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Topics: online videos 
‣ covers many other topics:  

convolutional networks, neural  
language model, restricted  
Boltzmann machines,  
autoencoders, sparse coding, etc.

http://info.usherbrooke.ca/hlarochelle/neural_networks
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Topics: multilayer neural network
• Could have L hidden layers:
‣ layer input pre-activation for k>0

‣ hidden layer activation (k from 1 to L):

‣ output layer activation (k=L+1):
...
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Topics: empirical risk minimization, regularization
• Empirical risk minimization
‣ framework to design learning algorithms

‣                               is a loss function

‣            is a regularizer (penalizes certain values of     )

• Learning is cast as optimization
‣ ideally, we’d optimize classification error, but it’s not smooth

‣ loss function is a surrogate for what we truly should optimize (e.g. upper bound)
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Topics: stochastic gradient descent (SGD)
• Algorithm that performs updates after each example
‣ initialize           (                                                                    )

‣ for N iterations
- for each training example

✓  

✓  

• To apply this algorithm to neural network training, we need
‣ the loss function

‣ a procedure to compute the parameter gradients

‣ the regularizer             (and the gradient                 )
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Machine learning

• Supervised learning example: (x, y)

• Training set: Dtrain = {(xt, yt}

•

2

training epoch 
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iteration over all examples

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.

• f(x)

• l(f(x(t)
;✓), y(t))

• r✓l(f(x(t)
;✓), y(t))

• ⌦(✓)

• r✓⌦(✓)

• f(x)c = p(y = c|x)

• x

(t) y(t)

• l(f(x), y) = �
P

c 1(y=c) log f(x)c = � log f(x)y =

•

@

f(x)c
� log f(x)y =

�1(y=c)

f(x)y

r
f(x) � log f(x)y =

�1

f(x)y
[1(y=0), . . . , 1(y=C�1)]

>

=

�e(c)

f(x)y

1

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.

• f(x)

• l(f(x(t)
;✓), y(t))

• r✓l(f(x(t)
;✓), y(t))

• ⌦(✓)

• r✓⌦(✓)

• f(x)c = p(y = c|x)

• x

(t) y(t)

• l(f(x), y) = �
P

c 1(y=c) log f(x)c = � log f(x)y =

•

@

f(x)c
� log f(x)y =

�1(y=c)

f(x)y

r
f(x) � log f(x)y =

�1

f(x)y
[1(y=0), . . . , 1(y=C�1)]

>

=

�e(c)

f(x)y

1

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.

• f(x)

• l(f(x(t)
;✓), y(t))

• r✓l(f(x(t)
;✓), y(t))

• ⌦(✓)

• r✓⌦(✓)

• f(x)c = p(y = c|x)

• x

(t) y(t)

• l(f(x), y) = �
P

c 1(y=c) log f(x)c = � log f(x)y =

•

@

f(x)c
� log f(x)y =

�1(y=c)

f(x)y

r
f(x) � log f(x)y =

�1

f(x)y
[1(y=0), . . . , 1(y=C�1)]

>

=

�e(c)

f(x)y

1

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.

• f(x)

• l(f(x(t)
;✓), y(t))

• r✓l(f(x(t)
;✓), y(t))

• ⌦(✓)

• r✓⌦(✓)

• f(x)c = p(y = c|x)

• x

(t) y(t)

• l(f(x), y) = �
P

c 1(y=c) log f(x)c = � log f(x)y =

•

@

f(x)c
� log f(x)y =

�1(y=c)

f(x)y

r
f(x) � log f(x)y =

�1

f(x)y
[1(y=0), . . . , 1(y=C�1)]

>

=

�e(c)

f(x)y

1

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.

• f(x)

• ✓ ⌘ {W(1),b(1), . . . ,W(L+1),b(L+1)}

• l(f(x(t)
;✓), y(t))

• r✓l(f(x(t)
;✓), y(t))

• ⌦(✓)

• r✓⌦(✓)

• f(x)c = p(y = c|x)

• x

(t) y(t)

• l(f(x), y) = �
P

c 1(y=c) log f(x)c = � log f(x)y =

•

@

f(x)c
� log f(x)y =

�1(y=c)

f(x)y

r
f(x) � log f(x)y =

�1

f(x)y
[1(y=0), . . . , 1(y=C�1)]

>

=

�e(c)

f(x)y

1



LOSS FUNCTION
6

Topics: loss function for classification
• Neural network estimates
‣ we could maximize the probabilities of         given         in the training set

• To frame as minimization, we minimize the  
negative log-likelihood

‣ we take the log to simplify for numerical stability and math simplicity

‣ sometimes referred to as cross-entropy 

natural log (ln)
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BACKPROPAGATION
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Topics: backpropagation algorithm
• This assumes a forward propagation has been made before
‣ compute output gradient (before activation) 

