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A Layer: the cornerstone of Deep Learning
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Activation functions: a review

Activation functions
o Linear

o(r) =x
o Rectified linear
() = max(0, )

o Sigmoid
| 1
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The engine: Stochastic Gradient Descent

Stochastic Gradient Descent

Given a loss function I(y, f(x)), a training set
A= {(X’ y)}
1. Draw a random sample (x;. ¥;)

- Oy f(xi))
2. Compute gradient §; = =5

3. Apply gradient w < w — né;
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Multiple Layer Networks

Multiple layer networks
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Multiple Layer Networks

Multiple layer networks
Set layer ¢ as the function:
fi(x) = [o(wyx + 6;;)];

with
o w;;, 0;; the weights and bias of neuron ;
o o the activation function

Create a network by composing L layers:

F(x) = fro---o fi(x)
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Training a Network

Training procedure
ERM principle

%Ilil}l Eix,y) Uy, F(x))]

Stochastic gradient descent

Ol(y, F(x))
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Vi, w; <— w; — nlk,

Monte-Carlo estimation with mini-batch strategy
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Training a Network: Back-Propagation

Backpropagation

o Denote x, = fr oo fi(x) the k-th intermediate
output

o Denote gp(xi) = fr, 0 - fry1(xs) the output
computed from x;

o Remark V&, F(x) = gr(o(w, X 1+ 0))
Chain rule (Leibnitz notation)

dy  Oyoz
dr  Odz0x
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Training a Network: Back-Propagation

Backpropagation
Single neuron chain
Lo F(iE)

U Wa - Wy,

Ol(y, F(x)) _ Ol(y, F(x)) OF (x)

811..’;; N '()F(x) d'wk
, Jo(wrxr_1 + 0r)
= I'(y. F _
(y, £(x)) Doy
(')?ULXL_] -} 9[,

= U'(y, F(x))o'(x1) o
OX1_1

="y, F (1 )wy —
(y, F(x))a (x1,)wy, S,
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Training a Network: Back-Propagation
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Backpropagation
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Training a Network: Back-Propagation
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Backpropagation
OX o 14 _—
et Z o (Sisri1) W1
Ox1.
a—Wic h J,(Xk')xk—l
Recursion

Or; = U'(y, F(x))o'(x1)
O = Wi1(0"(Xp11) © Ip41)
Ol(y, F'(x))
oW}

'_-6kC)X%
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Training a Network: Algorithm
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Algorithm

Forward pass

o Compute and store V&, x;,
Backward pass

o Compute I'(y, gri1(Xpks1))

o Yk, compute o,

o Update wy using I'(y, gx+1(xk+1)). 0x @nd xi
In practice, machine learning libraries (tensorflow,

pytorch, ...) have auto-grad features (F'(x) is built from
operators with known derivative)
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CNN, breaking news!

Convolutional neural networks
Discrete convolution
Z X(t + u)w(u)

Extension to vector valued signals

h(x)(t) = > _(x(t +u), w(u))

U

Convolutional neuron

f(x)=|o (Z(x(t +u), w(u)) + 9)

u
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CNN, breaking news!

Convolutional neural networks

QOQCQOD
Voo oW
o Local connectivity

o Shared weight mechanism (much less weights)
o Location invariance

Inner product on a sliding window
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CNN, breaking news!

15

Convolutional neural networks
2D case (images)
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o Each neuron is a pattern detector

o The pattern is a combination of previous layer
patterns
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End of the network?
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Pooling

o Small translation invariance (k steps)

m(x)(L) = max(x(t +u)), [u| <k

o Global pooling
1
h(x) = x| Zx(t)
t

Max (detection score) or Sum (counting score)
pooling depending on signal properties
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Steering networks...
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Batch Normalization
Covariate shift:

o wj update depends on the distribution x;

o Backpropagation changes x; distribution
Fix each neuron’s distribution by standardization

hix) =y 19

0
1 and o are moving average, -, # are trainable

u%(]—nwr sz

. il 2
— (L—n)o+ N,\/Z(Xz — 1)
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Specific choice of output for classification
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Classification
Output a probability for each class
o Independent classes: binary crossentropy

1 . . .
o(r) = — sigmoid output layer activation

I(y, F(x)) = (y — 1) log(1 — F(x)) — ylog F(x)

o EXclusive classes: categorical crossentropy
Ly

.
o(xi) = -

2. C"

(y, (%)) = =Y y:log I'(x)[i

softmax activation
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SGD, the star of Deep Learning
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Stochastic gradient descent
Objective function

F(w) = Z fi(w)

0<i<n
Gradient descent
W = w* — nVF(w")
Stochastic gradient descent
whtl = wh — VW fi(w®), i ~U0,n)
Mini-batch stochastic gradient descent

Wi = —p Z Vi (w"), Vj,i; ~U0,n)
J



SGD, the star of Deep Learning
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Stochastic gradient descent

Gradient Descent .~ —

Decrease learning rate to ensure convergence
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SGD, momentum
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Momentum

2 ="+ (1 - )V fiw), i~UO,n)

S N nzk+1

o Cancel noise by averaging gradients
o Keeps the speed (avoid decreasing learning rates)

o v = 0.9 typical values (v = 0.99 for very small
batch size)
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SGD, back to rehab!
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SGD, Nesterov acceleration

Nesterov Momentum

Look ahead gradient

M =42 4 (1 - )V fi(w® —nz")

k41 k k
(9 =W —nz
Momentum update Nesterov momentum update
“lookahead” gradient
step (bit different than
momentum momentum original)
step step

actual step
actual step

[=5

gradient
step
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Learning rate a.k.a. size of the gradient steps
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