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Outline

• Reti Neurali
• CNN
• Architetture di rete
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Architetture di rete



Elementi a confronto

• Nuove features
• Cosa distingue una rete dalle altre?
• Qual è il problema che cercano di risolvere?

• Architettura
• Le componenti che la strutturano

• Implementazione
• Pytorch code

• Setup
• C’è qualche aspetto particolare che caratterizza il learning?

• Performance
• Qual è il guadagno?



CNN design patterns

• Pattern 1



CNN design patterns

• Pattern 2



LeNet-5

• Quanti pesi?



AlexNet

• Vincitore ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 
del 2012
• ImageNet dataset

• 1.2M high-res images 
• 1,000 classi.

• Alex Krizhevsky, Geoffrey Hinton and Ilya Sutskever



AlexNet

• Convolutional layers: 11x11, 5x5, and 3x3
• Max pooling layers
• Dropout layers
• ReLU activation functions
• Quanti parametri?



AlexNet: features

• ReLU
• Dropout
• p = 0.5 nei due layers FC

• Data augmentation
• image rotation, flipping, scaling, …

• Local response normalization
• Previene la crescita non limitata dovuta alle attivazioni ReLU

• Weight regularization
• L2 con peso 0.0005



AlexNet



Alexnet in Pytorch

https://github.com/pytorch/vision/blob/master/torchvision/models/alexnet.py
NOTA: Implementazione differente!

https://github.com/pytorch/vision/blob/master/torchvision/models/alexnet.py


Data Augmentation



Data Augmentation
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Preprocessing and Data Augmentation

224x224



Preprocessing and Data Augmentation

224x224





VGG Network

• Visual Geometry Group at Oxford University, 2014 
• Karen Simonyan, Andrew Zisserman

• VGG-16
• 16 weight layers
• 13 convolutional layers
• 3 fully-connected layers

• Semplifica il setup degli iperparametri (kernel size, padding, strides, etc.)
• Contiene componenti uniformi (CONV/POOL)
• Rimpiazza i filtri di grandi dimensioni con cascate di filtri

• Tutti i layer convoluzionali sono 3x3 con stride = 1 e padding same
• Tutti i layer di pooling sono 2x2 pool-size con stride = 2



Perché cascate di filtri piccoli?

• Layer non lineari multipli apprendono features più complesse con un 
numero minimo di parametri
• 3 layer di 3x3 CONV con C channels -> 27𝐶! pesi, un layer 7x7 ne richiede 
49𝐶!

• Uno stack di due 3x3 CONV ha lo stesso effetto di un 5x5
• tre 3x3 CONV hanno lo stesso effetto di un 7x7



VGG Network



VGG16 in Pytorch



GoogLeNet

• Proposta da Google nel 2014
• ILSVRC14
• Inception network

• 22 layers: più grande di VGGNet con meno parametri (da ~138M a ~13M)
• Inception Module

• Che size per i filtri?
• Quando usare il pooling?
• Idea: combiniamoli!



Inception Network
• Stacking di moduli inception
• Per limitare il numero di calcoli adotta un approccio di dimensionality reduction prima di ogni kernel



Inception Network - Module

• Quattro layer concatenati
• 1x1 CONV
• 3x3 CONV
• 5x5 CONV
• 3x3 MaxPOOL

• Quante operazioni?
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(a) Inception module, naı̈ve version

(b) Inception module with dimensionality reduction

Figure 2: Inception module

ber of filters in the previous stage. The merging of output
of the pooling layer with outputs of the convolutional lay-
ers would lead to an inevitable increase in the number of
outputs from stage to stage. While this architecture might
cover the optimal sparse structure, it would do it very inef-
ficiently, leading to a computational blow up within a few
stages.

This leads to the second idea of the Inception architec-
ture: judiciously reducing dimension wherever the compu-
tational requirements would increase too much otherwise.
This is based on the success of embeddings: even low di-
mensional embeddings might contain a lot of information
about a relatively large image patch. However, embed-
dings represent information in a dense, compressed form
and compressed information is harder to process. The rep-
resentation should be kept sparse at most places (as required
by the conditions of [2]) and compress the signals only
whenever they have to be aggregated en masse. That is,
1⇥1 convolutions are used to compute reductions before
the expensive 3⇥3 and 5⇥5 convolutions. Besides being
used as reductions, they also include the use of rectified lin-
ear activation making them dual-purpose. The final result is
depicted in Figure 2(b).

In general, an Inception network is a network consist-
ing of modules of the above type stacked upon each other,
with occasional max-pooling layers with stride 2 to halve
the resolution of the grid. For technical reasons (memory

efficiency during training), it seemed beneficial to start us-
ing Inception modules only at higher layers while keeping
the lower layers in traditional convolutional fashion. This is
not strictly necessary, simply reflecting some infrastructural
inefficiencies in our current implementation.