‣ for k from L+1 to 1

- compute gradients of hidden layer parameter 

- compute gradient of hidden layer below

- compute gradient of hidden layer below (before activation)
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Topics: flow graph
• Forward propagation can be 

represented as an acyclic  
flow graph

• It’s a nice way of implementing 
forward propagation in a modular 
way
‣ each box could be an object with an fprop method, 

that computes the value of the box given its 
children

‣ calling the fprop method of each box in the  
right order yield forward propagation

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.
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Topics: automatic differentiation
• Each object also has a bprop method
‣ it computes the gradient of the loss with  

respect to each children

‣ fprop depends on the fprop of a box’s children, 
while bprop depends the bprop of a box’s parents

• By calling bprop in the reverse order, 
we get backpropagation
‣ only need to reach the parameters

Feedforward neural network

Hugo Larochelle
D

´

epartement d’informatique

Universit
´
e de Sherbrooke

hugo.larochelle@usherbrooke.ca

September 13, 2012

Abstract

Math for my slides “Feedforward neural network”.
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REGULARIZATION
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Topics: L2 regularization

• Gradient:

• Only applied on weights, not on biases (weight decay)
• Can be interpreted as having a Gaussian prior over the 

weights
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REGULARIZATION
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Topics: L1 regularization

• Gradient:
‣ where 

• Also only applied on weights
• Unlike L2, L1 will push certain weights to be exactly 0
• Can be interpreted as having a Laplacian prior over the 

weights
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INITIALIZATION
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Topics: initialization
• For biases
‣ initialize all to 0

• For weights
‣ Can’t initialize weights to 0 with tanh activation

- we can show that all gradients would then be 0 (saddle point)

‣ Can’t initialize all weights to the same value
- we can show that all hidden units in a layer will always behave the same

- need to break symmetry

‣ Recipe: sample          from                   where
- the idea is to sample around 0 but break symmetry  

- other values of b could work well (not an exact science)
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( see Glorot & Bengio, 2010)
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Training neural networks - model selection



MACHINE LEARNING
14

Topics: training, validation and test sets, generalization
• Training set            serves to train a model
• Validation set           serves to select hyper-parameters
‣ hidden layer size(s), learning rate, number of iterations/epochs, etc.

• Test set           serves to estimate the generalization 
performance (error)

• Generalization is the behavior of the model on unseen 
examples
‣ this is what we care about in machine learning!
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Machine learning

• Supervised learning example: (x, y) x y

• Training set: Dtrain
= {(x(t), y(t))}
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MODEL SELECTION
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Topics: grid search, random search
• To search for the best configuration of the hyper-parameters:
‣ you can perform a grid search

- specify a set of values you want to test for each hyper-parameter

- try all possible configurations of these values

‣ you can perform a random search (Bergstra and Bengio, 2012)
- specify a distribution over the values of each hyper-parameters (e.g. uniform in some range)

- sample independently each hyper-parameter to get a configuration, and repeat as many 
times as wanted

• Use a validation set performance to select the best 
configuration

• You can go back and refine the grid/distributions if needed



MODEL SELECTION
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Topics: bayesian optimization, sequential model-based optimization
• Use machine learning to predict performance on validation set
‣ model must provide a predictive mean and variance 
‣ alternate between suggesting hyper-parameters and train/predict valid performance



KNOWING WHEN TO STOP
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Topics: early stopping
• To select the number of epochs, stop training when validation 

set error increases (with some look ahead)
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Training Validation

underfitting overfitting
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Training neural networks - other tricks of the trade



OTHER TRICKS OF THE TRADE
19

Topics: normalization of data, decaying learning rate
• Normalizing your (real-valued) data
‣ for dimension xi subtract its training set mean

‣ divide by dimension xi by its training set standard deviation

‣ this can speed up training (in number of epochs)

• Decaying the learning rate
‣ as we get closer to the optimum, makes sense to take smaller update steps

(i) start with large learning rate (e.g. 0.1)

(ii) maintain until validation error stops improving

(iii) divide learning rate by 2 and go back to (ii)



OTHER TRICKS OF THE TRADE
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Topics: mini-batch, momentum
• Can update based on a mini-batch of example (instead of 1 example): 
‣ the gradient is the average regularized loss for that mini-batch

‣ can give a more accurate estimate of the risk gradient

‣ can leverage matrix/matrix operations, which are more efficient

• Can use an exponential average of previous gradients:

‣ can get through plateaus more quickly, by ‘‘gaining momentum’’
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GRADIENT CHECKING
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Topics: finite difference approximation
• To debug your implementation of fprop/bprop, you can 

compare with a finite-difference approximation of the gradient

‣           would be the loss

‣      would be a parameter

‣                would be the loss if you add    to the parameter

‣                would be the loss if you subtract    to the parameter
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Topics: multilayer neural network
• Could have L hidden layers:
‣ layer input activation for k>0

