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Outline

• Reti Neurali
• CNN
• Architetture di rete
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Concetti avanzati



Deep learning effettivo

• Regolarizzazione 
• Aggiunge una penalizzazione sui pesi nella funzione di loss
• Criteri: sparsità, norma, …

• Dropout
• Reset di un numero random di pesi
• Decorrela i nodi nella rete

• Gradient clipping
• Gradient exploding

• Smart initialization
• Better random initialization methods (Glorot and Bengio, 2010)

• Data augmentation
• More to come later…



Dropout

• Rimozione random di nodi durante il forward pass nel training

A first “deep” regularization technique is dropout (Srivastava et al., 2014). It
consists of removing units at random during the forward pass on each sample,
and putting them all back during test.Srivastava, Hinton, Krizhevsky, Sutskever and Salakhutdinov

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

Figure 1: Dropout Neural Net Model. Left: A standard neural net with 2 hidden layers. Right:
An example of a thinned net produced by applying dropout to the network on the left.
Crossed units have been dropped.

its posterior probability given the training data. This can sometimes be approximated quite
well for simple or small models (Xiong et al., 2011; Salakhutdinov and Mnih, 2008), but we
would like to approach the performance of the Bayesian gold standard using considerably
less computation. We propose to do this by approximating an equally weighted geometric
mean of the predictions of an exponential number of learned models that share parameters.

Model combination nearly always improves the performance of machine learning meth-
ods. With large neural networks, however, the obvious idea of averaging the outputs of
many separately trained nets is prohibitively expensive. Combining several models is most
helpful when the individual models are di↵erent from each other and in order to make
neural net models di↵erent, they should either have di↵erent architectures or be trained
on di↵erent data. Training many di↵erent architectures is hard because finding optimal
hyperparameters for each architecture is a daunting task and training each large network
requires a lot of computation. Moreover, large networks normally require large amounts of
training data and there may not be enough data available to train di↵erent networks on
di↵erent subsets of the data. Even if one was able to train many di↵erent large networks,
using them all at test time is infeasible in applications where it is important to respond
quickly.

Dropout is a technique that addresses both these issues. It prevents overfitting and
provides a way of approximately combining exponentially many di↵erent neural network
architectures e�ciently. The term “dropout” refers to dropping out units (hidden and
visible) in a neural network. By dropping a unit out, we mean temporarily removing it from
the network, along with all its incoming and outgoing connections, as shown in Figure 1.
The choice of which units to drop is random. In the simplest case, each unit is retained with
a fixed probability p independent of other units, where p can be chosen using a validation
set or can simply be set at 0.5, which seems to be close to optimal for a wide range of
networks and tasks. For the input units, however, the optimal probability of retention is
usually closer to 1 than to 0.5.

1930

(Srivastava et al., 2014)
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Dropout

• Aumenta l’indipendenza delle unità 
• Co-adaptation

• Una unità interna non può basarsi su altre unità

• Interpretazione in termini di ensembles



Convoluzione



Fully connected networks

a(h+1) = W(h)z(h)

z(h+1) = f
⇣
a(h+1)

⌘

z(0) = x
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• Ogni elemento connesso agli altri
– (5*4) + (5*4) + (5*4) + 5 connections
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Quanti sono i parametri di una generica rete?



Convolutional networks

• Reti neurali che usano la convoluzione

• Convolution
• pooling

LeNet-5 (LeCun, 1998)

The original Convolutional Neural Network model goes back
to 1989 (LeCun)
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Convolutional neural networksConvolutional Neural Networks

Figure: Andrej Karpathy
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Convolution

• Qual è il numero di parametri?

Convolution

Grayscale Image

Kernel

w1 w2 w3

w4 w5 w6

w7 w8 w9

Feature Map

Convolve image with kernel having weights w (learned by
backpropagation)
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Convolution

wTx
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Convolution

wTx

What is the number of parameters?
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Convolution

• Qual è il numero di parametri?
Convolution

wTx

What is the number of parameters?
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Convoluzione

• I pesi rappresentano il kernel di dimensione (c,d)
• Condivisione!

Layer 0 1 2 3 4 5 6

Input Image Feature Maps

Convolution Pooling Convolution Pooling Fully
Connected

Output
Classes

Figure 10: Example CNN architecture.

neurons of layer h� 1:

a(h)j,k =
cX

l=1

dX

m=1

wm,lz
(h�1)
j+l,k+m

Notice that weights in a feature map are shared. This allows to learn exactly

a same feature, independently from the position of the feature within the input

layer. Also, compared to fully connected layers, the number of parameters of

convolutional layers is greatly reduced, since it only corresponds to the size of340

the filter multiplied by the number of feature maps we wish to detect.

