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Overview

Artificial Intelligence
Any technique which enables computers
to mimic human behavior.

Artificial Intelligence

&

Machine Learning

Machine Learning

Subset of Al techniques which use
statistical methods to enable machines

to improve with experiences. f;(

Deep
Deep Learning Learning
Subset of ML which make the

computation of multi-layer neural
networks feasible.
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Artificial Intelligence

* Well-known example: computer beats chess world champion (DeepBlue, 1997)

ARTIFICIAL
INTELLIGENCE

MACHINE

LEARNING
| DEEP

LEARNING

1950's 1960's 1970's 1980's 1990's 2000's 2010's

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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Machine learning

* Invention of neural networks
* Input: pattern represented by low-dimensional vectors or short strings of symbols
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Traditional pattern recognition

» hand-crafted feature extraction
« combined with automatic learning techniques

Class scores

i

TRAINABLE CLASSIFIER MODULE general-purpose

t

Feature vector

i

FEATURE EXTRACTION MODULE hand-crafted

T

Raw input
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Deep Learning

* No extraction of features
« Usually more hidden layers (bigger capacity)

Classic Machine Learning

— R 2 .

Input Feature extraction Classification Output

.

Input Feature extraction + Classification Output

Deep Learning

EEEDL]E
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Overview (cont.)

* Machine learning
 Feed-forward neural networks
« Activation functions
 Backpropagation

e Convolutional neural networks
« Fully connected layers
« Convolutional layers
* Sub-sampling layers

 Architectures
LeNet5
AlexNet

« Learning process
« Overfitting
 Examples (AlexNet)
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Machine Learning

Neural Networks
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Machine learning

 Feed-forward neural networks
* Activation functions
« Backpropagation
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Feed-forward neural networks

* Neurons form an acyclic graph
* Opposite: Recurrent neural networks

Recurrent Neural Network Feed-Forward Neural Network
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Feed-forward neural networks

* Neurons form an acyclic graph
* Opposite: Recurrent neural networks

Recurrent Neural Network Feed-Forward Neural Network
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Activation function

* Function that computes the output of a neuron based on the inputs (neurons from previous layer
* trainable weights + trainable bias)

* w; . weights

* Xx;:neurons from previous layer
b bias

£ activation function

Lo wWo

*@® synapse
axon from a neuron
woxo

impulses carried

toward cell body
| branches cell body f (Z w;T; + b)
dendrites : of axon w1y 5
) > E w;x; +b >
— ; output axon
g axon el
nucleus >termin als ?ucrtlcvtiagr?n

Wo T2

impulses carried
away from cell body
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Common activation functions
» Logistic function (Sigmoid)

« Hyperbolic tangent (tanh)

» Rectified Linear Unit (ReLU)
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Logistic function (Sigmoid)
« S-shaped function
 Range [0;1]

1.0

0.8

f()C) J+e > 0

02

0.0

-G - -2 4] 2 4 &
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Hyperbolic tangent (tanh)

* Reshaped Sigmoid function
« Range [-1;1]

f(x) = tanh(x) .

26.09.2018
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Rectified Linear Unit (ReLU)

Range [0;«)

Very efficient for large neural networks

f(x) = max(0,x)

10

o8

0.6

04

02

0.0

=20

=15

-10
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0.0

a5

1.0

15

20
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Backpropagation

Algorithm to train a neural net
Supervised learning (a target output vector must exist)

Idea: Calculate the difference between the actual out and the target output and try to minimize it
by adjusting the weights of the neurons

26.09.2018 17
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Backpropagation algorithm

1. Initialize weight vector (w, ) with random values
2. Calculate the output vector (y;) by using the activation function:
Vi =Wy, x;)
1. Computer the difference between the actual output vector (y;) and the target output vector
(y';) by using the error/ loss/ cost function, usually squared Euclidian distance:

I |
Eyiyi) = 5 lyi-yill”

2. Update the weights and biases by applying gradient descent
w; = wi; - nVE(y;,y")

3. Repeat steps 2-4, starting with 7 = 1

26.09.2018
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Gradient descent

« Algorithm for finding the minimum of a function by “following” the negative gradient of the
current point.

* Analogy: Finding the valley by following the steepest descent
* Problem: Possible to get “stuck” in local minima

J(84,0,)

26.09.2018
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Convolutional Neural Networks (CNN)

Deep Learning in Image Recognition
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Convolutional neural networks

« Fully connected layers
« Convolutional layers

« Sub-sampling layers

« Architectures

LeNetb
AlexNet

« Learning process
« Overfitting
« Examples (AlexNet)
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Fully connected layers

« Every neuron is connected to every neuron from the previous layer.

