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Neural Nets : B Terminology

A choice of terminology

Logistic regression (binary classification)
intercept term
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A choice of terminology

Logistic regression (binary classification)
intercept term

t 0.75
1 wq

I 11— y1 = f(wi'x)

I

1
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fla=w'z) =

A single artificial neuron
bias term

O  pre-activation : a; = wy'lx

-
Q0000Ce

y1 = f(wq'x), f is the activation function of the neuron
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Neural Nets : Basics [NORTRNIrg

A choice of terminology - 2

From binary classification to K classes (Maxent)

OTIT T — w1 = f(wi'x) , e et
f(ak = Wg :13) = 2521 o = Z(a’;)
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Neural Nets : Basics [NORTRNIrg

A choice of terminology - 2

From binary classification to K classes (Maxent)

(LI TTI—, y1 = f(wi'z)

ek etk

Shoen  Z(@)

flar = wi'®) =

x : input layer

y : output layer

each y; has its parameters wy,

f is the softmax function

v
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Neural Nets : Basics [NORTRNIrg

Two layers fully connected
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Neural Nets : Basics [INSerntsIteray

Two layers fully connected
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Neural Nets : Basics [INSerntsIteray

Two layers fully connected

8| . o
2! |3 S|y =rwa) 7 x )=E
O O
O
w T Y
w

Wk’: = wkt

e f is usually a non-linear function
o f is a component wise function

@ e.g the softmax function :

e tanh, sigmoid, relu, ...
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Neural Nets : Basics

Bias or not bias

Implicit Bias
1
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Neural Nets : Basics [NORTRNIrg

With neural network : add a hidden layer

x : raw input representation y= f(‘/V(Z)h)

O00000

©)
©)
©)
©)
©)
©)

h=f(W"a)
the internal and tailored representation

Intuitions
o Learn an internal representation of the raw input
o Apply a non-linear transformation

e The input representation x is transformed/compressed in a new
representation h

Adding more layers to obtain a more and more abstract representation
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Neural Nets : Basics [NORTRNIrg

How do we learn the parameters ?

For a supervised single layer neural net
Just like a maxent model :

e Calculate the gradient of the objective function and use it to iteratively
update the parameters.

o Conjugate gradient, L-BFGS, ...
e In practice : Stochastic gradient descent (SGD)

With one hidden layer

@ The internal (“hidden”) units make the function non-convex ... just like
other models with hidden variables :

o hidden CRFs (Quattoni et al.2007), ...
o But we can use the same ideas and techniques

o Just without guarantees = backpropagation (Rumelhart et al.1986)
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IS B \STIR PSRN Training by back-propagation

Ex. 1 : A single layer network for classification

5 y=[f(Wa)
) 6= the set of parameters, in this case :
x! O
8 yr = P(c = k|x)
S 0=(W)
w
The log-loss (conditional log-likelihood)
Assume the dataset D = (x(;), c(;))Ly, ¢ty € {1,2,...,C}
N N
L£(0) = Zl(@, X (), C(s)) Z ( Z]I{c = c(;) } log(P(clm ;) ) (1)
i=1 i=1
c
18, @iy, ciy) = — Y 1{k = ¢y } log () (2)
k=1
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IS B \STIR PSRN Training by back-propagation

Ex. 1 : optimization method

Stochastic Gradient Descent (Bottou2010)
For (¢t =1; until convergence; t + +) :
o Pick randomly a sample (x(;), c(;))
e Compute the gradient of the loss function w.r.t the parameters (Vg)

o Update the parameters : 8 = 0 — 1. Vg

Questions
@ convergence : what does it mean ?
e what do you mean by n; 7

e convergence if 3,1 = oo and >, 77 < o0
o M X t_l

o and lot of variants like Adagrad (Duchi et al.2011), Down scheduling, ...

see (LeCun et al.2012)
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IS B \STIR PSRN Training by back-propagation

Ex. 1 : compute the gradient - 1

j
@' T Wk
ix

o f<:#): _____ B )

[
w Y

Inference chain :
zi) — (@=Wzy) — (y = fla)) — U0, zw), ci))

The gradient for wy;

0UB, ), ciy) _ OB, 2@y cy) Dy - Da
Owg; Oy da  Owy;
H{qu)} Yi)T; = 0kT;

Vay, =
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IS B \STIR PSRN Training by back-propagation

Ex. 1 : compute the gradient - 2

o' (T
X
w — (D) B
1% Yy )
Generalization
VW = &Bt

5k = 7(]I{k = C(i)} — yk)

with 8 the gradient at the pre-activation level.
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IS B \STIR PSRN Training by back-propagation

