLearning.Al

Improving Deep Neural Networks: . . .
Hyperparameter Tuning, Regularization and LQ)L“’ “"':'Q'.’ &‘9" |

Optimization

—

-~ sgd

. . —— momentum [}
@ 11 videos « Total 92 minutes — pag
—— adagrad
Mini-batch Gradient Descent » 11 minutes « Preview module adadelta |y
—  rmsprop N
Understanding Mini-batch Gradient Descent » 11 minutes \
Exponentially Weighted Averages » 5 minutes
) ) . : o 1 2 3 4
Understanding Exponentially Weighted Averages = 9 minutes . , ‘ '
Bias Correction in Exponentially Weighted Averages « 4 minutes
20 60 80 100 120

Gradient Descent with Momentum = S minutes
RMSprop = 7 minutes

Adam Optimization Algorithm « 7 minutes
Learning Rate Decay « 6 minutes

The Problem of Local Optima « 5 minutes

Link


https://www.programiz.com/python-programming/methods/list/index
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model.fit(x train, y train,
epochs=30,
batch size=64)
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Gradient decent
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W =W —adW
J(00,0,)

b=b—adb
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Stochastic Gradient Descent

epeat Until Convergence {

fori = 1..m {

w—w—ax VL, (w)

}

\

KEEhS sulsulis | sjluoolss 5 onae slodSicds 2 (sl Aoie
9 ly3 Lo e \
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Stochastic Gradient Descent

\

epeat Until Convergence {
fori = 1..m {

w—w—ax VL, (w)

}

KEEhS sulsulis | sjluoolss 5 onae slodSicds 2 (sl Aoie

292 Ol Lo e
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Repeat Until Convergence {

w{—w—a*vaLm(w)/m
1
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S.N . . .
o Batch Gradient Descent Stochastic Gradient Descent
Computes gradient using the whole Trainin . . . .
1. P g 8 & Computes gradient using a single Training sample
sample
. . . Faster and less computationally expensive than Batch
2. Slow and computationally expensive algorithm GD P yexp
3. Not suggested for huge training samples. Can be used for large training samples.
4. Deterministic in nature. Stochastic in nature.
Gives optimal solution given sufficient time to . . .
5. P g Gives good solution but not optimal.
converge.
The data sample should be in a random order, and this
6. No random shuffling of points are required. is why we want to shuffle the training set for every
epoch.
7. Can’t escape shallow local minima easily. SGD can escape shallow local minima more easily.
8. Convergence is slow. Reaches the convergence much faster.

Keras 643[:59&5 Iy G}L“°°L:=’, 9 smas GL“’M » 6‘ dadie

292 Ol Lo e \
N

Ll

Fa CLASS,
et wision



Stochastic Gradient Descent
M N=>

(Batch) Gradient Descent

Keras Lgdjl.&qbf Iy ‘_g)‘L.:ooL:.; 9 smas 6[&41:..;‘: » 6‘ dadie
92 Olel Lo e \
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Stochastic Gradient Descent

Instruction
Pool

Processor
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Stochastic Gradient Descent

Mini-Batch Gradient Descent

(Batch) Gradient Descent | g

/ - _— _— = 5 & NG
/ A e % P ~ 2
/ /.- - o %N
[ [ [ \ Y O O V|
\ |
| I
\ /
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Let’s code...

01-Simple-neural-network(mlp)-in-keras.ipynb

Keras 643[5;3[‘25 3 ng‘L»ooL:.z 9 as 6[@415.& 2 LSI doadie
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Cross-entropy loss

— training loss
- test loss

'J

Overfittin 9

[m
L AL R T

0
0 2000 4000 6000 8000 10000



Present with
probability p

(a) At training time

Dropout - ul,s" ;0 (g3l ool

2.5

~
o

Classitication Error 35

1.0

0 200000 400000 HODODD 200000 1000004
Number of weight updates

Main Idea: approximately
combining exponentially many
different neural network

(b) At test time architectures efficiently

Always
present

Srivastava, Hinton, Krizhevsky, Sutskever & Salakhutdinov, JMLR (2014)
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Let’s code...

