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DALLA TEORIA ALLA PRATICA

A cosa serve?



DALLA PRATICA ALLA TEORIA

AI

Machine 
Learning

Repres.

Learning

Deep 
Learning

Perché funziona?



PERCHÉ FUNZIONA?





PENSIERI LENTI E VELOCI

Daniel Kahneman

o Psicologo

o Premio Nobel 2002 assieme a Vernon L. Smith per

avere integrato risultati della ricerca psicologica

nella scienza economica, specialmente in merito

al giudizio umano e alla teoria delle decisioni

in condizioni d'incertezza

o Thinking, Fast and Slow (2011)

riassume molte delle sue ricerche

best seller internazionale



PENSIERI LENTI E VELOCI





PENSIERO VELOCE

Avete probabilmente, intuitivamente, visto

• Donna, cappelli neri, arrabbiata

Quello che avete visto si estende nel futuro:

• sensazione che stesse per dire parole

molto scortesi, magari a voce alta e con tono stridulo.

Non intendevate

• valutare il suo stato d’aŶiŵo o

• prevedere che azione potesse compiere.



PENSIERI LENTI E VELOCI

17 x 24 = ? 



17X24=?

• è una moltiplicazione

• sapete che potete risolverla

• riconoscete che 12,609 e 123 sono poco plausibili

• escludere 586 è difficile

Una soluzione precisa

non vi è venuta in mente.

Vi siete chiesti

se impegarvi o no nel calcolo.



17X24=?

Procedete lungo una sequenza di stadi.

recuperate dalla memoria

il programma cognitivo imparato a scuola

eseguire il calcolo è uno sforzo.

Sentite l’oŶere di conservare tanto

materiale in memoria:

• il punto in cui eravate e

• quello in cui stavate andando

• il risultato intermedio.

https://pixabay.com/en/calculator-count-how-to-calculate-1019936/
https://pixabay.com/en/calculator-count-how-to-calculate-1019936/


THINKING, FAST AND SLOW

• Il processo è consistito in un lavoro mentale,

un lavoro riflessivo, impegnativo e ordinato,

il prototipo del pensiero lento.

• Era coinvolto anche il corpo.

I muscoli si sono tesi, la pressione del sangue e la 

frequenza cardiaca sono aumentate. 

Le puppile si sono dilatate.



THINIKING, FAST AND SLOW

Kahneman descrive due modalità differenti di pensiero:

o Sistema 1:

•veloce, intuitivo, stereotipico, involontario

o Sistema 2:

• lento, conscio, infrequente, logico, calcolatore



ALPHAGO



ALBERO

Photo by: Stolz Gary M, U.S. Fish and Wildlife Service

https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg
https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg


ALBERO DA ESPLORARE

Photo by: Stolz Gary M, U.S. Fish and Wildlife Service

Stato corrente

(radice)

Esiti finali (foglie)

https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg
https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg


SIMULAZIONE: QUALE PARTE ESPLORIAMO?

?

Stato attuale
�

ࢇ



SIMULAZIONE: QUALE PARTE ESPLORIAMO?

ܳ + ݑ ܳ + ሺܳ��݉�ݎ�ݑ + ሻݑ
�

a a



ܳ + :ݑ BONUS ESPLORATIVO (ݑ)

• ݑ è la componente esplorativa

• �ሺݏ, �ሻ – n. passaggi sul ramo considerando tutte le simulazioni

• ܲሺݏ, �ሻ = �ሺ�|ݏሻ
o non varia da simulazione a simulazione

o Deep Convolutional Neural Network
(Policy Network)

ܳ + ݑ ܳ + ሺܳ��݉�ݎ�ݑ + ሻݑ

�
a



PROBABILITÀ A PRIORI (ESEMPIO) - p(a|s) 



ALBERO

Photo by: Stolz Gary M, U.S. Fish and Wildlife Service

Ampiezza

https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg
https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg


ܳ + :ݑ COMPONENTE DI VALUTAZIONE (ܳ)

• �ሺ�, ሻࢇ è la componente di valutazione

• media le valutazioni �ሺ���ሻ
o di tutti gli stati foglia ���
o raggiunti nelle varie simulazioni � ܳ + ݑ ܳ + ሺܳ��݉�ݎ�ݑ + ሻݑ

