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Machine Learning



What does it mean?

Learning a representation that maps inputs to outputs without being explicitly
programmed.

Estimation of Dependencies Based on Empirical Data

(V. Vapnik 1983)

Learning requires to infer a functional or statistical relationship between
variables when we only observe noisy samples.

The problem without additional assumptions is ill-defined since many different
functions might be compatible with noisy observations.

We, therefore, require that our inference has to “work” on future data
(generalization).
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Types of Machine learning

e Data: N measurements of D features

* Labeled data
* Direct feedback
« Predict outcomeffuture

collected in the design matrix X

e Target vectorsy:
e Known [supervised learning] Supervised

e Unknown [unsupervised learning]

Learning

e Time-delayed, to be discovered by

performing actions [reinforcement learning] Unsupervised Reinforcement
e Learning the representation y = f(x) and use itto  * Nolabels * Decision process
9 P Y f( ) * No feedback * Reward system
* “Find hidden structure” * Learn series of actions

make predictions/decisions



Supervised Learning

e Data as pairs of feature and given response variables [training set]

L H1551)5 <50 Bdn) | B EX C R4,y c K}

vi an index/label [classification] or a continuous variable [regression]

e Define a function class with parameters w to be learned

C={f(x,w) : weW,xeR%}

e Once the model is trained, performance in predicting correct values are evaluated
on a set of unlabeled data [test set]
e Three different approaches for modeling the function class:
o Discriminant function

o Probabilistic models: Generative or discriminative



Supervised Learning. Classification

e Finding decision surfaces/boundaries.
e Non linear activation function f

[Generalized Linear Models]

y(x) = £ (W'x+ w)

f(.) labels or posterior probabilities

e Decision surfaces are hyperplanes
where y is constant

e Nonlinear features transformation

using basis functions ¢(x)




Discriminative functions

e Direct assignment of x to a specific class

e Perceptron algorithm (Rosenblatt ‘59)
+1, a=0
v = £ (wTo0) s ={ T} a0
e Perceptron Criterion: Error function
Ep(w) = — Z wlio, t,

neM

e Stochastic Gradient Descent, learning step:

W(7‘+1) — w(T) — 7YVZ*:‘P(W) — W(T) = n¢nt71




Discriminative functions

e Direct assignment of x to a specific class

e Perceptron algorithm (Rosenblatt ‘59)
+1, a=0
v = £ (wTo0) s ={ T} a0
e Perceptron Criterion: Error function
Ep(w)=— Z wio,t,

neM

e Stochastic Gradient Descent, learning step:

W(7‘+1) — w(T) — UVEP(W) — W(T) = n¢nt7l

e Most popular approach involves the margin
maximization [Support vector machines]




Probabilistic approach. Discriminative models

L - v R
e Inference stage before decision: i.e determining p(Cg|x) 1 e o #Jﬁ 5
4 S s i ‘H‘ —#--
e p(Ck|x) modeled directly. Models can be 3 w oo X T
o N . - : FRQXK FIIX X+ T
o Parametric with parameters optimization during training. : WKy 2o F
o Non parametric NS T
_2—;” 2 ;; (.) 1 2 3

e Why do we want the posterior distribution? E.g.

p(y=1|data,K=10)

o Rejection criterion determination

o Combining different models

p(Ck|x1,x) o p(x1,xB|Ck)p(Ck)
o< p(x1|Ck)p(x8|Ck)p(Ck)
p(Cr|x1)p(Cr|xB)
p(Ck)

1



Discriminative models. Logistic regression

e Posterior probability as logistic sigmoid function 6

4 L
1
e = - = —
e Likelihood function of Bernoulli variables Of
=2
tW n 1_ n P yn :p(cl|¢n)

(tw) = Hy {1} € 0.1) 4
e Cross Entropy Error function minimization e

6

E(w) = —Inp(tjw) = Z {tnIny, + (1 —t,)In(1 — y,)}

4 L

Z(yn —tn)d, 2

e Prone to overfitting if training data are linearly separable.