03_Dropout.ipynb
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Convolutional Neural Networks
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# bedroom

# bathroom

area

age
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area

# bathroom

# bedroom
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area wl + agew2+ # bathroom w3 + # bedroom w4
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1 5 ! .
6 10 25

11 15 17

16 20

21 25 2

Pixel 1 w1 + pixel25w2 + Pixel 3 w3 + ...
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A bit of history:

Neurocognitron
[Fukushima 1980]
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“sandwich” architecture (SCSCSC...)
simple cells: modifiable parameters
complex cells: perform pooling

Ue

F———— visual area

"l‘ association area —

e o e o3 _, lower-order __ higher-order _ ., __grandmother
retina — LGB —simple — complex hyper o™ ¢ complex cell ?
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A bit of history:

Gradient-based learning applied to document
recognition
[LeCun, Bottou, Bengio, Haffner 1998]

C3:1. maps 16@10x10
C1: feature maps S4: 1. maps 16@5:5

INFUT
@28:28
/ 32432 52: 1. maps

B@14x14

Subsampling Comvolutions  Subsampling

LeNet-5

Convolutions

Keras 643[5;3[25 3 sz‘L»ooL:.z 9 as 6[@4&,& 2 LSI doadie
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ImageNet

https://class.vision/blog/what-is-imagenet/
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https://class.vision/blog/what-is-imagenet/

Fei-Fei Li
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https://www.youtube.com/watch?v=BDKHFq7X4m0
https://www.ted.com/talks/fei_fei_li_how_we_re_teaching_computers_to_understand_pictures?language=en

GPU+Data+Relu

+technique
(RelLU)
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Top-5 error
= 26%

25%
20%
15% -
10% -

50/0

0%

2010 2011 2012 2013 2014 Human 2015 2016 2017
NEC-UIUC XRCE AlexNet ZFNet GooglLeNet ResNet GooglLeNet
VGGNet -v4
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28.2

152 layers

\\
\
{22 layers | f19 Iayers
\ 6.7 I

3 57 l- = I 8 layers 8 Iayers shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG ZFNet AlexNet
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Visualizing and Understanding Convolutional Networks
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[From recent Yann
LeCun slides]

Low-Level
Feature

| Mid-Level

Feature

|High-Level

Feature

Trainable
Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
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Al e g bl o dludus pg3) 30

Low-Level
Feature Feature

Mid-Level| |High-Level Trainable
Feature Classifier
| 9

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Hubel & Weisel
topographical mapping

featural hierarchy

@ high level
@ mid level
D

complex cells

simple cells
: low level
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frontal lobes parietal lobes

occipital lobes

MT/V5

V3A

piie
K

Oyt
Cliass

V3

Laieral
Cremicabnie
Faelens

I'mmary
Vimsl Caries

V2

V1

temporal lobe LGN
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DiCarlo and Cox, TICS (2007)
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pixel RGC LGN



(manifold) 4wes ¢ g9 slaé

DiCarlo and Cox, TICS (2007)
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o 30 Hgy sbad

Actual pixel space

SledMb! ot pb 43 9 T ye Oledbl piglar

*

Pixel RGC LGN V1 V2 V4 IT
DiCarlo and Cox, TICS (2007), DiCarlo, Zoccolan and Rust, Neuron (2012)
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edge detection ,:Lé- convolution cLais
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1 0 1
1 0 1

/
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<bad —convolution clesis
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<bad — convolution clesis

-1 0 +1
255 255 255
255 255 255 1 0 +1
255 255 255

-1 0 +1
255 255 255

150 150 150 150 150

150 150 150 150 150

150 150 150 150 150

150 150 150 150 150

Data augmentation . 5ol Jlasl  Jldglgls slaasis
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<bad — convolution clesis
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255 255
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<bad — convolution clesis
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<bad — convolution clesis

0:250938) poaal S9)

(L))-U o Lo r:3.)..C.)
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(599 Wyguo s (yy 0 3mLiito)
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255 255 255
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convolution ¢louis

+1 0 -1
+2 0 —2|— g8
+1 0 -1 |

Horizontal Sobel kernel
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<bad — convolution clesis

0“ L 4
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Combhol

vertical edges

Data augmentatlon 8550l JEl ¢ Sl glgils” sladS
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The convolution operation

* Dense layers learn global patterns in
their input feature space

* Convolution layers learn local
patterns

|

Fa

|
|
\ ‘f
\ /
\ /
\ /
\ |
\'.’ |
u { -

/
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The patterns they learn are translation invariant

They can learn spatial hierarchies of patterns

©
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0 0
0 0
0 0
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padding

Data augmentation . 5ol Jlasl  Jldglgls slaasis
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padding

O|lO0|O|O|O
O|lO0|O0|O|O

/
// h=6 6
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padding

f

P = padding

n+2p-f+1



Same 4 Valid

nxn * fxf -> n-f+1 x n-f+1
Valid™: 6X6 * 3x3 -> 4 x 4

“Same”: Pad so that output size 1s the same
as the mput size.