Ex. 1 : Summary

forward e

Sly=rwz)
©)
©)

8
000000

«——— backward ¢

Inference : a forward step
e matrice multiplication with the input «

e Application of the activation function

One training step : forward and backward steps
o Pick randomly a sample (x(;, c(;))
o Compute &
e Update the parameters : 8 = 0 — 1,0zt

V.
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IS B \STIR PSRN Training by back-propagation

Notations for a multi-layer neural network
(feed-forward)

One layer, indexed by [

O]
@) @) o z : input of the layer
8 8 oy = fOW® g0)
8 8 o stacking layers : y(® = 2(+1)
!
w® N0 o (1) = a data example
21 2(2) 3 2L
O O O O O
@) O O O @)
3 3 S| 3 9
o a 1© @ 1© o ) ©
w (1) w (2) (L-1) w (L)
Y Y Y Y : output

Alexandre Allauzen (LIMSI-CNRS) NNet basics 9 mai 2017 17 / 49



IS B \STIR PSRN Training by back-propagation

Ex. 2 : with one hidden layer

() e
O O O
sl — 13| — |3
@) @) O
°F wo @ we 1O
y® y@ : output

To learn, we need the gradients for :
o the output layer : V2
e the hidden layer : V)

0=wd w®)
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IS B \STIR PSRN Training by back-propagation

Back-propagation of the loss gradient

For the output layer

As in the Ex. 1 :

. 5
forward x'*

|

2)

Sy — fWPz®
O = o y® = f( )
©)

———— backward §?

O0O0000O

Vwe = 6(2)w(2)t, with
2
(5](c ) = —(H{k = C(i)} — yk)
y—y®
W - w®

z =@ =4O
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Neural Nets : Basics

Training by back-propagation

Back-propagation of the loss gradient

For the hidden layer - 1

The goal : compute s

Inference (/forward) chain from a(") to the output :

y = fW@@h) - (0(2) = W<2)y(1)> — (y@) = f@)(a@))) = 10, 2(i), c(i))

v

Backward / Back-propagation :

S _y A0z _dO.w.cp) P a0y
i T Vel = ©) EE) X 9a@ X 50 X M
J 8@] Y a 8yj aaj
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IS B \STIR PSRN Training by back-propagation

Back-propagation of the loss gradient

For the hidden layer - 2

00000000
i
?ﬁgjo
0000
T
ee00

Backward / Back-propagation :

18, 20, c(s O, z;, (s (2) @ gy
%Dzvm=a(w@ﬂm: (w%quaame1x %
a; aa§ ) ay( ) oa ay]( ) aa; )

t
= 1'D(a,) (W:(?j) 5<2>>

v
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IS B \STIR PSRN Training by back-propagation

Back-propagation of the loss gradient

For the hidden layer - 3

J ‘
the back-propagated signal V) « []:.T:Dj Wﬁ)
f(ﬂ %I )
w(2) 52

Vy(l) = W(2)t(5(2), then
s =V, 0 = f(l)'(a(l)) ° (W(2)t5(2))
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IS B \STIR PSRN Training by back-propagation

Back-propagation of the loss gradient

For the hidden layer - 4

yM s 42 52

o
o) 0@

8 o+ o
o) oe = O e~
o) O® O @
o) oe

o

As for the output layer, the gradient is :

VW(l) = (5(1):B(1)t, with
s =v o

80 = WD (q) o (W@ )

The term (W(Q)té(z)) comes from the upper layer.
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IS B \STIR PSRN Training by back-propagation

Back-propagation : generalization

For a hidden layer [ :

@ The gradient at the pre-activation level :

50 — f’(l)(a(l)) o (W(z+1)t5(z+1))

@ The update is as follows :

wO —wO _ 500"

The layer should keep :

o WW
o f:
o (D
e a®
o 6 :

: the parameters

its activation function

: its input

: its pre-activation associated to the input

for the update and the back-propagation to the layer [ — 1
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IS B \STIR PSRN Training by back-propagation

Back-propagation : one training step
Pick a training example : (1) = T (i)

Forward pass

Forl=1to (L—1)
o Compute y® = fFOW VD)
o (1) = 4O

yL) = fL) (W) (L)

Backward pass

Init : 6 = Vo
For { =L to 2 // all hidden units

o 6071 = p=D) g1y, (W(N,;(l))
o W — W _ps0g0?
wO — w500
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IS B \STIR PSRN Training by back-propagation

Initialization recipes

A difficult question with several empirical answers.