o  Prior and MAP for w (Bayesian approach)

0

-2

-4

o Regularization term for the error function -
-4




Probabilistic approach. Generative models

e Modelling class conditional densities and prior

probabilities, i.e

p(Ck |X) _ p(x|ckl>lp(ck)|

p(x)

e Generating synthetic data point by sampling
e Allow to estimate marginal densities of data (outliers

detection)

A Most demanding, lots of training samples needed.
A Efforts no needed if we want just predictions (little

effect of conditional densities)

class densities
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Generative models. Naive Bayes classifiers
e Conditional independence given the class, Naive Bayes model

1 n
p(i | Tit1,-. o 20, Cp) = plai | Cr) wmmmmh p(Cy | @y,...,a0) = EP(Ck)HP(fEi | Cr)
=1

. . Feature Appearances in Spam | Appearances in Ham | P(S|w;)
e MAP as decision rule Naive Bayes classifier 2 165 1235 02512473
Advised 12 12 0.4177808
As 2 579 0.0086009
n Chance 45 35 0.7635468
e Clarins 1 6 0.2950775
§ = argmax p(Ck) Hp(g;z | Ck) Exercise 6 39 0.2787054
378 £
ke{l,....K} i=1 Free 253 11532;l 0.8226372
Fun 59 9 0.9427419
Girlfriend 26 8 0.8908609
3 Tave 201 2008 0-2008501 |
1 -% Her 33 118 04471500
; _ _ 2 T 9 1435 0.0155078
o Gaussian pz=v|C) = > € k Tust 207 253 0.6726596
\/2moy, Much 126 270 0.5396002
(Z . ), Now 221 337 0.6222218
. . ; Li): : Paying 26 10 0.8671995
e Multinomial p(x | Cr) = ——— Hpkiz" Receive 171 98 08142107
Hi z;! P Regularly 9 87 0.2062316
Take 112 287 0.5511010
Tell 76 89 0.6820062
. . . . The 185 930 0.3331618
e Spam filtering application: x text mail [bag-of-words], Time 212 116 0541787
To 380 1948 0.3310176
Too 56 11 0.1993754
Trial 26 13 0.8339739
p« word i probability in each class (spam/ham) e, e 33 (EYEEIN
([Viagra 30 10 0.8375303
You 301 730 05000303 | 14
Your 332 450 0.6494897




Probabilistic Graphical Models

e Joint probabilities as diagrammatic models (visualization, insights, inference algorithms)

Bayesian Networks

K
p(x) = [ p(xlpas) —
k=%

p(x1)p(x2)p(a3)p(za|z1, T2, T3)p(75| 21, T3)P(w6|24) (27|24, T5)

i

Malware

=

Crash

N

Stormy
/\ ‘Weather /\

=3 oo

 System

Hardware
~ Failure
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Probabilistic Graphical Models

e Joint probabilities as diagrammatic models (visualization, insights, inference algorithms)

n

ply.x) = p(y) [ [ plaily)

=1

Bayesian Networks

K
p(x) = [ [ p(zxlpay) P—
k=1

Bayes naive model
p(x1)p(x2)p(x3)p(Ta|T1, T2, T3) (25|71, T3)P(76 | T4 )P(T 7|24, T5)

e No assumptions about causality: undirected graphs and distribution as product of maximal cliques

Denoising application
Markov Random Fields

C:: T/ /\CD : P
= p(x) =~ [ ¢e(xc)
c

)
ve(xc) = exp{—E(xc)} —[RQM

T4 j Potential functions - T
Original image Corrupted (10%)

T3




Probabilistic Graphical Models

e Joint probabilities as diagrammatic models (visualization, insights, inference algorithms)

n

ply.x) = p(y) [ [ plaily)

=1

Bayesian Networks

K
p(x) = [ [ p(zxlpay) P—
k=1

Bayes naive model
p(x1)p(x2)p(x3)p(Ta|T1, T2, T3) (25|71, T3)P(76 | T4 )P(T 7|24, T5)

e No assumptions about causality: undirected graphs and distribution as product of maximal cliques