�
a



• Uno stato foglia ha valutazione�ሺݏ�ሻ = ሺ1 − �ሻݒ�ሺݏ�ሻ + ���
• ࢜�ሺ��ሻ

o Deep Convolutional
Neural Network

VALUTAZIONE DEGLI STATI FOGLIA

࢜�ሺ ሻsL

ܳ + ݑ
ܳ + ݑ



VALUTAZIONE DEGLI STATI CON vθ(sL)



• Uno stato foglia ha valutazione�ሺݏ�ሻ = ሺ1 − �ሻݒ�ሺݏ�ሻ + ���
• ࢜�ሺ��ሻ

o Neural Network

• �� risultato finale

o Fast rollout

• linear softmax

VALUTAZIONE DEGLI STATI FOGLIA

�� - outcome

Fast  rollout

sL

ܳ + ݑ
ܳ + ሺ�࢜ݑ ሻ



AGGIORNAMENTI

sL

�+ ࢛
�+ ࢛� �ݏ

ܳ + ݑ
ܳ + ݑ



�ሺ�, ሻࢇ USANDO SOLAMENTE ࢜�ሺ��ሻ



�ሺ�, ሻࢇ USANDO SOLAMENTE �ࢆ



VALUE NETWORK VS ROLLOUTS



ALBERO

Photo by: Stolz Gary M, U.S. Fish and Wildlife Service

Profondità

https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg
https://commons.wikimedia.org/wiki/File:Umbrella_thorn_acacia_or_israeli_babool_tree_plant_acacia_tortillis.jpg


PERCENTUALE DI SIMULAZIONI �ሺݏ, �ሻ/݊





DEMIS HASSABIS



SHANE LEGG



DEEP LEARNING

CONVOLUTIONAL NEURAL NETWORK



DEEP LEARNING (FROM NATURE)

AI

Machine 
Learning

Repres.

Learning

Deep 
Learning



CNN AND DEEP LEARNING

C’è voluto tempo



MACHINE LEARNING

Field of study that gives computers the ability to learn 

without being explicitly programmed.

Arthur Samuel (1959)
Some studies in machine learning using the game of checkers

IBM, J Res Dev 3:210–229

https://en.wikipedia.org/wiki/English_draughts#/media/File:The_Childrens_Museum_of_Indianapolis_-_Checkers.jpg
https://en.wikipedia.org/wiki/English_draughts#/media/File:The_Childrens_Museum_of_Indianapolis_-_Checkers.jpg


DEEPMIND PLAYING ATARI

https://www.youtube.com/watch?v=Q70ulPJW3Gk



DEEPMIND PLAYING ATARI



MACHINE LEARNING

The field of machine learning is concerned with the question of how 

to construct programs that automatically improve with experience.

A computer program is said to learn:

• from experience E
• with respect to some task T
• and some performance measure P

if its performance

• on the task T
• as measured by P
• improves with experience E

Tom M. Mitchelk

Machine Learning

McGraw-Hill, 1997



ALPHAGO: EXPERIENCE

1. 30 milioni di stati da Kiseido Go Server

o Game server established in 2000 for people to play Go.

2. Policy Gradient Reinforcement Learning

o Partite giocate dalla rete attuale

con se stessa a uno dei passi precedenti (casuale)

3. 30 million posizioni distinte da partite giocate con se stesso



DEEP LEARNING (FROM NATURE)

Representation learning methods that

allow a machine to be fed with raw data and to automatically 

discover the representations needed for detection or 

classification.

Deep-learning are representation learning methods

o with multiple levels of representation, obtained by

o composing simple but non-linear modules that each

o transform the representation at one level

into a representation at a higher,

slightly more abstract level.



ALEXNET



VISUALIZING CONVOLUTIONAL NETWORKS

• 9 feature maps and top 9 activations for each of them across validation data 

Visualizing Convolutional Networks

Zeiler, Matthew D., and Rob Fergus.