A useful aspect of this architecture is that it allows for
increasing the number of units at each stage significantly
without an uncontrolled blow-up in computational com-
plexity at later stages. This is achieved by the ubiquitous
use of dimensionality reduction prior to expensive convolu-
tions with larger patch sizes. Furthermore, the design fol-
lows the practical intuition that visual information should
be processed at various scales and then aggregated so that
the next stage can abstract features from the different scales
simultaneously.

The improved use of computational resources allows for
increasing both the width of each stage as well as the num-
ber of stages without getting into computational difficulties.
One can utilize the Inception architecture to create slightly
inferior, but computationally cheaper versions of it. We
have found that all the available knobs and levers allow for
a controlled balancing of computational resources resulting
in networks that are 3� 10⇥ faster than similarly perform-
ing networks with non-Inception architecture, however this
requires careful manual design at this point.

5. GoogLeNet

By the“GoogLeNet” name we refer to the particular in-
carnation of the Inception architecture used in our submis-
sion for the ILSVRC 2014 competition. We also used one
deeper and wider Inception network with slightly superior
quality, but adding it to the ensemble seemed to improve the
results only marginally. We omit the details of that network,
as empirical evidence suggests that the influence of the ex-
act architectural parameters is relatively minor. Table 1 il-
lustrates the most common instance of Inception used in the
competition. This network (trained with different image-
patch sampling methods) was used for 6 out of the 7 models
in our ensemble.

All the convolutions, including those inside the Incep-
tion modules, use rectified linear activation. The size of the
receptive field in our network is 224⇥224 in the RGB color
space with zero mean. “#3⇥3 reduce” and “#5⇥5 reduce”
stands for the number of 1⇥1 filters in the reduction layer
used before the 3⇥3 and 5⇥5 convolutions. One can see
the number of 1⇥1 filters in the projection layer after the
built-in max-pooling in the pool proj column. All these re-
duction/projection layers use rectified linear activation as
well.

The network was designed with computational efficiency
and practicality in mind, so that inference can be run on in-
dividual devices including even those with limited compu-
tational resources, especially with low-memory footprint.



Inception Network – Module

Ogni modulo contiene i filtri 
1x1, 3x3, 5x5

L’output è composto dalla 
concatenazione dei risultati 
dei kernel

Un blocco MaxPool 3x3 è 
presente nel modulo

I blocchi in giallo (1x1) sono i 
blocchi di dimensionality
reduction



Inception Network – Complessità

~16M vs ~163M di operazioni



GoogLeNet in Pytorch



GoogLeNet in Pytorch



ResNet

• Introdotta nel 2015 da Kaiming He et al 
(Microsoft Research)
• Utilizza Skip connections chiamate residual

module
• Batch normalization
• 50, 101, and 152 weight layers
• Complessità minore di reti più piccole come 

VGGNet
• Vincitore ILSVRC15
• Possiamo costruire very deep layers?
• Vanishing gradient



Local Response Normalization, Batch 
Normalization
• 𝑏!,#$ = %!,#$
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BatchNormalization Layer

• Ogni layer è un input per i layer successivi
• Problema
• Ogni passo di backprop cambia i pesi
• Risultato: 

• la distribuzione dei layer può cambiare durante la 
fase di training

• Covariance-shift!

• Rimedio: 
• Normalizzazione, scala e shift



Skip Connections

• Uno shortcut che permette al gradiente di propagarsi ai layers iniziali
• Identity function
• Ogni layer include le performance del layer precedente



Residual blocks



ResNet in Pytorch



ResNet in Pytorch



Quali sono le performance?



Tecniche di data augmentation

• Position augmentation
• Scaling
• Cropping
• Flipping
• Padding
• Rotation
• Translation
• Affine Transformation

• Color augmentation
• Brightness
• Contrast
• Saturation
• Hue

loader_transform = transforms.Compose([ 
transforms.RandomRotation(30), 
transforms.RandomResizedCrop(140), 
transforms.RandomHorizontalFlip() 
])

datasets.ImageFolder(root=traindir, transform=loader_transform)

Pytorch



Transfer Learning
Motivazioni:
- Large dataset, tempo di computazione, risorse HW, fine tuning.
- ex. ImageNet è costituito da milioni di immagini
- CPU vs Single GPU vs Multiple GPU



Transfer Learning (2)



Transfer Learning (3)

• Generalizzazione dei modelli

• Complessità dei modelli

• Complessità computazionale

• Sorgenti dati (dati etichettati vs non etichettati)