Denoising application
Markov Random Fields — —

CC T/ /\Qj : |
i) p(x) _ E ch(xc) Yi
C

—)

Yo (xc) = exp{—E(xc)}

T4 j Potential functions

x3

E(x,y)=h Z r; — 3 Z Tx;— 772 riy;  Restored (96%)

{i.5} i




Probabilistic graphical models. Sequential models

e Noisy observations xi of a latent variable z - <
N N
p(xl» <o XNy 21, 7ZN) = p(21) lH p(ZnIZn—l)] HP(Xn|Zn)
wd | J4 =1 J
X1 X2

Transition Sensor

e Main inference tasks:

o Prediction  p(zn|x1,...,Xn-1)
o  Filtering (2 |Xi5 555 Xnr) /_\
--”, = \\\\

® 7 a discrete value = Hidden Markov Models et

o  Application: Speech recognition Path to Next State

State Feedback
Path for Same
Ongoing XA

e (Gaussian variables = Kalman Filters Sound Type
o  Application: motion tracking Rep,esems”{ H H H )—>
20 ms

of Speech
State 1 State 2 State 3 State 4

The Initial The “F” The “I” The “S”

lm] X = Fxp_1 + Gai s;;?;\ Sl /S/ =
X5= "
&r o 4 VvV ¥ K

z = Hxy + vy OFFICE




* Labeled data

* Direct feedback

* Predict outco

Supervis

Unsupervised

* No labels
* No feedback
* “Find hidden structure”

me/ffuture

ed

Reinforcement

* Decision process
* Reward system
* Learn series of actions

19



Unsupervised learning. Clustering

®

o

©Oe®

K-Means

N K
Minimizing — J=) > rucllxn — mel?

n=1 k=1

Spectral clustering

Graph distance based. Involves
spectrum estimation of the Laplacian.

DBSCAN

Density-based. Based on the fixed radius
Nearest Neighbours tree (frNN).

Gaussian Mixture models

Fuzzy/soft/probabilistic. Data from a
mixture of K Gaussians.

Estimation of the posterior distribution.
20




* Labeled data

* Direct feedback

* Predict outco

Supervis

Unsupervised

* No labels
* No feedback
* “Find hidden structure”

me/ffuture

ed

Reinforcement

* Decision process
* Reward system
* Learn series of actiong

21



Markov Decision Processes

e Modeling decision making:

o Asetof states X, A set of action A kL)

o Transition Probabilities P(z'|z,a)

o Areward function fr(gc7 a)
e Choosing optimal policy Tt to maximize the 1(-1)

expected rewards [value function]

VT(z) =E[ > ~'r(z, w(x)) | Xo = 2]
t=0
e Bellmann Theorem

o A policy is optimal < it’s greedy with respect to its induced value function
V'(x) = max, r(x,a) +vy 2. P(x'| x, a) V'(x")

22




Reinforcement Learning

e Data we get depends on our actions! > (- ()
k o\
e [Exploration-Exploitation dilemma. Should we: N ?(?)
. . . . ? (p)
o Explore: Gather more data to avoid missing 2 2) .
out large rewards
o Exploit: Stick with our current knowledge $
and built an optimal policy ? (?)

e T[wo basic approaches:

o Model-Based RL. Learn the MDP V' (@) = max Q(z, a)
* — / * 0
o Model-free RL Q" (z,a) =r(z,a) +'YZP($ | ,a)V* (')

Q-learning — Q(z,a) + (1 — a)Q(x,a) + o (?“ + ymax Q(a, a’))

Parametric Q-function — Q(z,a;0)
23




Visualization. Dimensionality reduction

S . ) e . - P
e Projecting data in a low-D space i Wu?w, iel g G
e Identify the intrisic dimensionality and ) el 2 %
| wli gl §5
preserving relevant structures M/ ;

[manifold learning]