Computer vision – ECCV 2014 (cited by 639)

http://link.springer.com/chapter/10.1007/978-3-319-10590-1_53


VISUALIZING CONVOLUTIONAL NETWORKS

• Top 9 activations for some random feature maps across the validation data

Visualizing Convolutional Networks

Zeiler, Matthew D., and Rob Fergus.

Computer vision – ECCV 2014 (cited by 639)

http://link.springer.com/chapter/10.1007/978-3-319-10590-1_53


VISUALIZING CONVOLUTIONAL NETWORKS

Visualizing Convolutional Networks

Zeiler, Matthew D., and Rob Fergus.

Computer vision – ECCV 2014 (cited by 639)

http://link.springer.com/chapter/10.1007/978-3-319-10590-1_53


VISUALIZING CONVOLUTIONAL NETWORKS

Visualizing Convolutional Networks

Zeiler, Matthew D., and Rob Fergus.

Computer vision – ECCV 2014 (cited by 639)

http://link.springer.com/chapter/10.1007/978-3-319-10590-1_53


https://pixabay.com/en/sky-clouds-sunlight-dark-690293/
https://pixabay.com/en/sky-clouds-sunlight-dark-690293/




ILLUSIONI

Edward H. Adelson

http://en.wikipedia.org/w/index.php?title=Edward_H._Adelson&action=edit&redlink=1


ILLUSIONI

Edward H. Adelson

http://en.wikipedia.org/w/index.php?title=Edward_H._Adelson&action=edit&redlink=1


ALPHAGO

Cosa ͞vede͟ AlphaGo Deep CNN?



BUILDING BLOCKS

https://pixabay.com/en/lego-children-toys-colorful-play-674881/
https://pixabay.com/en/lego-children-toys-colorful-play-674881/


NEURONE



NEURONE



RETE NEURONALE (CLASSICA)



CONVOLUTIONAL NEURAL NETWORK

http://ufldl.stanford.edu/tutorial

From Tutorial by: Andrew Ng, Jiquan Ngiam, Chuan Yu Foo, Yifan Mai, Caroline Suen, Adam Coates, Andrew Maas, Awni

Hannun, Brody Huval, Tao Wang, Sameep Tandon

http://ufldl.stanford.edu/tutorial/supervised/ConvolutionalNeuralNetwork/
http://ufldl.stanford.edu/tutorial/supervised/ConvolutionalNeuralNetwork/
http://ufldl.stanford.edu/tutorial/supervised/ConvolutionalNeuralNetwork/


ALEXNET 2012

• Livelli: 6

• Filtri: 96, 256, 384, 384, 256

• Neuroni: 650,000

• Valori da imparare: 60,000,000

• AlphaGO: 13 livelli, 196 filtri per layer



COSA FACCIAMO NOI

Dir: Fausto Rabitti
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SEARCHING IN 100M PHOTOS



SEARCHING IN 100M PHOTOS



SEARCHING IN 100M PHOTOS



SEARCHING IN 100M PHOTOS





GRAZIE!

Domande?

Fabrizio Falchi

fabrizio.falchi@cnr.it

https://commons.wikimedia.org/wiki/File:Thank-you-word-cloud.jpg
https://commons.wikimedia.org/wiki/File:Thank-you-word-cloud.jpg
mailto:fabrizio.falchi@cnr.it




DIGITAL INTUITION

As shown by its results, the moves that AlphaGo selects 

are invariably correct. But the interplay of its neural 

networks means that a human can hardly check its 

working, or verify its decisions before they are followed 

through. As the use of deep neural network systems 

spreads into everyday life — they are already used to 

analyze and recommend financial transactions — it raises 

an interesting concept for humans and their relationships 

with machines. The machine becomes an oracle; its 

pronouncements have to be believed.