‣ hidden layer activation (k from 1 to L):

‣ output layer activation (k=L+1):
...
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Math for my slides “Feedforward neural network”.
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Topics: why training is hard
• First hypothesis: optimization is harder 

(underfitting)
‣ vanishing gradient problem

‣ saturated units block gradient  
propagation

• This is a well known problem in  
recurrent neural networks

...
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Topics: why training is hard
• Second hypothesis: overfitting

‣ we are exploring a space of complex functions
‣ deep nets usually have lots of parameters

• Might be in a high variance / low bias situation

low variance/ 
high bias

good trade-off high variance/ 
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Topics: why training is hard
• Depending on the problem, one or the other situation will 

tend to dominate

• If first hypothesis (underfitting): better optimize
‣ use better optimization methods

‣ use GPUs

• If second hypothesis (overfitting): use better regularization
‣ unsupervised learning

‣ stochastic «dropout» training



Neural networks
Deep learning - unsupervised pre-training
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Topics: unsupervised pre-training
• Solution: initialize hidden layers using unsupervised learning
‣ force network to represent latent structure of input distribution

‣ encourage hidden layers to encode that structure

character image random image

Why is one
a character

and the other
is not ?
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Topics: unsupervised pre-training
• Solution: initialize hidden layers using unsupervised learning
‣ this is a harder task than supervised learning (classification)

‣ hence we expect less overfitting

character image random image

Why is one
a character

and the other
is not ?
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Topics: autoencoder, encoder, decoder, tied weights
• Feed-forward neural network trained to reproduce its input at 

the output layer � Decoder

�
Encoder

bj

ck

x

�x

W

W�
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Math for my slides “Autoencoders”.
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Topics: unsupervised pre-training
• We will use a greedy, layer-wise procedure
‣ train one layer at a time, from first to last, with unsupervised criterion

‣ fix the parameters of previous hidden layers

‣ previous layers viewed as feature extraction

...
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Math for my slides “Feedforward neural network”.
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Topics: unsupervised pre-training
• We call this procedure unsupervised pre-training
‣ first layer: find hidden unit features that are more common in training 

inputs than in random inputs
‣ second layer: find combinations of hidden unit features that are more 

common than random hidden unit features
‣ third layer: find combinations of combinations of ...
‣ etc.

• Pre-training initializes the parameters in a region such that the near 
local optima overfit less the data
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Topics: fine-tuning
• Once all layers are pre-trained
‣ add output layer

‣ train the whole network using supervised learning

• Supervised learning is performed as in  
a regular feed-forward network
‣ forward propagation, backpropagation and update

• We call this last phase fine-tuning
‣ all parameters are ‘‘tuned’’ for the supervised task 

at hand

‣ representation is adjusted to be more discriminative

......

...
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Topics: pseudocode
• for l=1 to L
‣ build unsupervised training set (with                     ):  
 
 
 

‣ train ‘‘greedy module’’ (RBM, autoencoder) on 

‣ use hidden layer weights and biases of greedy module  
 to initialize the deep network parameters        ,

• Initialize          ,           randomly (as usual)
• Train the whole neural network using (supervised)  

stochastic gradient descent (with backprop)

•
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Topics: impact of initialization
ERHAN, BENGIO, COURVILLE, MANZAGOL, VINCENT AND BENGIO

Figure 9: Effect of layer size on the changes brought by unsupervised pre-training, for networks
with 1, 2 or 3 hidden layers. Experiments on MNIST. Error bars have a height of two
standard deviations (over initialization seed). Pre-training hurts for smaller layer sizes
and shallower networks, but it helps for all depths for larger networks.

the small size of the hidden layers. As the model size decreases from 800 hidden units, the general-
ization error increases, and it increases more with unsupervised pre-training presumably because of
the extra regularization effect: small networks have a limited capacity already so further restricting
it (or introducing an additional bias) can harm generalization. Such a result seems incompatible
with a pure optimization effect. We also obtain the result that DBNs and SDAEs seem to have
qualitatively similar effects as pre-training strategies.

The effect can be explained in terms of the role of unsupervised pre-training as promoting input
transformations (in the hidden layers) that are useful at capturing the main variations in the input
distribution P(X). It may be that only a small subset of these variations are relevant for predicting
the class label Y . When the hidden layers are small it is less likely that the transformations for
predicting Y are included in the lot learned by unsupervised pre-training.

7.4 Experiment 4: Challenging the Optimization Hypothesis

Experiments 1–3 results are consistent with the regularization hypothesis and Experiments 2–3
would appear to directly support the regularization hypothesis over the alternative—that unsuper-
vised pre-training aids in optimizing the deep model objective function.