. . [0 1:2 3 4
e Remove redundancies and noisy i é?éfi]
3 21 0: 1 ¢t
_4 3452 &0 m}nZZ(d,SX’—d,SY))z

features from the datasets

e Covariance based: e.g. PCA

/ o

e Distance preserving: e.g. Multidimensional .

scaling

e Nonlinear techniques: e.g. Sammon Mapping,

Isomap

24




Dimensionality reduction. t-SNE

T . (=llxi —x;||*/207)
di Yk exp (—||x; — xe[|?/207)

o (L li=yilP) ™

o t-Student in the low dimensional (heavy tails) i it (14 |l —}’1||2)—l

e Convert distances into conditional/joint probabilities (similarities)

o  Gaussian in the high dimensional space

e Variance in the high dimensional accounting for the local density Perp(P;) = H&)

e Minimizing the Kullback-Leibler distance

A
pij 2|
C=KL(P||Q) =Y. pijlog = £
g1 L F qij =
8C 2\ —1 k%)
5 =4 (pij—aij) Vi —y;) (1 +|lyi —y;ll°) S
Vi F S
g
Van der Maaten L., Hinton G. Journal of Machine Learning. 2008. High—dimensional distance > 25



t-SNE. (Fashion) MNIST.

_m.“.%ﬂjml» f.,\nu
19 wilJ:um :
E=re = ."‘[

ﬂ'u;lm.nlﬂg :
Im%lm-ﬂ__ww { = |
> Nie—-E ]

VWTQAB VN F =M™
NN NN A TS

g~ T 00N D N
NNOrMmg—a S
>orNcVMmy AN
MdIMNMNNTYY —
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Neural networks
and Deep Learning



Neural Networks

Inspired by biological networks of neurons
Rapidly becoming tools of pattern recognition
Starting point is Multilayer Perceptron/Feed forward networks

Perceptron Multilayer Perceptron
f(a)
Input Layer -< Input Layer -<
Output Layer Hidden Layer Output Layer
D D
a= Z W;iT; + Wo aj = Z w;:):ri + wi.(l))
=i =1
+1 a>0
_ z; = h(a;
f(a) {_1 a>0 ] ( J)

K
a= Z w§2)h(zj) + w((f)
j=1

INTEGRATION

SPIKE

TRANSMITTER
SECRETION

e h is the activation function

o RelLU
o Tanh
o Logistic

29




Deep Neural Networks

o “Deep”if more than 2 hidden layers
e Each hidden layer “learns® a representation

e Training the network through backpropagation
(aka chain rule for derivatives)

¥, =1(2)
Output units 5 0 ¢ !
4= 2 Wi Vi
ke H2
dE _ IE
Al dis="
Hidden units H2 =) I¢out
Zi=0Y Wyl
g OE _E 3y,
= 9z, ay, 9z, |
Hidden units H1 yi=1z) k& H2
S a ¢
” Z; = E Wi X; E:Ei
ij . oz, oy, oz,
ieInput ] i

Input units
30




Main Architectures. Convolutional NN

e Inspired by Hubel and Wiesel’s work on early visual cortex
e Looking into the local properties of the data

e Max pooling layers for invariance to input translations

Samoyed (16); Papillon (5.7); Pomeranian (2.7); Arctic fox (1.0);

P R e R - o Y

Convolutions and ReLU
s S s s s 8 B S K s L L o o o o L s N S & s & A

Convolutions and ReLU
LT L L 4

31




AlexNet (Krizhevsky et al. 2011)

ImageNet competition

8 204 204 \dense

dense dense
1000
128 Max

Max T Max pooling 204 2048

=]

1.2 min training images (1000 labels)

5 conv + 3 full connected layers

Depth is important (drop 2% x layer)

60 mIn parameters

Data augmentation
Dropout: setting to zero the

output of each hidden neuron

mite
black widow

with p=0.5 (essential but cockroach

bumper car
golfcart

expensive)

