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A Powerful and very flexible
machine learning algorithms
A originally inspired by

modelling the brain functions

Ahuge revival with success o]

Ve

Ae still far from oL ntell il gel



ASmall recap of yesterdays dy

A What are neural networks (simple vanilla feed forward nets)
A Loss function
A Backpropagation
A Deep Learning 7 advances that made it possible
A Weight initialisation
A SDG A momentum A auto tuned learning rates
A Regularisation A Dropout
A Other network types:
A Auto encoder

A Convolutional Neural Networks

A Examples of their usage in ( astro -) particle physics
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Assume you have found the y(x) whic
for any desired Osignal efficiencyo

pefect == one cannot do any better

= | : :

X) == - or a monotonic function thereof

| f y(x) iIis oO0forceddb to be between 0
yX)A sigm( y ( x) ) | T ke i n o6l ogistic reg

0 ® TIid&Eo) (p ® )i I(E ®)) binomialloss
Which came from: y(Xx) should simply parametrize P(S|x); P(B|x)=1-P(B|x)

O T o (o) T IEYo)  0@|w)

THEN y(x) parametrizes directly P(S|x)



Aar bi t rliaeandécisiondoundaries

Ay (x) built from shg® of @b
W | QQIE Q0 Q o Ah(x) is sufficiently general (i.e. non linear),
A Can model any function

there are also mathematical proves for this statement.

Imagine you chose do the following:

hi(x)

A output
e N\ 1 4 S A (X) =

1 -
\\ /////,ff 1+e .
4 A ) r \ » 14 A\ A

o ol . - the sigmoid function
Q) 0 0 Ofd B cn)) /

0 activation

2\

A non linear (sigmoid) function of

a linear combination of
non linear function(s) of Ready is the Neural Network

linear combination(s) of Now we fAonlyo need to find
the input data



But before talking about the weights, | et 6s
input layer hidden layer ouput layer
A w —A M A D
11 . __ u=x n L
/@ T ................ PO Output y(X)_a WO|A élvlo-l- aW” O(J
Dvar
discriminating it . : :
. \ R OActivati on:¢
input varlables< 1 — | eg. sigmoid:
as input / 9 :
+ 1 offset - A(x) = (1 +e.x)-1
_J __. | ortanh
0 activation or é
ANodes in hidden | ayer represent the factiva

combinations of input variables A non-linear response to the input
AThe output is a linear combination of the output of the activation functions at the internal nodes
Alnput to the layers from preceding nodes only A feed forward network (no backward loops)

Al't is straightforward to extend this to fAse
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input layer hidden layer ouput layer
A M 3 D
---------------- »(O ouput Y(X)=q WA @V, + aw, &,
T i C =1
nput variables " oLyt
P! < ’/_ e.g. sigmoid:
as input
+ 1 offset 08 A(x) = (1 +e-x)_l
J — or tanh
0  activation or é
nodes A neurons Neural network: try to simulate reactions of
links(weights) A synapses a brain to certain stimulus (input data)

Oacti vat
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ANNO with two i vari abl

o

]

(/k:) :y(X 1,X2)

Choose those weights where contourlines == good decision boundaries
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regression:
I . e. use wusual N
‘ 0 —
o) ¢ (0 a@m))
true predicted (the network output)
classification: Binomial loss
0(0) (0 1 i(@gom)) (p o Jiig o))
oph | QQ¢ a

(b ™ 5 v T Tan
where M OO QY



Arecursive formulation of the gradient—u si ng O ®hai

A b6adjust Wwtwemghi si ze the f@l os

For any internal node: i.e. node | in layer k




Arecursive formulation of the gradient—u si ng O ®hai
AFor the o0l ast | ayer 6 we get

Output of k-th node in

previous layer \

- « « o and linear output neuron:  0(0) B,

« «(o)

\\

And: for oObi nomi al | oseuput orQTt I

A Same result J




Contour plot of O (b)) or 0(U |e ) for % learning rate

o @ i — : gradient decent

and 1 f vyo u dondt want
value every time for the whole sample:

stochastic gradient decent: event by event

._. .-""- - )
SF Y Y { - "m° -§-;

- mostly: something in between A mini-batches

>
A Assume 0 av e rbatchgradieotf mi ni

approxi mates t h§g&(L)d.g.tulesdmple)n

Sounds simple and iferror-rsur f ace | ooks THAT si
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A y(x) and L( x;w) are nasty, heavily non -parabolic functions
A difficult to minimize
A Long time people thought to be trapped in local minima:
A But were more likely walking

slowly along narrow valleys

A A d d ﬁ M O m e n t u m o Figure 1. Optimization in a long narrow valley
-accel erate when gradient di

LSO 0D —0 NU ©0 U (* called momentum)
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| arge NNs are diff

A but due trapping in local minima?

€ recent research
arxiv:1412.0233, LeCun et.al.

Different i n O0Omany

A For large networks: most local minimal are equivalent

A Probability for finding a bad (high value) local minimum is non zero for small-size
networks but decreases quickly with network size

A Global minimum is not useful A represents overtraining

A Bad critical points (much higher than

_
| t 0s very unil—l kK atlthg samdntene Ja | |
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SGD
Momentum

NAG
Adagrad
Adadelta

Mrrrrerrrr
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I\/Iafo‘_\aﬁ%:kf)nstltut
fur Kagriphysik

- SGD
—— Momentum
w—=  NAG

—  Adagrad
Adadelta
Rmsprop

1.0

-1.5
StandfordLectureCS231:Image AlecRadford
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—_— X
Momentum update Nesterov momentum update
“lookahead" gradient
step (bit different than
momentum momentum original)
step step
actual step
actual step
b
gradient
step
StandfordLectureCS231
ldea: Yurii Nesterov ( 1983) &
First | ook where you woul d oe

Omomentumé and correct for gr
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http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides lec6.pdf

N\

Afichange oAf m®sd gno
|l mportant than 0

gradient

Figure 1. Optimization in a long narrow valley A Rprop (reSiIiant baCka‘OpagatiOI’l 1993)

Rprop : problems with large fluctuations in minibatches
A RMSprop: scaling weight wupdate

gradients
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NN with oOoOmany O6hA dsdeedn tloa ybeer sGi mp o s s i

A due to vanishing gradient problem: —  tfor all but the last layer(s)

A Enormous progress in recent years
A Layerwisepre-t r ai ni ng -airsd mdje rbsa@ teor Or e
Boltzmanmac hi nes 0
A bdnewbd activation functions who:
A 6intelligentiditalisationdom wei ght
A Stochastic gradient decent with

output

N
-

0  activation
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