In the literature there is some support for the optimization hypothesis. Bengio et al. (2007)
constrained the top layer of a deep network to have 20 units and measured the training error of
networks with and without pre-training. The idea was to prevent the networks from overfitting the
training error simply with the top hidden layer, thus to make it clearer whether some optimization

646

Acts as a regularizer :
- overfits less with large capacity
- underfits with small capacity

Why Does Unsupervised Pre-training Help Deep Learning? 
Erhan, Bengio, Courville, Manzagol, Vincent and Bengio, 2011
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Topics: why training is hard
• Depending on the problem, one or the other situation will 

tend to dominate

• If first hypothesis (underfitting): better optimize
‣ use better optimization methods

‣ use GPUs

• If second hypothesis (overfitting): use better regularization
‣ unsupervised learning

‣ stochastic «dropout» training
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Topics: dropout
• Idea: «cripple» neural network by 

removing hidden units stochastically
‣ each hidden unit is set to 0 with  

probability 0.5

‣ hidden units cannot co-adapt to other 
units

‣ hidden units must be more generally  
useful

• Could use a different dropout 
probability, but 0.5 usually 
works well

...
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Topics: dropout
• Use random binary masks m(k) 
‣ layer pre-activation for k>0 

 

‣ hidden layer activation (k from 1 to L):

‣ output layer activation (k=L+1):

...
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Topics: dropout backpropagation
• This assumes a forward propagation has been made before
‣ compute output gradient (before activation) 

‣ for k from L+1 to 1

- compute gradients of hidden layer parameter 

- compute gradient of hidden layer below

- compute gradient of hidden layer below (before activation)
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Topics: test time classification
• At test time, we replace the masks by their expectation
‣ this is simply the constant vector 0.5 if dropout probability is 0.5

‣ for single hidden layer, can show this is equivalent to taking the geometric average 
of all neural networks, with all possible binary masks

• Can be combined with unsupervised pre-training

• Beats regular backpropagation on many datasets
‣ Improving neural networks by preventing co-adaptation of feature detectors.  

Hinton, Srivastava, Krizhevsky, Sutskever and Salakhutdinov, 2012.
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Deep learning - batch normalization
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Topics: why training is hard
• Depending on the problem, one or the other situation will 

tend to dominate

• If first hypothesis (underfitting): better optimize
‣ use better optimization methods

‣ use GPUs

• If second hypothesis (overfitting): use better regularization
‣ unsupervised learning

‣ stochastic «dropout» training
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Topics: batch normalization
• Normalizing the inputs will speed up training  

(Lecun et al. 1998)
‣ could normalization also be useful at the level of the hidden layers?

• Batch normalization is an attempt to do that 
(Ioffe and Szegedy, 2014)
‣ each unit’s pre-activation is normalized (mean subtraction, stddev division)

‣ during training, mean and stddev is computed for each minibatch

‣ backpropagation takes into account the normalization

‣ at test time, the global mean / stddev is used
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Topics: batch normalization
• Batch normalization 

vector, and X be the set of these inputs over the training
data set. The normalization can then be written as a trans-
formation

x̂ = Norm(x,X )

which depends not only on the given training example x
but on all examples X – each of which depends on Θ if
x is generated by another layer. For backpropagation, we
would need to compute the Jacobians

∂Norm(x,X )

∂x
and

∂Norm(x,X )

∂X
;

ignoring the latter term would lead to the explosion de-
scribed above. Within this framework, whitening the layer
inputs is expensive, as it requires computing the covari-
ance matrix Cov[x] = Ex∈X [xxT ] − E[x]E[x]T and its
inverse square root, to produce the whitened activations
Cov[x]−1/2(x − E[x]), as well as the derivatives of these
transforms for backpropagation. This motivates us to seek
an alternative that performs input normalization in a way
that is differentiable and does not require the analysis of
the entire training set after every parameter update.
Some of the previous approaches (e.g.

(Lyu & Simoncelli, 2008)) use statistics computed
over a single training example, or, in the case of image
networks, over different feature maps at a given location.
However, this changes the representation ability of a
network by discarding the absolute scale of activations.
We want to a preserve the information in the network, by
normalizing the activations in a training example relative
to the statistics of the entire training data.

3 Normalization via Mini-Batch
Statistics

Since the full whitening of each layer’s inputs is costly
and not everywhere differentiable, we make two neces-
sary simplifications. The first is that instead of whitening
the features in layer inputs and outputs jointly, we will
normalize each scalar feature independently, by making it
have the mean of zero and the variance of 1. For a layer
with d-dimensional input x = (x(1) . . . x(d)), we will nor-
malize each dimension

x̂(k) =
x(k) − E[x(k)]√

Var[x(k)]

where the expectation and variance are computed over the
training data set. As shown in (LeCun et al., 1998b), such
normalization speeds up convergence, even when the fea-
tures are not decorrelated.
Note that simply normalizing each input of a layer may

change what the layer can represent. For instance, nor-
malizing the inputs of a sigmoid would constrain them to
the linear regime of the nonlinearity. To address this, we
make sure that the transformation inserted in the network
can represent the identity transform. To accomplish this,

we introduce, for each activation x(k), a pair of parameters
γ(k),β(k), which scale and shift the normalized value:

y(k) = γ(k)x̂(k) + β(k).

