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Deep neural network basics



The classification problem (recap)

Given data:

e Samples 1, ...,N

* Independent variables x4, ..., xy € R”

* Dependent variables y4, ..., yy € {0, ..., K}

— Often converted into K dummy variables

Goal: find the relation y = f(x)

Goal: make a model that determines the class of a
new sample



Basic element: neuron or perceptron

Notation: x € RFis feature vector of single sample

y={1 ifw'x+b =0
0 ifwix+b<0




Neural network (NN)

Input Hidden Output
layer layer layer

. |1 ifwi' x +b; > 0
"o ifw!x+b; <0

t ifwS h+ bg >0
0 ifwS h+bs <0




The activation function: step

. {1 ifwlx+b=>0
0 ifwlx+b<0

step function
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The activation function: sigmoid

A 1 . T
y—1+e_WTx_b—a(w x+ b)

sigmoid function
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Optimizing a (deep) neural
network



Notation

Layer O Layer 1 Layer 2

* Wik weight from node j in layer [ — 1 to node k in layer [
. b} bias in node j of layer [
. a; =o(wlat"1 +b'),1=2,3

0

* a4 =X



Optimizing the weights and biases

e Cost function, e.g.

C(y,y) = N E Vi—¥:)
=1



Optimizing the weights and biases

e Cost function, e.g.

N
1
COXw,b) = ) (i=9i(w,b,x))?
=1

* Minimize the cost function using gradient descent:
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Neural networks (NNs)

hidden layer
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Deep neural networks (DNNs)

hidden layer 1  hidden laver 2 hidden layver 3

input layer
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Layer L — 3 Layer L — 2 Layer L — 1 Layer L

Define:
« al=owla1 +bhH activation of layer [
e zl=wlgl"1 4+ p! weighted input to layer [
. I _ ac : .
0j = 2] error in node j of layer [
We can now compute: ac aC 0Zjl
¢ 8L =TuC o' (2h) 251~ 371 9!
l +1)! gl+1 l > ! ’ ’
() o
(W™ O () oc  ac 0z

L~ 3,1
dw;,  0z; 0wy



Backpropagation

Set the input a® = x;. Then:

1.
2.
3.

Feedforward: compute z! = wta'~! + b!, a! = o(2h)

Output error: compute § = V,C © ¢'(z%)
Backpropagate the error:

_ ((Wz+1)T5z+1) O o'(z})

aC

onts: 26 — sl ang 25 —
Compute the gradients: = 0; and Tl

j Wik

Layer L — 3 Layer L — 2 Layer L — 1
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Challenge: Unstable gradients



A simple example

b! b? b® b*

OO0~
(@)— ¢

aC

ﬁz O-,(Z4)Va4c

ac

ab3 a'(z°) -w* - 0" (z2*)V,eC

aC

ap? o' (z?)-w? -a'(z°)-w* - 0" (2*)V,aC

aC
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Vanishing gradients
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Vanishing gradients

10° Speed of learning: 3 hidden layers
| | — Hidden layer 1
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Vanishing gradients

10° Speed of learning: 4 hidden layers
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Exploding gradients

J(uw,b)

P
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Solutions

e Other activation functions

* Batch normalization

* Gradient clipping (for exploding gradients)
e Other?



Challenge: large number of samples






Stochastic gradient descent

Initialize U = @

Select random subset S c {1, ..., N\U, |S| = s }

aC; aC;
Compute ) ;ce—5 and X;eo—

Update weights and biases

Stopping criterion met?

No




Challenge: valleys

Or: the Hessian is ill-conditioned
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Solution: momentum

e Gradient descent:
we<w—nl,C

* Momentum:
vea-v—nl,C

W WwW-+7v






Solution: AdaGrad

e Gradient descent:
we<w—nl,C

 AdaGrad:
rer+V,C'V,C

Wew— 7 Vi, C

o+r




Solution: RMSProp

e Gradient descent:
we<w—nl,C

* RMSProp:
re—ar+1-a)V,C'V,C

W W — 7 V,, C

o+r




Challenge: architecture design



Convolution layers

input neurons
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Convolution layers:
Local receptive fields

input neurons
O . first hidden laver
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Convolution layers:
Local receptive fields

input neurons
e first hidden laver
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Learning features
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Some more challenges...

i hidden layer 1 hidden layer 2 hidden layer 3
input laver
Yy

output layer
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Local minima and

h—

saddle points Network design is a manual process
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ox;  Oxixy N kb
H x = E -.. E e . E ., o ' ’-> -,‘% : . __,:
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0 XnX1 d Xn Underfitted Good Fit/Robust Overfitted

Second order methods

Risk of overfitting
do not scale well



To conclude
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