32x32x3 image -> stretch to 3072 x 1

input activation
) Wz )
1] ']_"'10 s07p 10O [
3072 X 10
weights
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Problems of fully connected layers

Image size
Ignoring topology

26.09.2018
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Image size

« 1000x1000 image -> 1 million input units for each neuron
* Increased capacity requires a larger training set

« Memory requirement -> hardware limitation

« No invariance with respect to translation/ local distortions (i.e. the neural net has to learn how to
recognize distinctive features at very possible location)

26.09.2018
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lgnoring topology
« |Images have a strong local structure

« Pixels that are spatially nearby are highly correlated
« Extract and combine local features before recognizing objects

26.09.2018
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Problems of fully connected layers

* Image size
« Ignoring topology

-> Convolutional layers

26.09.2018



RRRRRRR CH-ALEXANDER
UNIVERSITAT _
ERLANGEN-NURNBERG

Convolutional layers

« Each neuron receives input only from a set of units located in a small neighborhood (receptive
field) in the previous layer

 The same filter/ kernel is applied to every location (shared weights)

__— 32x32x3 image

5x5x3 filter w
2

=\

"~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

wiz+b

£\

w |
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Convolutional layers (cont.)
« A 3x3filter applied to a 7x7 input (5x5 output)

7 7 7 7 7

« A 3x3 filter applied to a 7x7 input with stride 2 (3x3 output)

7 7 7
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Convolutional layers (cont.)

« Convolutional layers are composed of several feature/activation maps, so that multiple features
can be extracted at each location

activation maps

32

28

Convolution Layer

32 28
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Convolutional layers (cont.)

 Example: 96 convolutional kernels of size 11x11x3 learned by the first convolutional layer on
the 224x224x3 input images.

26.09.2018
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Sub-sampling layers

« Perform local averaging

« Reduce the resolution of the feature map

* Reduce the sensitivity of the output to shifts/ distortions

« Pooling (+ multiply with coefficient + add bias + activation function)

Max Pooling Average Pooling
224x224x64
29 | 15 | 28 | 184 31 15 | 28 | 184
112x112x64
0 | 100 | 70 | 38 0 |100]| 70 | 38 pool
R
12 | 12 7 2 12 | 12 7 2
12 | 12 | 45 6 12 | 12 | 45 6
2x2 2x2
pool size pool size
Y L .
> o 112
100 | 184 36 | 80 224 downsampling
12 | 45 12 | 15 112
224
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Architecture

* Yann LeCun (LeNet-5), 1998 (1)
» Alex Krizhevsky (AlexNet), 2012

26.09.2018
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LeNet5

Designed for character recognition
« 7 layers (3 convolutional, 2 sub-Sampling, 2 fully-connected)
« Subsampling: average pooling with trainable coefficient and bias

« At each layer, the number of feature maps is increased as the spatial
resolution is decreased

C3:1f. maps 16@10x10
C1: feature maps S4:f. maps 16@5x5

INPUT 6@28x28
S2:f. maps CE layer FS layer OUTPUT

"r|- ..

‘ FuII conAecuon Gau55|an connections
Convolutions Subsampling Convolutions Subsampllng Full connecﬂon
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LeNet-5 (cont.)

* Not every S2 feature map is connected to every C3 feature map

* Reasons:
« Keeps numbers of connections low
« Break of symmetry (extract different features)

C3: f. maps [6@10x10
S4: f. maps 16@5x5

o
IT- .

Convolutions

S2:f. maps
i B@14x14

Subsal

Subsampling

01 2 3 4 5 6 7 8 9 10111213 14 15
0| X X XX XN X XX XX
11X X X X X XN X X X X
2| X X X X X X X X X X
3 X X X X X X X X X X
4 X X X X X X X X X X
5 X X X X X X X X X X

TABLE 1
EAcCH COLUMN INDICATES WHICH FEATURE MAP IN S2 ARE COMBINED
BY THE UNITS IN A PARTICULAR FEATURE MAP OF C3.

26.09.2018
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LeNet-5 (cont.)

« Output layer is composed of Euclidian Radial Basis Function units (RBF):

Y; = Zﬁ(:r_},- — ?.H.;_j)z

J

« Each RBF unit computes the distance between input and parameter vector (penalty)
» Especially useful for recognizing strings (0/O/o, 1/I/1)
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LeNet-5 Misclassifications

d 1 5 # a 3 & 1
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AlexNet

« Designed for ImageNet Large-Scale Visual Recognition Challenge (ILSVRC), 2012
« 11 layers (5 convolutional, 3 sub-sampling, 3 fully connected)