These parameters are learned along with the original
model parameters, and restore the representation power
of the network. Indeed, by setting γ(k) =

√
Var[x(k)] and

β(k) = E[x(k)], we could recover the original activations,
if that were the optimal thing to do.
In the batch setting where each training step is based on

the entire training set, we would use the whole set to nor-
malize activations. However, this is impractical when us-
ing stochastic optimization. Therefore, we make the sec-
ond simplification: since we use mini-batches in stochas-
tic gradient training, each mini-batch produces estimates
of the mean and variance of each activation. This way, the
statistics used for normalization can fully participate in
the gradient backpropagation. Note that the use of mini-
batches is enabled by computation of per-dimension vari-
ances rather than joint covariances; in the joint case, reg-
ularization would be required since the mini-batch size is
likely to be smaller than the number of activations being
whitened, resulting in singular covariance matrices.
Consider a mini-batch B of size m. Since the normal-

ization is applied to each activation independently, let us
focus on a particular activation x(k) and omit k for clarity.
We havem values of this activation in the mini-batch,

B = {x1...m}.

Let the normalized values be x̂1...m, and their linear trans-
formations be y1...m. We refer to the transform

BNγ,β : x1...m → y1...m

as the Batch Normalizing Transform. We present the BN
Transform in Algorithm 1. In the algorithm, ϵ is a constant
added to the mini-batch variance for numerical stability.

Input: Values of x over a mini-batch: B = {x1...m};
Parameters to be learned: γ, β

Output: {yi = BNγ,β(xi)}

µB ←
1

m

m∑

i=1

xi // mini-batch mean

σ2
B ←

1

m

m∑

i=1

(xi − µB)
2 // mini-batch variance

x̂i ←
xi − µB√
σ2
B
+ ϵ

// normalize

yi ← γx̂i + β ≡ BNγ,β(xi) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

The BN transform can be added to a network to manip-
ulate any activation. In the notation y = BNγ,β(x), we

3

Learned linear transformation
to adapt to non-linear activation
function  
(𝛾 and β are trained)
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Topics: batch normalization
• Why normalize the pre-activation?
‣ can help keep the pre-activation in a non-saturating regime 

(though the linear transform                      could cancel this effect) 

• Why use minibatches?
‣ since hidden units depend on parameters, can’t compute mean/stddev once and 

for all

‣ adds stochasticity to training, which might regularize (dropout not as useful)

vector, and X be the set of these inputs over the training
data set. The normalization can then be written as a trans-
formation

x̂ = Norm(x,X )

which depends not only on the given training example x
but on all examples X – each of which depends on Θ if
x is generated by another layer. For backpropagation, we
would need to compute the Jacobians

∂Norm(x,X )

∂x
and

∂Norm(x,X )

∂X
;

ignoring the latter term would lead to the explosion de-
scribed above. Within this framework, whitening the layer
inputs is expensive, as it requires computing the covari-
ance matrix Cov[x] = Ex∈X [xxT ] − E[x]E[x]T and its
inverse square root, to produce the whitened activations
Cov[x]−1/2(x − E[x]), as well as the derivatives of these
transforms for backpropagation. This motivates us to seek
an alternative that performs input normalization in a way
that is differentiable and does not require the analysis of
the entire training set after every parameter update.
Some of the previous approaches (e.g.

(Lyu & Simoncelli, 2008)) use statistics computed
over a single training example, or, in the case of image
networks, over different feature maps at a given location.
However, this changes the representation ability of a
network by discarding the absolute scale of activations.
We want to a preserve the information in the network, by
normalizing the activations in a training example relative
to the statistics of the entire training data.

3 Normalization via Mini-Batch
Statistics

Since the full whitening of each layer’s inputs is costly
and not everywhere differentiable, we make two neces-
sary simplifications. The first is that instead of whitening
the features in layer inputs and outputs jointly, we will
normalize each scalar feature independently, by making it
have the mean of zero and the variance of 1. For a layer
with d-dimensional input x = (x(1) . . . x(d)), we will nor-
malize each dimension

x̂(k) =
x(k) − E[x(k)]√

Var[x(k)]

where the expectation and variance are computed over the
training data set. As shown in (LeCun et al., 1998b), such
normalization speeds up convergence, even when the fea-
tures are not decorrelated.
Note that simply normalizing each input of a layer may

change what the layer can represent. For instance, nor-
malizing the inputs of a sigmoid would constrain them to
the linear regime of the nonlinearity. To address this, we
make sure that the transformation inserted in the network
can represent the identity transform. To accomplish this,

we introduce, for each activation x(k), a pair of parameters
γ(k),β(k), which scale and shift the normalized value:

y(k) = γ(k)x̂(k) + β(k).

