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Neural Networks

Helge Voss SOS  2016, Autrans France,  Multivariate Analysis ïMachine Learning 2

ÁPowerful and very flexible 

machine learning algorithms

Áoriginally inspired by 

modelling the brain functions

Áhuge revival with success of ódeep networks/learningô

Áé still far from óintelligentô thoughé L



Outline
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ÁSmall recap of yesterdays ñy(x)ò

ÁWhat are neural networks (simple vanilla feed forward nets)

Á Loss function

Á Backpropagation

ÁDeep Learning ïadvances that made it possible

Á Weight initialisation

Á SDG Ą momentum Ą auto tuned learning rates

Á Regularisation Ą Dropout

ÁOther network types: 

Á Auto encoder

Á Convolutional Neural Networks

ÁExamples of their usage in ( astro -) particle physics



Classification źy(x)
Classification:

Áy(x): RD
ĄR:  ñtest statisticò in D-

dimensional space of input variables

Áy(x)=const: surface defining the decision 

boundary.

y(x): RD
ĄR:
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y(x)
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y(x): function whose ócontour linesô define 

reasonable (good) decision boundaries



y(x) ïthe MVA output
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Assume you have found the y(x) which gives óperfectô decision boundaries 

for any desired ósignal efficiencyô 

pefect == one cannot do any better

Ą y(x) == 
▬▀█●ȿ╢

▬▀█●ȿ║
(or a monotonic function thereof)

If y(x) is óforcedô to be between 0,1 (e.g. using the logistic/sigmoid function  

y(x) Ą sigm(y(x))   like in ólogistic regressionô)   AND

ὒ ώ ÌÏÇώὼ ρ ώ ÌÏÇρ ώὼ binomial loss

Which came from:   y(x) should simply parametrize P(S|x); P(B|x)=1-P(B|x) 

ὒ ÌÏÇὖώ ȿώὼ ÌÏÇὖὛὼ ὖὄὼ

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



Neural Networks
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ñarbitraryò non-linear decision boundaries

Áy(x) built from set of ñbasisò functions hk(x) 

Áh(x) is sufficiently general (i.e. non linear),

Ą Can model any function

Imagine you chose do the following:

there are also mathematical proves for  this statement.

Ready is the Neural Network

Now we ñonlyò need to find the appropriate ñweightsò w 

1
A(x)= :

1+e

the sigm oid function

-x

A non linear (sigmoid) function of

a linear combination of

non linear function(s) of

linear combination(s) of

the input data

hk(x)

ώᴆὼ ίὭὫάέὭὨύὬ ᴆὼ

ώὼ ύ ύ ὼώὼ ύ ὃ ύ ύ ὼώὼ ὃ ύ ύ ὼώὼ ὃ ύ ὃ ύ ύ ὼ



Neural Networks:

Multilayer Perceptron MLP
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But before talking about the weights, letôs try to ñinterpretò the formula as a Neural Network:

ÁNodes in hidden layer represent the ñactivation functionsò whose arguments are linear 

combinations of input variables Ą non-linear response to the input

ÁThe output is a linear combination of the output of the activation functions at the internal nodes

ÁIt is straightforward to extend this to ñseveralò input layers

ÁInput to the layers from preceding nodes only Ą feed forward network (no backward loops)

input layer hidden layer ouput layer

output:
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Neural Networks: 

Multilayer Perceptron MLP
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nodesĄneurons

links(weights) Ąsynapses

Neural network: try to simulate reactions of 

a brain to certain stimulus (input data)

input layer hidden layer ouput layer

output:
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óactivationô of output node:  linear(Ąregression)   sigmoid( Ą classification)



y(x) from Neural Network
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ñNNò with two input variables and óone nodeô 

x1

x2
w02

w01

=y(x 1,x2)

Choose those weights where contourlines == good decision boundaries



Training Ą Minimize Loss Function
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where

i.e. use usual ñsum of squaresò 

true predicted  (the network output)