96 Conv kernels learned

grille [ Madagascar cat

Top 48 (GPU1) color agnostic anvercie s iy sl monkes
pickup Jelly fungus elderberry titi
Down (GPU2) color specific | et ] mowswshiy




AlexNet (Krizhevsky et al. 2011)

e ImageNet competition % ﬁ_é\ \_ W\ s NEE .

e 1.2 min training images (1000 labels) [ ‘ = pag ot
e 5 conv + 3 full connected layers o ﬁ N i
AN AL 13 : dense’| [dens
e Depthis important (drop 2% x layer) 8 --.-'-"3'-'-':;;,.;55 - L 1000
W a |
e 60 min parameters [ P Foolng, 55 H
3 48

e Data augmentation

e Dropout: setting to zero the
output of each hidden neuron
with p=0.5 (essential but
expensive)

e 96 Conv kernels learned

e Top 48 (GPU1) color agnostic

e Down (GPU2) color specific

33
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Going deeper

Revolution ot Depth
[152 layers

357

ILSVRC'15
ResNet

[ 22 Iayers ] [ 19 Iayers |

ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11
GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

ILSVRC'10

34




Going deeper

n
[
&

[+

ImageNet Classification top-5 error (%)
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Other Architectures. Adversarial Generative Network

The generative model can be thought of as analogous to a team of counterfeiters,
trying to produce fake currency and use it without detection, while the discriminative model is
analogous to the police, trying to detect the counterfeit currency. Competition in this game drives
both teams to improve their methods until the counterfeits are indistiguishable from the genuine
articles.

Training set V Discriminator

// N Real

Randorr A T— e

2

e /Fake Image Goodfellow ., et al. Advances in neural

information processing systems. 2014.



Other Architectures. Adversarial Generative Network

The generative model can be thought of as analogous to a team of counterfeiters,
trying to produce fake currency and use it without detection, while the discriminative model is
analogous to the police, trying to detect the counterfeit currency. Competition in this game drives
both teams to improve their methods until the counterfeits are indistiguishable from the genuine
articles.

Goodfellow ., et al. Advances in neural
information processing systems. 2014.



Neural Network Zoo

. Match Input Output Cell 6 Backfed Input Cell

. Recurrent Cell _ InputCell
. Memory Cell @ Noisy Input Cell

Hidden Cell
. Different Memory Cell . IREERSE

. Kernel

‘ Convolution or Pool

© rrobablistic Hidden Cell
'@ spiking Hidden Cell

. Output Cell

Feed Forward (FF)  Radial Basis Network {(RBF)

o o I

Recurrent Neural Network (RNN) Lang / Shart Term Memory (LSTM)  Gated Recurrent Unit (GRU
- - >3 - -

Deep Feed Forward (UFF)

Perceptran (P)

¥

NP

;\t

Auto Encoder (AE) Variational AE (VAE) Sparse AE (SAE)

Denoising AE (DAE)

Markov Chain (MC} Hoptield Network (HN)  Beltzmann Machine (BM)  Restricted BM (RBM)

Oeep Convelutianal Netwark (DCN)

Decanvolutianal Netwark (DN) Deep Convalutional Inverse Graphics Network (DCIGN)

9.9 H
R KX

: g “
g g S o:
B N/

Cenerative Adversarial Network (GAN) Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

Ay AYAYAYaY

O A A A

Deep Residual Network (DRN) Kohanen Metwork (<N)  Support Vector Machine (SYM)  Neural Turng Machine (NTVI)

Deep Belief Network {DBN)

: G
9 o :{A}\ O 8P,
o) o
d

http://www.asimovinstitute.org/neural-network-zoo/ 38



http://www.asimovinstitute.org/neural-network-zoo/

“Deep reinforcement learning”

e 49 Atari games. Pixels as unique input

e Learning the Q-function!

e Outperformed human players in >75%

Breakout Space Invaders Seaquest Beam Rider
Convglution Convglution Fully cgnnected Fully connected
a . . B n
Q
9 . . .
= [ /= A\ ] 1 =
. . B &0
g £\ ?
i
9 . . L]
oo | [4 Vo NN\ N\ .
g A N~
o \
o L3 » .
- of ] @ @ i O Q. ' © =
I a . L] .
210x160 pixel |____] [_—ﬂ \ m ? 1 l
images with a ! i . d
128 color < . . * [3+O)]
alette 8
P of | [ \o v/ 1 y
‘ . . .