These parameters are learned along with the original
model parameters, and restore the representation power
of the network. Indeed, by setting γ(k) =

√
Var[x(k)] and

β(k) = E[x(k)], we could recover the original activations,
if that were the optimal thing to do.
In the batch setting where each training step is based on

the entire training set, we would use the whole set to nor-
malize activations. However, this is impractical when us-
ing stochastic optimization. Therefore, we make the sec-
ond simplification: since we use mini-batches in stochas-
tic gradient training, each mini-batch produces estimates
of the mean and variance of each activation. This way, the
statistics used for normalization can fully participate in
the gradient backpropagation. Note that the use of mini-
batches is enabled by computation of per-dimension vari-
ances rather than joint covariances; in the joint case, reg-
ularization would be required since the mini-batch size is
likely to be smaller than the number of activations being
whitened, resulting in singular covariance matrices.
Consider a mini-batch B of size m. Since the normal-

ization is applied to each activation independently, let us
focus on a particular activation x(k) and omit k for clarity.
We havem values of this activation in the mini-batch,

B = {x1...m}.

Let the normalized values be x̂1...m, and their linear trans-
formations be y1...m. We refer to the transform

BNγ,β : x1...m → y1...m

as the Batch Normalizing Transform. We present the BN
Transform in Algorithm 1. In the algorithm, ϵ is a constant
added to the mini-batch variance for numerical stability.

Input: Values of x over a mini-batch: B = {x1...m};
Parameters to be learned: γ, β

Output: {yi = BNγ,β(xi)}

µB ←
1

m

m∑

i=1

xi // mini-batch mean

σ2
B ←

1

m

m∑

i=1

(xi − µB)
2 // mini-batch variance

x̂i ←
xi − µB√
σ2
B
+ ϵ

// normalize

yi ← γx̂i + β ≡ BNγ,β(xi) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

The BN transform can be added to a network to manip-
ulate any activation. In the notation y = BNγ,β(x), we

3
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Topics: batch normalization
• How to take into account the normalization in backdrop?
‣ derivative wrt xi depends on the partial derivative of the mean and stddev

‣ must also update 𝛾 and β 

• Why use the global mean stddev at test time?
‣ removes the stochasticity of the mean and stddev

‣ requires a final phase where, from the first to the last hidden layer
1. propagate all training data to that layer

2. compute and store the global mean and stddev of each unit

‣ for early stopping, could use a running average



Neural networks
Training neural networks - types of learning
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Topics: supervised learning

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

{x(t), y(t)} {x(t), y(t)}

• Example
‣ classification

‣ regression

x

(t), y(t) ⇠ p(x, y) x

(t), y(t) ⇠ p(x, y)
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Topics: unsupervised learning

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

{x(t)}{x(t)}

x

(t) ⇠ p(x) x

(t) ⇠ p(x)

• Example
‣ distribution estimation

‣ dimensionality 
reduction
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Topics: semi-supervised learning

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

{x(t), y(t)} {x(t), y(t)}
{x(t)}

x

(t) ⇠ p(x)

x

(t), y(t) ⇠ p(x, y) x

(t), y(t) ⇠ p(x, y)
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Topics: multitask learning

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

{x(t), y(t)1 , . . . , y(t)M } {x(t), y(t)1 , . . . , y(t)M }

x

(t), y(t)1 , . . . , y(t)M ⇠
p(x, y1, . . . , yM )

x

(t), y(t)1 , . . . , y(t)M ⇠
p(x, y1, . . . , yM )

• Example
‣ object recognition in 

images with multiple 
objects
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Topics: multitask learning
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Abstract

Math for my slides “Feedforward neural network”.
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Topics: transfer learning

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

{x(t), y(t)1 , . . . , y(t)M }

x

(t), y(t)1 , . . . , y(t)M ⇠
p(x, y1, . . . , yM )

{x(t), y(t)1 }

x

(t), y(t)1 ⇠ p(x, y1)
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Topics: structured output prediction

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

• Example
‣ image caption 

generation

‣ machine translation

x

(t),y(t) ⇠ p(x,y) x

(t),y(t) ⇠ p(x,y)

{x(t),y(t)} {x(t),y(t)}
of arbitrary structure

(vector, sequence, graph)
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Topics: domain adaptation, covariate shift

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting :

