INntroduction ot Machine Learning



Concept ot ML



Artificial Intelligence
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What is Al? ML?

Artificial
Intelligence
|
|
Deduction, Knowledge Planning Perception:
Reasoning, Representation Computer Vision
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Machine
Learning
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and
Manipulation

Natural Language
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Unsupervised
Learning

Decision
Tree
Learning

Assoclation
Rule
Learning

Clustering

|
Inductive
Logic
Programming

|
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Learning

Support
Vector
Machines

Sparse
Dictionary
Learning

]

Genetic
Algorithms

Social
Intelligence

Reinforcement
Learning

Bayesian
Networks

Meural
Networks

Deep
Learning

Manifold
Learning




Various Field in ML




Various Task in ML

classification scikit-learn

algorithm cheat-sheet

--------------
b 1]

e di

regression

category

labeled
data

clustering

NO
WORKING

dimensionality
reduction




Nearest Neighbors

Nearest Neighbors

Nearest Neighbors

Linear SVM RBF SVM

Decision Tree

Decision Tree

Decision Tree

Various Algorithm in ML

Random Forest

Random Forest

AdaBoost

Naive Bayes

Naive Bayes

Naive Bayes

Linear Discriminant Anal@siadratic Discriminant Analysis




Conventional Al vs ML

Object recognition 2006-2012

SIFT K-means

~ HoG Sparse Coding

fixed unsupervised supervised
Low-level Mid-level
Features Features

State of the art object recognition using CNNs

Low-Level| |Mid-Level| |High-Leve Trainable
Feature | | Feature Feature Classifier




Machine Learning
eSupervised Learning :

y = f(x)

eUnsupervised Learning :

X ~pkx) or x=f(x)

eReinforcement Learning :

Find a policy, p(a|s) which maximizes the sum of reward



Example of Supervised Learning :
Polynomial Curve Fitting

Least-Squares Fit of Data Samples with Moiss
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Example of Unsupervised Learning

Clustering

Clustered data

Original unclustered data
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Example of Reinforcement Learning :
Optimal Control Problem

I iII.I+.f

STate 1 State 2
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|
e

Environment

State 3




Basic Theory
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Price

Overfitting / Underfitting

Size

A

High bias
(underfit)

Eror of Prediction

4

e
o
x
Size Size |
Oy + 01 + HEJ_*E 6o + 01 + G22° + O3z° + O42°
“Just right” High variance
(overfit)
1 underfitting Overfitting

- | ¥ | _ :. _h"
14 Complexity of Model



Overfitting / Underfitting

Regression:

predictor too inflexible: predictor too flexible:
cannot capture pattern fits noise in the data

Classification:

X3
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Error

Training / Test / Validation

Error

Early stopping

/validation

train

Training error

Training cycles
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Machine Learning

mcid

Two-way Partition Threa-way Partition
—— Tramng
— “alidation
— Tesl
=
L
=
o
=
0
Trasming Tost Traning Validation
Se1 Sat Sel oot
Develop Evaluatbe Develop Evaluate  Evalsale .
models madets modets models  the salectad
[l Epoch h 10

Salect tha bast model
based upon vakdabon
gl parofmance
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Validation Dataset

Percentage Split

e Problems

1)2= UIOIHE st=0l AFEotAl 2&

2) oY splitf|BF S EH| & E £
S .(Overfitting)
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Experiment 1

Experiment 2

Cross—valigation

4—— Total Number of Dataset ———p»
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Training




Linear Regression

 Linear combination of those vectors with those scalars as
coefficients

a1vV1 + a2V2 + AzvV3 + *** + ApUn

e Linear Regression : x0l| w scalars& A2 &0l Al y& regression

A

Yy(xX,w) = wg + w11 + ... +wpxrp

20



Linear Regression

X Y

1 1 y = 1.0036x — 0.0857 /
20 1.7 . 5

3 3.2 . . 4

4 4 . 3 /

5 4.5

o 6.1

/ /

y=ax+Db
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curse ot Dimensionality

1-D: 42% of data captuned.