One standard trick
1

Nin

W~ N (0,

)

with n;, is the number of inputs

A more recent one

W~U|l—-

V6 V6 ]
\/nin + Nout ’ \/nzn + Nout
with n;, is the number of inputs
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© Tools
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Some useful libraries

Theano
Written in python by the LISA (Y. Bengio and I. Goodfellow)

TensorFlow
The Google library with python API

Keras

A high-level API, in Python, running on top of either TensorFlow or Theano.

Torch
The Facebook library with Lua python API

e CPU/GPU

o Automatic differentiation based on computational graph
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Computation graph

A convenient way to represent a complex mathematical expressions :
@ each node is an operation or a variable

@ an operation has some inputs / outputs made of variables

Example 1 : A single layer network

2D % £ y(V

o Setting () and W)
e Forward pass — y!)

w® y = fO WD)
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@ A variable node encodes the label
e To compute the output for a given input

— forward pass

e To compute the gradient of the loss wrt the parameters (W(l))

— backward pass
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A function node

Forward pass

This node implements :
z = f(ma y)
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A function node - 2

Backward pass
A function node knows :

o the ”local gradients” computation

o o 0z 0z

om 9z ox’ Oy
M @ how to return the gradient to the inputs :
dy

ol 0z, ,0l 0z
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Summary of a function node

f:

T,Y,z # store the values
z= f(xz,y) # forward
e 8f # local gradients
83: ox
0z 8 of
8 8y
ol 0z, ,0l 0z

(a—wa—w),(%@) # backward
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D E f(l) @ l(a:(l),c(i),H)
w® C(i

Forward
For each function node in topological order

e forward propagation
Which means :

e a(l) — W(l)w(l)

Q y = fM(aM)

Q l(y(l)v C(l))
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Example of a single layer network

2D % F 7] l(x(l),c(i),a)
w® C(i)

Forward
For each function node in reversed topological order
e backward propagation
Which means :
Q Vo
Q@ V.,
Q Vw(n
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| |

w® w®

o
o~
~.
N2

@ The algorithms remain the same,
@ even for more complex architectures

e Generalization by coding the function node
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Example in Theano - 1

import theano

import theano.tensor as T

# Define the input

x = T.fvector(’x’)

# The parameters of the hidden layer

H = 100 # hidden layer size
n_in=im.shape[0] # dimension of inputs
n_out=H

Wi = uniform(shape=[n_out,n_in], name="Wi")
bi=sharedOs([n_out] ,name="bi")

# parameters for the output layer

n_in=H

n_out=NLABELS

Wo = uniform(shape=[n_out,n_in], name="Wo")
bo=sharedOs ([n_out] ,name="bo")
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Example in Theano - 2

# define the hidden layer
h = T.nnet.relu(T.dot(Wi,x)+bi)
# output layer and related variables:
p_y_given_x = T.nnet.softmax(T.dot(Wo,h)+bo)
y_pred = T.argmax(p_y_given_x)
# Compute the cost function
ygold = T.iscalar(’gold_target’)
cost = -T.log(p_y_given_x[0] [ygold])
# 1/ Store all the learnt parameters:
params = [Wi, bi, Wo, bo]
# 2/ Get the gradients of everyone
gradients = T.grad(cost,params)
# 3/ Collect the updates
upds = [(p, p - (learning_rate * g))
for p, g in zip(params, gradients)]
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Example in Tensorflow - 1

import tensorflow as tf

# x tsn’t a spectific value. It’s a placeholder,
a value that we’ll input to run a computation.
x = tf.placeholder(tf.float32, [None, 784])

H*

# Define the parameters as variables
W = tf.Variable(tf.zeros([784, 101))
b = tf.Variable(tf.zeros([10]))

# the prediction variable
y = tf.nn.softmax(tf.matmul(x, W) + b)

# the gold standard (a placeholder)
y_ = tf.placeholder(tf.float32, [None, 10])
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Example in Tensorflow - 2

# the loss function
cross_entropy = tf.reduce_mean(-tf.reduce_sum(y_ * tf.log(y), reduc

# SGD
train_step = tf.train.GradientDescentOptimizer(0.5) .minimize(cross_¢

# Intt. of all the wvariables
# Thts defines the operations but does not run it yet.
init = tf.initialize_all_variables()

# open a session
sess = tf.Session()
sess.run(init)

# Training

for i in range(1000):
batch_xs, batch_ys = mnist.train.next_batch(100)
sess.run(train_step, feed_dict={x: batch_xs, y_: batch_ys})
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© Drop-out
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Regularization [? or gaussian prior or weight decay

The basic way :
N

A
L£(0) = Zl(0a$(i)vc(i))+§|‘0”2

i=1

e The second term is the regularization term.