{x(t), y(t)}

x

(t) ⇠ p(x)

⇡ p(x)

• Example
‣ classify sentiment in 

reviews of different 
products

y(t) ⇠ p(y|x(t))

{x̄(t), y(t)}

x̄

(t) ⇠ q(x)

y(t) ⇠ p(y|x̄(t))

{x̄(t0)}

x̄

(t) ⇠ q(x)
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Topics: domain adaptation, covariate shift

x

Autoencoders

Hugo Larochelle
Département d’informatique

Université de Sherbrooke
hugo.larochelle@usherbrooke.ca

October 17, 2012

Abstract

Math for my slides “Autoencoders”.
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• Domain-adverarial networks (Ganin et al. 2015)  
train hidden layer representation to be
1. predictive of the target class
2. indiscriminate of the domain

• Trained by stochastic gradient descent
‣ for each random pair 

1. update W,V,b,c in opposite direction of gradient

2. update w,d  in direction of gradient

x

(t), x̄(t0)
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Topics: one-shot learning

• Training time
‣ data : 
 
 

‣ setting :

• Test time
‣ data : 
 
 

‣ setting : 
 
 
 

‣ additional data :
- a single labeled example from 

each of the M new classes

{x(t), y(t)} {x(t), y(t)}

• Example
‣ recognizing a person 

based on a single 
picture of him/her

subject to y(t) 2 {1, . . . , C} y(t) 2 {C + 1, . . . , C +M}subject to 
x

(t), y(t) ⇠ p(x, y) x

(t), y(t) ⇠ p(x, y)
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Topics: one-shot learning
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Figure 1: After learning a non-linear transformation from images
to 30-dimensional code vectors, the Euclidean distance between
code vectors can be used to measure the similarity between im-
ages.

Generalizing this idea to networks with multi-dimensional,
real-valued outputs is difficult because the true mutual in-
formation depends on the entropy of the output vectors and
this is hard to estimate efficiently for multi-dimensional
outputs. Approximating the entropy by the log determi-
nant of a multidimensional Gaussian works well for learn-
ing linear transformations [7], because a linear transforma-
tion cannot alter how Gaussian a distribution is. But it does
not work well for learning non-linear transformations [21]
because the optimization cheats by making the Gaussian
approximation to the entropy as bad as possible. The mu-
tual information is the difference between the individual en-
tropies and the joint entropy, so it can be made to appear
very large by learning individual output distributions that
resemble a hairball. When approximated by a Gaussian, a
large hairball has a large determinant but its true entropy is
very low because the density is concentrated into the hairs
rather than filling the space.

The structure in an iid set of image pairs can be decom-
posed into the structure in the whole iid set of individual
images, ignoring the pairings, plus the additional struc-
ture in the way they are paired. If we focus on model-
ing only the additional structure in the pairings, we can
finesse the problem of estimating the entropy of a multi-
dimensional distribution. The additional structure can be
modeled by finding a non-linear transformation of each im-
age into a low-dimensional code such that paired images
have codes that are much more similar than images that are
not paired. Adopting a probabilistic approach, we can de-
fine a probability distribution over all possible pairs of im-
ages, by using the squared distances between their
codes, :

(2)

We can then learn the non-linear transformation by maxi-
mizing the log probability of the pairs that actually occur in
the training set. The normalizing term in Eq. 2 is quadratic
in the number of training cases rather than exponential in
the number of pixels or the number of code dimensions be-
cause we are only attempting to model the structure in the
pairings, not the structure in the individual images or the
mutual information between the code vectors.

The idea of using Eq. 2 to train a multilayer neural net-
work was originally described in [9]. They showed that
a network would extract a two-dimensional code that ex-
plicitly represented the size and orientation of a face if it
was trained on pairs of face images that had the same size
and orientation but were otherwise very different. Attempts
to extract more elaborate properties were less successful
partly because of the difficulty of training multilayer neu-
ral networks with many hidden layers, and partly because
the amount of information in the pairings of images is
less than bits per pair. This means that a very large
number of pairs is required to train a large number of pa-
rameters.

Chopra et.al. [3] have recently used a non-probabilistic ver-
sion of the same approach to learn a similarity metric for
faces that assigns high similarity to very different images of
the same person and low similarity to quite similar images
of different people. They achieve the same effect as Eq.
2 by using a carefully hand-crafted penalty function that
uses both positive (similar) and negative (dissimilar) exam-
ples. They greatly reduce the number of parameters to be
learned by using a convolutional multilayer neural network
and achieve impressive results on a face verification task.