* Implementation on 2 GPUs

« Subsampling is done by overlapping max pooling

« Training set: 1.2 million labeled images

] 3 L 3 R
5 , N 3‘
RN CAN S
5 J S
\ el i N e T 192 128 2048 so4g \dense
,7 128 — ]
224 ﬁl =0 B | EN R R s N
, 13 A3 dense’| [dense
1\ 3‘ 1000
1 \ 192 192 128 Max || -
Al ; 2048 2048
224\l Stride Max 128 Max pooling
Uof 4 pooling pooling
3 48
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AlexNet: Local response normalization

 Activity of a neuron is normalized by running over n “adjacent” kernel
maps at the same position

. b}C,y: response-normalized activity by applying kernel 7 at position (x,y)
. afw: activity of a neuron by applying kernel 7 at position (x,y)
- k n, a B hyper-parameters (k=2, n=5, a=10"*, f=0.75)

min(N—1,i4+n/2)

bi:y = a;y/ k+ « Z (a?;:,y)Q

j=max(0,i—n/2)

26.09.2018
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AlexNet: Overlapping pooling

« Stride is smaller than the size of the pooling unit
 Increase of accuracy

Stride =2

Max Operation

Palal sl g
=l 4 | 0o '

Max Pool Z ' : -
2 x 2 filters : 3 o o8
' | 5§
_ R 2 | 3 !_| "3

Stride = 2 : :

| |

i a o, el g gl g _l

Max Operation

Non-overlapping pooling
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AlexNet: Overlapping pooling (cont.)

« Stride is smaller than the size of the pooling unit
* Increase of accuracy

Stride =2

Max Operation Values dependent

on extended parts

— of input image
| —
|
Max Pool Z | 3
3 x 3 filters | <
Q
| o x
5 T
] } T O
=i}
I — =
| (o]
Stride =2 | y
|
|
) J Max Operation

Overlapping pooling
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Learning process

» Perform multiple iterations on the training set
« More training data improves the accuracy
* In this case: 60,000 training examples

Error Rate (%)

1.8
Error Rate (%) 16

5% 4T Test error
1. B
4% B
Lk
3% B
[ 0.8
2% I 0.6
l% 0.4 |
- Test i

- L Training error
, ——ss Training  °> ’
0 4 8 12 16 20 0 ¥ 1 1 ¥ ¥ ¥ I 1 ¥ ¥

0 10 20 30 40 50 60 70 a0 S0 100

- " " U g - 1 N
Tramming set Iterations Training Set Size (x1000)

26.09.2018



FRIEDRICH-ALEXANDER

Overfitting

« Test error increases (while the training error decreases) because the
neural net adapts too closely to the training set.

= 1)

& test set

training set

26.09.2018
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Reducing overfitting
* Reducing capacity

« Data augmentation

« Dropout

26.09.2018
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Reducing capacity
* Reduces the degree of the function
* Problem: Risk of underfitting

Degree 1 Degree 4 Degree 15
— Model — Model —  Model
. —— True function . —— True function ——  True function
L.

e®e Samples e®e Samples

e®s Samples

26.09.2018
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Reducing capacity (cont.)

= - 'Iraining error
Underfitting zone| Overfitting zone C .
- (seneralization error

Error

26.09.2018
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Data augmentation

» |dea: Artificially generate more training examples by randomly distorting the original training
Images
» Also improves overall accuracy

Error Rate (%)

1.8
1.6
o : Test error (no distortions)
1. ™

Lk
0.8 | B

- ~~ Test error

0.6k (with distortions)
0.4 r
o.2 F /m (no distortions)

0 1L 1 1 1L 3 1 1 1 1

1] 10 20 30 40 50 60 70 80 g0 100

Training Set Size (x1000)
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Data augmentation (cont.)

E.g. translation, scaling, squeezing, horizontal shearing

0|0]0]0|o]O] o] 0] o] 0
DD DL LI Y
2|2 2] 2] 2]L] 2] 2]L]2
S33[3[5[3]>]3]3]>
AL
YJNNHHRNOHNE
C] efefe]efefe]e]e]é
Hunanvvivivann
BEHBEHEREERE
[@]af[efa]lalafa]a]a]ql

200 1

200 1

200 1

200 1

0 250

0

200 A

0

')é[l
200 1 '} i

0

200 A

0 250
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Data augmentation (cont.)

 For RGB images: change in color

+20,-20,+20

-20,+20,+20
>

+5,0,+50
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Dropout

« Set the output of each hidden neuron to zero with probability 0.5
» Alternating architecture reduce co-adaptions of neurons

* More robust features that are useful in conjunction with many different
random subsets

(a) Standard Neural Net (b) After applying dropout.

26.09.2018
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Examples (AlexNet)

mite  container ship motor scooter leopard

mite container ship motor scooter legpard

black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car ’]—_‘ snow leopard

starflsh drilling platform golfcart Egyptian cat

grille mushroom cherry Madagascar cat
__convertible agaric dalmatiah squirrel monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry tti

beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers currant howler monkey
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