Pooling layers merge semantically similar features, in order to to progres-

sively reduce the spatial size of the representation and the amount of parameters

and computation in the network. A typical pooling unit computes an aggrega-

tion (e.g. the maximum or the average) of the values a local region within a345

feature map of a convolutional layer, as shown in figure.

The intuition within the architecture of a CNN is that convolutional/pooling

layers detect high-level features within the input, which are hence used as input

for a set of fully connected layers devoted to output the final classification. For

example, within an image, convolutional layers can progressively detect edges,350

contours and borders, and the later can be finally used to recognize the object

within the image.
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Padding, strides, dilation

• https://github.com/vdumoulin/conv_arithmetic

https://github.com/vdumoulin/conv_arithmetic


Output

• Stride
• S=1

• Kernel with receptive field
• K=3

• No padding
• Output size

• 4



Output, revisited

• Input I
• Padding P
• Kernel size K
• Stride S
• Dilation D
• Output size: 

𝐼 − 𝐾 − (𝐾 − 1)(𝐷 − 1) + 2𝑃
𝑆

+ 1



Multiple filters

• Ogni feature map idenfiticata da un kernel
• In total, il numero dei pesi è dato dal numero di kernel per la size della feature

map

Learn Multiple Filters

Lecture 7 Convolutional Neural Networks CMSC 35246



Volumetrics

• Non solo immagini 2D 
• Volumi

• Ad esempio, immagini RGB hanno profondità 3

• Quanti pesi?

In General

We have only considered a 2-D image as a running example

But we could operate on volumes (e.g. RGB Images would be
depth 3 input, filter would have same depth)

Lecture 7 Convolutional Neural Networks CMSC 35246



Convolutional Layer (con 4 filtri)

Input: 1x224x224 Output: 4x224x224

zero padding,
and stride = 1

weights:
4x1x9x9



Convolutional Layer (con 4 filters)

Input: 1x224x224 Output: 4x112x112

zero padding,
but stride = 2

weights:
4x1x9x9



Activation Layer

• ReLU

Non-Linearity

max{0,wTx}

After obtaining feature map, apply an elementwise
non-linearity to obtain a transformed feature map (same size)
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Pooling

Pooling

Lecture 7 Convolutional Neural Networks CMSC 35246



Pooling

max{ai}
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Pooling

max{ai}
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Pooling

max{ai}
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Pooling

max{ai}

Other options: Average pooling, L2-norm pooling, random
pooling
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Pooling

• Multiple feature maps, multiple poolings
• Max, average, L2, …

Pooling

We have multiple feature maps, and get an equal number of
subsampled maps

This changes if cross channel pooling is done

Lecture 7 Convolutional Neural Networks CMSC 35246



Convolutional neural networksConvolutional Neural Networks

Figure: Andrej Karpathy

Lecture 7 Convolutional Neural Networks CMSC 35246



Convolutional Layer in pytorch

in_channels (e.g. 3 for RGB inputs)

out_channels (il numero di filtri convoluzionali)

out_channels x

in_channels

kernel_size

kernel_size

Input Output



Convolutional Network: LeNet

Yann LeCun



LeNet in Pytorch



LeNet Summary

• 2 Convolutional Layers + 3 Linear Layers

• + Non-linear functions: ReLUs or Sigmoids
+ Max-pooling operations



Esercizio

• Adattare la rete LeNet per effettuare classificazione sul dataset
CIFAR10
• CIFAR-10 consiste di 60000 immagini  32x32 (RGB), etichettate con un intero 

che corrisponde a 10 classi: airplane (0), automobile (1), bird (2), cat (3), deer
(4), dog (5), frog (6), horse (7), ship (8), truck (9).



Convolutional Layers, Matrix Multiplication

https://petewarden.com/2015/04/20/why-gemm-is-at-the-heart-of-deep-learning/
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Conviene usare le CNN?

• Altamente parallelizzabili
• GPU Computing 
• CPU Computing proibitivo



Perché CNNs?

• Sparse interactions
• Meno parametri

• Parameter sharing
• Kernel condivisi lungo tutta l’immagine 

• Invarianza di traslazione
• Possibilità di lavorare con input di dimensione variabile