BACH - PRELUDIO





BACH - PRELUDIO

Staatsbibliothek zu Berlin, D-B Mus. ms. Bach P 202

middle of the 18th century (ca. 1740–1759)



BACH - PRELUDIO

Staatsbibliothek zu Berlin, D-B Mus. ms. P 415

Autograph, 1720-22



BACH - PRELUDIO

Yale Music Music Deposit 31

W. F. Bach's Klavierbüchlein (1720)



SOFTWARE
&

RESOURCES



GOOGLE TENSORFLOW

• November 9, 2015

• White paper: http://www.tensorflow.org/whitepaper2015.pdf

• API

o Python (preferred) and C++

o (Go, Java, JavaScript, Lua R) community is invited to work on 

this using SWIG

• ͞Google’s goal ǁith TF seeŵs to ďe reĐruitiŶg͟
• is about more than deep learning

http://www.tensorflow.org/whitepaper2015.pdf


GOOGLE DEEP LEARNING COURSE



GOOGLE CLOUD VISION API



CAFFE, BERKELEY



NVIDIA DIGITS



MICROSOFT CNTK

• January 25, 2016 (academic licens since April 2015)

• one of the advantages of CNTK is its ability to run on a single core, 

as well as on a large cluster of GPU-based machines

• C++



QUALCOMM SNAPDRAGON 820 AND 80A

• January 2016

• Snapdragon 820 is a phone

• Snapdragon 820A is a chip for cars and drones



MIT EYERISS GPU

• 10 times as efficient as a mobile GPU could allow mobile devices 

to run artificial intelligence algorithms locally, without a major 

drain to the phone's battery

• ͞This ǁork is ǀery iŵportaŶt, shoǁiŶg hoǁ eŵďedded proĐessors 
for deep learning can provide power and performance 

optimizations that will bring these complex computations from 

the cloud to mobile devices.͟, Mike Polley

• Funded by Defense Advanced Research Projects Agency (DARPA)



ALPHAGO



THE DEEP LEARNING BIG WAVE





GOOGLE TRENDS IN SCIENCE - WEB SEARCH



HORIZON 2020



HORIZON 2020



HORIZON 2020



DEEP DREAM HTTP://DEEPDREAMGENERATOR.COM/

• Instead of exactly prescribing which feature we want the network to amplify, 

we can also let the network make that decision.

• In this case we simply feed the network an arbitrary image or photo and let the 

network analyze the picture.

• We then pick a layer and ask the network to enhance whatever it detected.

• Each layer of the network deals with features at a different level of abstraction, 

so the complexity of features we generate depends on which layer we choose 

to enhance.

• For example, lower layers tend to produce strokes or simple ornament-like 

patterns, because those layers are sensitive to basic features such as edges and 

their orientations.

Inceptionism: Going Deeper into Neural Networks

A. Mordvintsev, C. Olah, M. Tyka, Wednesday, June 17, 2015

http://deepdreamgenerator.com/
http://googleresearch.blogspot.it/2015/06/inceptionism-going-deeper-into-neural.html


BENGIO ON WHY DEEP LEARNING WORKS

• We understand that distributed representations, depth, 

and elements of the convolutional architecture and 

recurrent architectures correspond to

o preferences in the space of functions (or informally, 

priors)

• and we have theory explaining why some of these 

preferences can buy an important (sometimes 

exponential) statistical advantage (in the sense of 

needing less data to achieve some level of accuracy);

• more details in my book, pointing to some of the recent 

papers, my favourite being

o "On the Number of Linear Regions of Deep Neural 

Networks" (NIPS'2014).



BENGIO ON WHY DEEP LEARNING WORKS

• We understand better why the optimization problem 

involved in training deep networks is probably not as 

intractable as was previously believed, in the sense that 

the vast majority of local minima would actually 

correspond to very good solutions. Two good papers 

on the subject: 

o Identifying and attacking the saddle point problem in 

high-dimensional non-convex optimization 

(NIPS'2014)

o The loss surface of multilayer networks 

(AISTATS'2015).





DEEP LEARNING (FROM NATURE)

An image, for example, comes in the form of an array of pixel values, and

1. the learned features in the first layer of representation typically 

represent the presence or absence of edges at particular 

orientations and locations in the image.

2. The second layer typically detects motifs by spotting particular 

arrangements of edges, regardless of small variations in the 

edge positions.

3. The third layer may assemble motifs into larger combinations 

that correspond to parts of familiar objects, and subsequent 

layers would detect objects as combinations of these parts.

4. The key aspect of deep learning is that these layers of features 

are not designed by human engineers: they are learned from 

data using a general-purpose learning procedure.



DIGITAL INTUITION