ὒύ
ρ

ς
ώ ώὼȠύ

ὒύ ώ ÌÏÇώὼȠύ ρ ώ ÌÏÇρ ώὼȠύ

ώ
ρȟ ίὭὫὲὥὰ
πȟ ὦὥὧὯὫὶ

classification: Binomial loss 

regression:  



Back -propagation
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Årecursive formulation of the gradient using óchain ruleô

Ąóadjustô weights wto minimize the ñloss functionò

For any internal node: i.e. node l in layer k
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Back -propagation
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Årecursive formulation of the gradient using óchain ruleô

ĄFor the ólast layerô we get:

╛ ◐ ◐● and linear output neuron:   ὁὀ В◌▪▓◐▓ ◑

⸗╛

⸗◌▪▓

⸗◐●

⸗◌▪▓

⸗╛

⸗◐●
◐▓ ◐ ◐●

Output of k-th node in 

previous layer 

And: for óbinomial loss functionô and ósigmoid ouput neuronô

Ą Same result J
⸗╛

⸗◌▪▓
Ễ ◐▓ ◐ ◐●



(Stochastic) Gradient Descent  SDG
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◌░▒O ◌░▒ Ɫ
⸗╔╛

⸗◌░▒
: gradient decent

and if you donôt want to evaluate the expectation 

value every time for the whole sample:

stochastic gradient decent:  event by event

◌░▒O ◌░▒ Ɫ
⸗╛▄○▄▪◄▓

⸗◌░▒
: 

mostly: something in between Ą mini-batches

ĄAssume óaverageô of mini-batch gradients 

approximates the ógradientô of the E(L) (i.e.full sample)

learning rate

◌

◌

Contour plot of Ὁὒύ or ὒύ● for event Ὧ

Sounds simple and if error- surface looks THAT simpleéé BUT: 



Stochastic Gradient Decent
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ĄAdd ñMomentumò  

- accelerate when gradient direction stays óconstantô 

ὺᴼ‘ὺ –​ὒ Ƞύ ᴼύ ὺ (‘called momentum)

Áy(x) and L( x;w ) are nasty, heavily non -parabolic functions

Ądifficult to minimize

ĄLong time people thought to be trapped in local minima:

ĄBut were more likely walking 

slowly along narrow valleys 



Neural Networks and Local Minima
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large NNs are difficult to ótrainô!

Ą but due trapping in local minima?

You might have seen analogies 

such as this here..é

é recent research suggests:

arXiv:1412.0233, LeCun et.al.

Different in ómany dimensionsô !

Å For large networks: most local minimal are equivalent

Å Probability for finding a bad (high value) local minimum is non zero for small-size 

networks but decreases quickly with network size

Å Global minimum is not useful Ą represents overtraining

Å Bad critical points (much higher than global minimum) are mostly ósaddle pointsô

Itôs very unlikely that all 
▀╛

▀◌
at the same time J



Gradient Descent
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StandfordLectureCS231:Image AlecRadford



Gradient Decent 

Ą escaping the saddle points

Helge Voss SOS  2016, Autrans France,  Multivariate Analysis ïMachine Learning 17

StandfordLectureCS231:Image AlecRadford



Nesterov Accelerated Momentum
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StandfordLectureCS231

Idea: Yurii Nesterov (1983) é

First look where you would óend upô following your 

ómomentumô and correct for gradient you would ósee thereô



RMSProp
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http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf

Áñchange of signò Ą more 

important than ñsizeò of the 

gradient

Ą Rprop (resiliant backpropagation 1993)

Rprop : problems with large fluctuations in minibatches

Ą RMSprop: scaling weight update by órunning RMSô of 

gradients 



Neural Network Training
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NN with ómany hidden layersô   Ą used to be óimpossible to trainô 

Ą due to vanishing gradient problem:  πfor all but the last layer(s)

Á Enormous progress in recent years

Á Layerwise pre-training using óauto-encodersô or órestricted-

Boltzman machinesô

Á ónewô  activation functions whose gradient do not vanish

Á óintelligentô random weight initialisation

Á Stochastic gradient decent with ómomentumô

Ą