0.0 0.2 b4 0.6 i 1.0

3-D; 7% of data captured.
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2-0; 14% of data captunsd,
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Introduction of Deep Learning
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Deep Learning

Artificial
Intelligence
|
|
Deduction, Knowledge Planning Perception:
Reasoning, Representation Computer Vision

Problem Sulving_

Machine
Learning

Robotics: Motion
and
Manipulation

Natural Language
Processing

Supervised Learning

Unsupervised
Learning

Decision
Tree
Learning

Assoclation
Rule
Learning

Clustering

|

Inductive
Logic
Programming

|

Similarity
and Metric
Learning

Support
Vector
Machines

Sparse
Dictionary
Learning

]

Genetic
Algorithms
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Social
Intelligence

Reinforcement
Learning

Bayesian
Networks

Meural
Networks

Deep
Learning

Manifold
Learning




Artificial Neural Networks
— Spiking Neuron

linear part of system

synaptic kernels

11 0l

input = —L
layer —r —
neurons

L 1l output layer

— e neuron makes a

ioh @ these weights are ; linear sum, then

il solved linearlyto  » has a tthFhﬂld
match this value =~ for spiking

presynaptic

neurons ’-.,’ Wiy
110 2) :
" W swRgY

|2| _-.."E'-___
¥l Wis - i Q _..-'_"— —_
Nl R g g axo
O ] W' soma hillock
‘\\___‘_‘,,,-"""_ 13 wizl,,
h 4 dendritic branches
W
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Artificial Neural Networks
— Rate Coding Neuron

integration

+ leakage \JJ e spike
\
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Perceptron

5= w -z, ﬂs}:{l ifs >0

0 otherwise

1—0
iInputs  weights A B
on - -
Wy weighted sum step function a |1

“1 y° (:j | 1 | ©
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Perceptron — XOR

28

X1 @D x2




Linearly Non—Separable

29



Multi—Layer Perceptron

<2\
<A
N\ A / \
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Universal Function Approximation

The universal approximation B

theorem for neural networks z=XOR(X, y)
states that every continuous
function that maps intervals of
real numbers fo some output
interval of real numbers can be
approximated arbitrarily
closely by a multi-layer
Eer‘cepfmn with just one

idden layer. This result holds
only for restricted classes of
activation functions, e.g. for

the sigmoidal functions.
(Wikipedia.org)
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Sigmolid Function

1

.
-(1+E_r;]_2-€_x =
(1+e7™)°
1 1 e
(1- ) = (
1+e™ 1+e™ 1+e™
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Sigmolid Function

33



Activation Function

-

hard limiter

plecewise linear
function

standard {(logistic)
sigmoid

hyperbolic fangent




Activation Function

17

e Hidden Layer0| Activation Function0O| 812!
-> 2t & 2= 2| @1 Neural Network?t &€ 3
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Gradient Descent

1) Loss Function 2 W(parameter) =2

HO|2oHAM WOl CHEt GradientES —

2)GradientZ 0|2l A WE 2 0|I0|E StHL}

Wx =W — A Loss' (W)

36

9

(]

t(x)

Starting

/ FPoint

. lteration 3

v lteration 4

Convergence

.
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0 1
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Gradient Descent
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Gradient Descentl| = M| &

1) Local Optima
2 I\/c;mentum . . V =uV' + A\ Loss'(W)
(AFA! 2 per—dimension learning rate) _\\
. Wx =W =V
?) Divergence
- Gradient Decaying

local
cost minimum

/

2

Global
COST MENIFLIM

J(W)
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Gradient Descentl| = M| &

3

L 2l
— o
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Error Back—propagation

Chain Rule

flglx+ 1)) — filglx))

.I' K
' — 1!1]1
J | —41{] '
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Deep Layer

@ 9 @ View-tuned cells

1—-—‘______ —
—~
77N\ 4 “‘“}
II II' L l
IIR\_#‘ '//I 'n\‘ _______..a”;
Composite features
ff--x"'-l F— Il".'l.----m“l.
= ",
"N SN I ‘ P
(1 \4 J L; (\) [\/J »+ o Complex cells
SO @200 @@DN -+ simple cell

41

Input image



Deep Learning

& MLAHIA €Y S ofLES
module= M Bt AtE =l L.

Discrete Choices

Deep Learningl Z&

Layer 2 Features -

Layer 1 Features 2. Universal Function Approximator.

Original Data

42
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Vanishing Gradient Problem

W
W,

(j--"?:.U - ﬂrmz‘,f :

®® O

Gradient Vanishing

"/

&

i

N
X5
v,

8
\

N/
2
N

ofaJoJo

flf-}"r*}'r:l.'.l.f.,i" I:}T.l' i, o ire, ] {:;;.”__”Hi”

fj"r"r"r ri,t f}ﬂ out.t—1 'r}-”-fa-r: t.() f}'r Lin, ()

43

P
=
LXK
Q2K
e o

ol

o,



Gradient Vanishing

Oin.0 = Oout.t—

44
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Gradient Vanishing oH &£

1) Layer—wise Pretraining

o(x) {__ o(x)
k(OO0 Cﬁ Q0®) FOQOOO00O0®) Fw
W W L W
wQO0000® »wETTTT® @D i ETTO®)
A | A |
OO i»ETTITI® =OO0000®) OO
- COC0Y J(@Jelele]c) <0000 - CO00®)
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Gradient Vanishing o &
O|0] 1) Global optima®t G It Initial Weight X2