Each parameter has a gaussian prior : N(0,1/)).

A is a hyperparameter.

@ The update has the form :

0 =(14+m)\)0 —nVe
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Drop-out

Dropout

A new regularization scheme (Srivastava and Salakhutdinov2014)

o For each training example :
randomly turn-off the neurons of
hidden units (with p = 0.5)

@ At test time, use each neuron
scaled down by p

a) Standard Neural Net (b) After applying dropout.

@ Dropout serves to separate effects from strongly correlated features and
e prevents co-adaptation between units

o It can be seen as averaging different models that share parameters.

o It acts as a powerful regularization scheme.
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Dropout - implementation

The layer should keep :
o WU : the parameters
o fU . its activation function
o () : its input
o a¥) : its pre-activation associated to the input
o 6W : for the update and the back-propagation to the layer [ — 1

e mY : the dropout mask, to be applied on =®

Forward pass
Forl=1to (L—1)
o Compute y® = fFOW O 0)
o (D) = ¢y = 4y o M
y) = f(L)(W(L)m(L))
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@ Vanishing gradient
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Vanishing gradient

Experimental observations (MNIST task) - 1

The MNIST database
$29¢¥H6Y 97

bg2g9s | s591I3=
)59 170282l s07Y97532
\ /836 /0721001147304 065
264728993071 0203546s

Comparison of different depth for feed-forward architecture

e o) 23 2D

(@) @] (@) @]

@) @] @) @]

= - . 8
o e YD

e

w (L)

e Hidden layers have a sigmoid activation function.

e The output layer is a softmax.

O000 O

y L) . output
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Vanishing gradient

Experimental observations (MNIST task) - 2

Varying the depth
e Without hidden layer : ~ 88% accuracy
e 1 hidden layer (30) : ~ 96.5% accuracy
o 2 hidden layer (30) : ~ 96.9% accuracy
@ 3 hidden layer (30) : ~ 96.5% accuracy
e 4 hidden layer (30) :

~ 96.5% accuracy
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Vanishing gradient

Experimental observations (MNIST task) - 2

Varying the depth
e Without hidden layer : ~ 88% accuracy
e 1 hidden layer (30) : ~ 96.5% accuracy
o 2 hidden layer (30) : ~ 96.9% accuracy
@ 3 hidden layer (30) : ~ 96.5% accuracy
e 4 hidden layer (30) :

~ 96.5% accuracy

Speed of learning: 4 hidden layers

—— Hidden layer 1

Hidden layer 2
10% Hidden layer 3
Hidden layer 4

(From http://neuralnetworksanddeeplearning.
com/chap5.html)

400 500
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Vanishing gradient

Intuitive explanation

Let consider the simplest deep neural network, with just a single neuron in

each layer.
un m o f\ wy m Uy O
b b b b C
O :

w;, b; are resp. the weight and bias of neuron ¢ and C' some cost function.

Compute the gradient of C' w.r.t the bias by

9C _9C  Oys Oay Oy Oag Oy» Day Oy Doy
Bbl B 8y4 8(14 8y3 3&3 8y2 8a2 8y1 8(11 8b1
oC

=5, o'(ag) X wy x o' (az) X ws x o'(az) x we X o'(ay)
Y4

Alexandre Allauzen (LIMSI-CNRS) NNet basics 9 mai 2017

47 / 49



Vanishing gradient

Intuitive explanation - 2

The derivative of the activation function : o’

1

o'(z) = o(z)(1 - o(x))

But weights are initialize around 0.

-10 -5 0 5 10

The different layers in our deep network are learning at vastly
different speeds :

e when later layers in the network are learning well,

e ecarly layers often get stuck during training, learning almost nothing at all.

ndre Allauzen (LIMSI-CNRS) NNet basics 9 mai 2017 48 / 49



Vanishing gradient

Solutions

Change the activation function (Rectified Linear Unit or ReLU)

10

7.5

@ Avoid the vanishing gradient
@ Some units can ”die”
See (Glorot et al.2011) for more details

Do pre-training when it is possible
See (Hinton et al.2006; Bengio et al.2007) :

when you cannot really escape from the initial (random) point, find a good
starting point.

More details
See (Hochreiter et al.2001; Glorot and Bengio2010; LeCun et al.2012)

4
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