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https://bildspur.ch/

Traditional problem  Machine Learning

ML/ RSN Y
- - EEEETE i
Q ==l l= & e TR prepare
EEn-mE ﬂ g j»'»'*- ,L'ﬁ & dataset
EEE NN __': 1'. o
JL find tree o
Q§§§§§§m JL train
write thiﬁiﬂﬂﬁf()
atgorithm brightness()

ml

algorithm

location: (x,y)



Machine Learning

e Get & prepare data

e Select ML-algo B
e Train / Test / Validate




Machine Learning Frameworks

CNTK  Caffe Scafte

-

PYTHRCH 5

Chainer

Keras ‘¥ TensorFlow

e @rvon

ZHdK - IAD - Spatial Interaction



—ARTIFICIAL INTELLIGENCE TERMS—

ARTIFICIAL

|NTE|_|_|GEN[:E D ® Al is an umbrella term for machines
capable of perception, logic, and learning.

MACHINE

lEARN'NG -~~~ * Machine learning employs algorithms
that learn from data to make predictions
or decisions, and whose performance

improves when exposed to more data
over time.

DEEP

lEARNlNG ——— Deep learning uses many-layered neural
networks to build algorithms that find the

best way to perform tasks on their own,
based on vast sets of data.

Source: Intel


https://newsroom.intel.com/news/many-ways-define-artificial-intelligence/

DBSCAN —
K-Means Agglomerative aive vayes SVUM
K-NN Decision Trees

Classification ) Logistic Regression
Linear Regression
Regression

Ridge/Lasso
Regression

Mean-Shift
Fuzzy C-Means

Euclat

Pattern search

FP-Growth

Polynomial
Regression

Apriori

DIMENSION REDUCTION
(generalization

CLASSICAL
LEARNING

t-SNE LDA

PCA LSA SWP
Random Forest

Bagging

ENSEMBLE
METHODS

XGBoost

MACHINE
LEARNING

REINFORCEMENT
LEARNING

Genetic Q-Learning
Algorithm

Boosting

AdaBoost LightGBM

SARSA Deep Q-Network

(dQN) CatBoost

Perceptrons
(MLP)

seq2seq

A3C

NEURAL
NETS AND
DEEP LEARNING

Convolutional

Recurrent
Neural Networks
(RNN)

LSM

Generative
Adversarial Networks
(GAN)

LST™M

@noeliagorod


https://noeliagorod.com/2019/05/21/machine-learning-for-everyone-in-simple-words-with-real-world-examples-yes-again/

Classic ML

e Statistics &~
o Logistic Regression
o Naive Bayes
o Decision Trees

O e o o

@noeliagorod

GIVE A LOAN?

CREDIT HISTORY

\00‘6‘ w

HAVE A PLEDGE HAVE A DEBT > $1000
/ \f- o/ \%
w w
NOPE GUARANTORS? YES NOPE
g\
YES NOPE

DECISION TREE


https://noeliagorod.com/2019/05/21/machine-learning-for-everyone-in-simple-words-with-real-world-examples-yes-again/

SAME BAGGING ON TREES

Ensemble
**e =y, é??’ALGOR‘THMS R,wi}c;qif FOREST
M e t h O d s D\FFE‘\RAé‘ég SETS ||| 6/ \’ \‘
y JUST AVERAGING

OF DATA FROM
INITIAL SET ©®° ALL THE RESULTS

@»
. | /N &
e multiple not-so-good S "’éf‘l‘;’!‘ — |ﬂ — *

methods - y
e = good method [Ran) — \;:‘a BAGGING

e bagging / boosting

Noelia Gonzalez 8


https://noeliagorod.com/

Ensamble
Methods & CV

e facial detection

e fast and simple

e classify each part
of an image



https://www.flickr.com/photos/unavoidablegrain/6884354772



https://www.youtube.com/watch?v=hPCTwxF0qf4

Artificial Neural Networks

ZHdK - IAD - Spatial Interaction
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Electronic Brain

XOR
ADALINE

3

Perceptron

A

Golden Age

Deep Neural Network

(Pretraining)
Multi-layered SVM
Perceptron )
(Backpropagation)
2

Dark Age (“Al Winter”)

1950 1960

1980 1990

S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff
XAND Y XORY NOT X s . i -
&5 gt = i : a7
4141 2 a4 1 k| ‘ l : Y - . ’ 2 ,: o e e . 5
[IN LN ele™ o8 — S s = =
« Adjustable Weights + Learnable Weights and Threshold + XOR Problem - Solution to nonlinearly separable problems - Limitations of leaming prior knowledge - Hierarchical feature Leaﬁ“"g

» Weights are not Learned

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

@geovedi
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https://twitter.com/geovedi/status/735640979995136000

Cell body

\@!