/ n+2p-f+1 x n+2p-f+1

A+2p—f +1= plem p=L = s
2
I Data augmentation . 5ol Jlasl  Jldglgls slaasis
j I G N
N

eglgils
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Ol Z9s7 3 phglgls asdl>

n X nimage f X f filter

padding p stride s

/
Vo Ema) o«
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Data augmentation . 5ol Jlasl  Jldglgls slaasis
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(RGB) ) ngai 59, 5 yoelgils

activation map L feature map s 4 o sox
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RGB) S, yigai 59, 1 (y9I5S

/
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RGB) S, yigai 59, 5t (y9IglS

/ .
// } 1 3x3 4x4

6x6x3
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6Xx6x3
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32x32x3 image

/ .
/

32
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Filters always extend the full
depth of the input volume

e

5x5x3 filter

(/



For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

32

3

We stack these up to get a “new image” of size 28x28x6!

32

Convolution Layer

Data augmentation . 5ol Jlasl  Jldglgls slaasis
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Number of parameters in one layer

If you have 10 filters that are 3 x 3 x 3
in one layer of a neural network, how

/// many parameters does that layer have?

3x3X3+1 = 28 ;L3 ;0 sla yel b olass
28x10 = 280
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SLdglgils slaasls ;o 43Y glyil

1 Convolution (Conv)
JdPooling (Pool)
JFully Connected (FC)

/
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pooling ¢4V

113121
219111
/ 1 (32| 3
// 5|16 | 1] 2
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pooling ¢4V

f 45 :,ls hyper parameter 4o U

3,185 (b0l (sl el e U
Data augmentation . 5ol Jx! ( Jlsglgils slaass
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max pooling — pooling ¢4,
S5x5x2

3x3Ix2

/
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Average pooling

/

Data augmentation . 5ol Jx! ( Jlsglgils slaass
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pooling a-)l=

Hyperparameters:

I
w N

-

-

f: filter size

—h —h
nw n
N N

s : stride

/
/ Max or average pooling

Data augmentation . 5ol Jlasl  Jldglgls slaasis
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Hof filters: 6
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(LeNet-5) Jliggls e G 5l Jleo

@A
==
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/
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#of filters: 16

#of neurons: 120
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Activation shape

Activation Size

# parameters®
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model = Sequential ()

model.add(layers.Conv2D(3, (5, 5), activation='relu’',
input shape=(32, 32, 3)))

model.add (layers.MaxPooling2D( (2, 2)))

model.add(layers.Conv2D(1l6, (5, 5), activation='relu'))

model.add(layers.MaxPooling2D((2, 2)))

model.add(layers.Flatten())

// model.add(layers.Dense (120, activation='relu'))

model.add (Dropout (0.5))

model.add(layers.Dense (84, activation='relu'))

model.add (layers.Dense (10, activation='softmax'))
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model.summary ()
Layer (type) OQutput Shape Param #
comvad 12 (ComvaD)  (Nome, 28, 28, 8 08
max pooling2d 11 (MaxPooling (None, 14, 14, 8) 0
convZd 13 (ConvZD) (None, 10, 10, 1¢) 3216
max pooling2d 12 (MaxPooling (None, 5, 5, 16) 0
flatten & (Flatten) (None, 400) 0

'// dense 12 (Dense) (None, 120) 48120
dropout & (Dropout) (None, 120) 0
dense 13 (Dense) (None, 84) 10164
dense 14 (Dense) (None, 10) 850

Total params: 62,958
Trainable params: 62,958
Non-trainable params: 0
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e http://cs231n.stanford.edu/

e https://www.csee.umbc.edu/courses/671/fall01/class-notes/k-nn.ppt

* https://docs.google.com/presentation/d/1kytN5gqrZeOBcu3hExjZpA4PQipaFEK
n26S-JhgncXk/edit#slide=id.g1ff36e20db 0 450

e https://www.slideshare.net/Alirezaakhavanpour/tensorflow-71395844

e https://www.datacamp.com/courses/convolutional-neural-networks-for-image-
processing
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