Mnih at al. (DeepMind), Nature 2015 39



“Deep reinforcement learning”

e 49 Atari games. Pixels as unique input

V*(2) = max Q" (z,)

e |earning the Q-function!

QO (s,a)= mnaxE[rr'l")’rHl +V2ft+2+ .

Outperformed human players in >75%

Convolution
hd

Convglution Fully cgnnected Fully cgnnected

=
s

* € ¥ ed s
2
Below human-level

At human-level or above

e e e 0000 ¢

7

—
X
7

-oo‘oooxco,o
S "“

o L3 R U4 £3 B B2

o] (o] (¢] (@] (@] [®] (¢

210x160 pixel
images with a
128 color | |
palette

4%
3%

Battle Zone | a7l —
Wizard of Wor | Sll—
-

Chopper Command | dii—

Krul .
Assault | KT ——
Road Runner | S

Tennis | SR
Pong | iSEN-
Space Invaders | TN —

Qbert | R

Asterix

Robotank "| Sesil T
Atiantis | @
Crazy Ciimber _| it I ———
Gopher | dook I
Demon Attack _| 2 ——
Name This Game _| 2 —
Kangaroo | zz4% I ———
James Bond _| iesk N E—
Beam Rider _| Hidim—
Tutankham | Sz I—
Kung-Fu Master | SR
Freeway _| fo 0l
Time Pilot | oo ——
Enduro | sl
Fishing Derby | SR
Up and Down | sz5ll—
Ice Hockey | fo%all—

Venture | S—

Boxing
Breakout
Seaquest | [Jif-25%
Double Dunk | ===
Bowling |l

Star Gunner _| SRI—

HER.O.

Centipede

A
o

Video Pinball

Mnih at al. (DeepMind), Nature 2015

Ms. Pac-Man
Asteroids |7

%
3
%

Frostbite |}

Gravitar |
Private Eye |}

Montezuma's Revenge |[jo%

&

40



“Deep reinforcement learning”

G o b -, e R . . ?
- // i G e, B o
g = ‘ = o 'y % B ;
“eat ‘o ™ ", - ~ LN H :
RO S 3 : : H
»

e t-SNE of the last hidden layer

e

after 2h of training in Space I
Invaders

e High value function when
plenty of aliens or almost

completely defeated.

Mnih at al. (DeepMind), Nature 2015
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Pa Cka g es Adoption of Deep Learning Tools on GitHub

25041 QRS e

TensorFlow

GitHub Launch Nov. 2015

MR GitHub Launch L2013
Caffe S

deeplearn js

GitHub Launch Jan. 2012
Torch
a hardware-accelerated

machine intelligence
library for the web

REVS  GitHub Launch Jan. 2008
1300

0 5000 10000 15000 20000 25000

‘? Caffe

TensorFlow PYT6RCH theano

Theano

42




Packages Blogs

kaggle () Distill
colah's blog
D3

machine intelligence
library for the web

Tensorflown PY T RCH theano




ML @ ETH/UZH

e Institute of Machine Learning (D-INFK): 4 groups
e Courses with tutorial and projects. Examples:

e Reinforcement Learning for Spacecraft Maneuvering
using Optic Flow and Time-To-Contact

e Stochastic Calculus for Nonconvex Optimization.

e Sleep pattern recognition from EEG/EMG.

e Optimising Shared Mobility using Machine Learning

Machine Learning

Data Mining

Deep Learning

Probabilistic Artificial Intelligence
Learning and intelligent systems
Computational intelligence lab
Statistical learning theory
Computational statistics

A Mathematical Introduction to ML
Approximation Algorithms

44
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