§ 3
7.
\ K

Endoplasmic
reticulum

Axon Telodendria

Nucleus

Axon hillock Synaptic terminals
\,

Golgi apparatus

Mitochondrion | \ Dendrite

Source: BruceBlaus


https://en.wikipedia.org/wiki/Neuron%23/media/File:Blausen_0657_MultipolarNeuron.png
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=

NEURON

> 4 (YES)
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1005 + #x1.0 + 3x0.1

Noelia Gonzalez
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https://noeliagorod.com/

—A SIMPLE NEURAL NETWORK-

Oe

1st 2nd
'L’;P‘éﬁ Hidden Hidden OL‘;tPe‘:t
¥ Layer Layer y

Source: Intel


https://newsroom.intel.com/news/many-ways-define-artificial-intelligence/

N

o N R IS

S\
N S // " \

Local Minima

Global Minima

Saddle Point

Source: venkatavinay222

<

-
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https://medium.com/@venkatavinay222/at-the-end-machine-learning-is-all-about-optimization-ft-gradient-descent-e1588b7d95d2

A mostly complete chart of

O Backfed Input Cell N E u I'a l N EtWO rks Deep Feed Forward (OFF)

p Fe
&2 Input Cell ©2016 Fjodor van Veen - asimovinstitute.org N

é Noisy/Input Cell Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF)

. Hidden Cell & : R

© Probablistic Hidden Cell Q © i

. SpikingHidden Call Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
o) o ) G ) )

@ outputcet & & &

© Watchinput Output Cell & ‘( )‘( )‘(
R

. Recurrent Cell

. Memory Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell

€ ‘ Kernel

Q Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)
Q /a\
R R SRS
TN T\ 7\
% S.% S,
9 Rk Ak S
©)
Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
@, . W
8 ) G/Q\f 2
— @ 6/ & — I
e e OO e e
- “/\/\G/lf ‘_,><\ "
e e S e
- g v><v\
~ S a a o

(
/
¢
p
{
(
y
e
{

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM)

Y aYaYaY,
RaTaTaTATAS
WAV

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

B Source: tc?%af%ﬁgnce?
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https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464
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Wikipedia


https://en.wikipedia.org/wiki/MNIST_database

e Outputs
, 3
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MULTILAYER PERCEPTRON (MLP)

Source: Noelia Gonzalez 19


https://noeliagorod.com/

MLP & Image &

e Performance
o 0640 *x 480 = 307'200 inputs
o select features -> more work

e Spatial Dimension
o MLP does not care about order

20



Convolutional Neural Network
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https://philippschmitt.com/

Convolution

e Filter (Instagram)
e Transforms the image
e Blur / Sobel / Sac

-
—
-

ZHdK - IAD - Spatial Interaction

Source pixel

iie e\

Convolution filter
(Sobel Gx)

(-1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+

(-1x2)+(0x4)+(1x1) =-3

Destination pixel

RN

RN

—
L
L
=
L
=
L
L
| —

TR

R S

R

22



HADN - convolution kernels

«CAT»

The neural network itself learns how to build Perceptron finds

important features from the simple lines ir'\szlr;.?;ttie:tcu;:s

CONVOLUTIONAL NEURAL NETWORK (CNN)

Noelia Gonzalez 23


https://noeliagorod.com/

Faces

Cars Elephants

Source: Noelia Gonzélez



https://noeliagorod.com/

Applicat

Classification
+ Localization

Classification

ions of CNN

Instance
Segmentation

Object Detection

-~ T - s
’} J u; - .‘
L 4 W -

CAT, DOG, DUCK CAT, DOG, DUCK
AN A

Single object

Y
Multiple objects

Source: zylapp

25


https://medium.com/zylapp/review-of-deep-learning-algorithms-for-object-detection-c1f3d437b852

Performance

Train

Predict

26



Using a Neural Network

e model

o describes the neural network
e weights

o pre-trained weights

27



Deep Vision

e CNN inferencing for Processing
e Uses OpenCV as engine
e Model repository (Pretrained)

29


https://github.com/cansik/deep-vision-processing

Task 7

Download and install the Deep Vision library. Try out the
examples and get an overview how the framework works
by reading the readme.

30



Task 8 - Project

Think about a simple project you could implement with
the tools you already know (and Deep Vision).

e Smartphone Watchdog
e Document in a few words / sketches!
e Upload till the end of today to the filer.

31



WHEN A USER TAKES A PHOTO,
THE. APP SHOULD CHECK WHETHER
THEY'RE. IN A NATIONAL PARK ...

SURE, ERSY GIS LOOKUR
GIMME A FEW HOlRS.

.+ AND CHECK WHETHER
Tl-EPHO‘I'OISOFP\BIRD

ILLNEEDA%SEAR(H

i

IN C5, IT CAN BE HARD TO EXPLAIN

THE DIFFERENCE BETWEEN THE EASY
AND THE. VIRTUALLY IMPOSSIBLE.

xkcd

32


https://xkcd.com/1425/