" local
cost minimum

Glabal
COsT MMM

(W)

O|0| 2) Layer2tel 212 at0]

01N

JIoH A gradientIt & M Ub&E
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Gradient Vanishing o &

2)RelU o _ _
Rectified Linear Unit (ReLU)

QL

L™

“3_ Activation function
Sigmoid function Rectified Linear Unit
15 S
.'---l--. |
ﬂ.i:.l.;
— a-l L
1] & F L} £ 4 L]
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Output Node

1) Regression = Weighted Sum(No activation) + Least Mean Square Loss

2) Classification = Softmax + Cross—Entropy Loss

48



Appllcatlons

(Credit: Sungjoon Choi)
https://github.com/sjchoi86/Tensorflow—101



https://github.com/sjchoi86/Tensorflow-101

Scene Recognition (CNN

Predictions:

« Twvpe of environment: outdoor
« Semantic categories: rock_arch:0.63, arch:0.30,
= SUN scene attributes: rugged, natural light, dry, climbing, far-away horizon, touring, rocky, open area, warm, sand

B. Zhou, A. Lapedriza, J. Xiao, A. Torralba, and A. Oliva. “Learning Deep Features for Scene Recognition using Places Database.” Advances in
Neural Information Processing Systems 27 (NIPS), 2014.




Visual Style Recognition (CNN)

Vintage Northern Renaissance

Minimal

Impressionism Post-Impressionism

Long Exposure Romantic Abs. Expressionism Color Field Painting

Karayev, Sergey, et al. "Recognizing image style." arXiv preprint arXiv:1311.3715 (2013).




Object Detection (R—CNN)

i

motorcvycle

Detection = Localization + Classification

Girshick, Ross, et al. "Region—based convolutional networks for accurate object detection and segmentation." Pattern Analysis and Machine Intelligence,
/EEE Transactions on 38.1 (2016): 142—-158.




Image Captioning (CNN+LSTM)

Visual Features Sequence Learnin Predictions

e B FET L A e e D L R
r ¥ i o :
| |
| Wl CNN — m :
| Il | i I
| Il [ . I
| Il [ I i
: ¥ r ,
I :: CNN : ; ""* )
| I' | i |
| Il'— | i I
[ 11— 1y |
: X .l R
| 'if CNN v !
] II i I I
| II | I I
| Il | i I
[ ! 1 :
! ' CNN — "' ;

I L

1 || | I I = - - -
i ' o : : A black and white cat 1s sitting on a
I ! [ " I i
: ! o | chair.
i :I ’ : "
[| II'_ [ I I
] II i : I
! ! CNN —— '
| Il | i I
| I: J| I |

Donahue, Jeffrey, et al. "Long—term recurrent convolutional networks for visual recognition and description." Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2015.




Segmentation (DeconvNet

224x224 224 %224
7~  Convolution network Deconvolution network 1=l
56x56 56x56
28=x28 2Ex28
f 1414 - - 1= 14
11 1x1
L [ P [ P L
./15:1 # Max r'gf—]:.:é.hng Unpooling
1A ax .. pooling T _ Unpooling _ _/ /
A Max P 9 e emmmemmemmmmmTE - '_‘_'—'—-—-—-—._._._____EHDUUIHQ 4 4
ﬁax _ r"ﬁﬁlpg_,, Unpooling
L Ijl:lf_fllll"lEl T q_‘_‘-l__hh_""‘"-—-._ LML
anmmTE ~—npoacling
r‘.--r-‘r ‘l‘-\-l““-

Hyeonwoo Noh, Seunghoon Hong, Bohyung Han, Learning Deconvolution Network for Semantic Segmentation, arXiv:1505.04366.




Neural Style

Gatys, Leon A., Alexander S. Ecker, and Matthias Bethge. "A neural algorithm of artistic style." arXiv, 2015




Deep Learning Tools

Language
Pretrained

Multi-GPU:
Data parallel

Multi-GPU:
Model parallel

Readable
source code

Good at RNN

Caffe
C++, Python
Yes ++

Yes

MNO

Yes (C++)

NO

Torch
Lua
Yes ++

Yes cunn.
DataParallelTable

Yes
fhcunn_ModelParallel

Yes (Lua)

Mediocre

56

Theano
FPython
Yes (Lasagne)

Yes
platoon

Experimental

MNO

Yes

TensorFlow
Python
Inception

Yes

Yes (best)

MNoO

Yes (best)



MLP & CNN TensorfFlow & &
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