We have recently discovered a very effective and entirely
unsupervised way of training a multi-layer, non-linear ”en-
coder” network that transforms the input data vector into
a low-dimensional feature representation that cap-
tures a lot of the structure in the input data [14]. This un-
supervised algorithm can be used as a pretraining stage to
initialize the parameter vector that defines the mapping
from input vectors to their low-dimensional representation.
After the initial pretraining, the parameters can be fine-
tuned by performing gradient descent in the Neighbour-
hood Component Analysis (NCA) objective function intro-
duced by [9]. The learning results in a non-linear trans-
formation of the input space which has been optimized to
make KNN perform well in the low-dimensional feature
space. Using this nonlinear NCA algorithm to mapMNIST
digits into the 30-dimensional feature space, we achieve an
error rate of 1.08%. Support Vector Machines have a sig-
nificantly higher error rate of 1.4% on the same version of
the MNIST task [5].

In the next section we briefly review Neighborhood Com-
ponents Analysis and generalize it to its nonlinear counter-
part. In section 3, we show how one can efficiently per-

Siamese architecture
(figure taken from Salakhutdinov  

and Hinton, 2007)
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Topics: zero-shot learning, zero-data learning

• Training time
‣ data : 
 
 

‣ setting : 
 
 
 

‣ additional data :
- description vector zc of each of 

the C classes

• Test time
‣ data : 
 
 

‣ setting : 
 
 
 

‣ additional data :
- description vector zc of each of 

the new M classes

{x(t), y(t)} {x(t), y(t)}

• Example
‣ recognizing an object 

based on a worded 
description of it

subject to y(t) 2 {1, . . . , C} y(t) 2 {C + 1, . . . , C +M}subject to 
x

(t), y(t) ⇠ p(x, y) x

(t), y(t) ⇠ p(x, y)
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Topics: zero-shot learning, zero-data learning

Predicting Deep Zero-Shot Convolutional Neural Networks
using Textual Descriptions

Jimmy Lei Ba Kevin Swersky Sanja Fidler Ruslan Salakhutdinov
University of Toronto

jimmy,kswersky,fidler,rsalakhu@cs.toronto.edu

Abstract

One of the main challenges in Zero-Shot Learning of vi-
sual categories is gathering semantic attributes to accom-
pany images. Recent work has shown that learning from
textual descriptions, such as Wikipedia articles, avoids the
problem of having to explicitly define these attributes. We
present a new model that can classify unseen categories
from their textual description. Specifically, we use text fea-
tures to predict the output weights of both the convolutional
and the fully connected layers in a deep convolutional neu-
ral network (CNN). We take advantage of the architecture
of CNNs and learn features at different layers, rather than
just learning an embedding space for both modalities, as
is common with existing approaches. The proposed model
also allows us to automatically generate a list of pseudo-
attributes for each visual category consisting of words from
Wikipedia articles. We train our models end-to-end us-
ing the Caltech-UCSD bird and flower datasets and eval-
uate both ROC and Precision-Recall curves. Our empirical
results show that the proposed model significantly outper-
forms previous methods.

1. Introduction
The recent success of the deep learning approaches to

object recognition is supported by the collection of large
datasets with millions of images and thousands of la-
bels [3, 32]. Although the datasets continue to grow larger
and are acquiring a broader set of categories, they are very
time consuming and expensive to collect. Furthermore, col-
lecting detailed, fine-grained annotations, such as attribute
or object part labels, is even more difficult for datasets of
such size.

On the other hand, there is a massive amount of textual
data available online. Online encyclopedias, such as En-
glish Wikipedia, currently contain 4,856,149 articles, and
represent a rich knowledge base for a diverse set of topics.
Ideally, one would exploit this rich source of information in
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The Cardinals or Cardinalidae are a family of  passerine 
birds found in North and South America
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Figure 1. A deep multi-modal neural network. The first modality
corresponds to tf-idf features taken from a text corpus with a corre-
sponding class, e.g., a Wikipedia article about a particular object.
This is passed through a multi-layer perceptron (MLP) and pro-
duces a set of linear output nodes f . The second modality takes in
an image and feeds it into a convolutional neural network (CNN).
The last layer of the CNN is then passed through a linear projec-
tion to produce a set of image features g. The score of the class is
produced via f>g. In this setting, the text pipeline can be thought
of as producing a set of classifier weights for the image pipeline.

order to train visual object models with minimal additional
annotation.

The concept of “Zero-Shot Learning” has been intro-
duced in the literature [8, 9, 16, 20, 6] with the aim to im-
prove the scalability of traditional object recognition sys-
tems. The ability to classify images of an unseen class is
transferred from the semantically or visually similar classes
that have already been learned by a visual classifier. One
popular approach is to exploit shared knowledge between
classes in the form of attributes, such as stripes, four legs,
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Topics: online videos 
‣ covers many other topics:  

convolutional networks, neural  
language model, restricted  
Boltzmann machines,  
autoencoders, sparse coding, etc.

http://info.usherbrooke.ca/hlarochelle/neural_networks
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