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What is Machine Learning?

ML is the study of ALGORITHMIC prediction

Machines that LEARN how to PREDICT
AlgoT: LEARNER

Algorithm: is a finite sequence of rigorous instructions, typically used to

SOLVE A CLASS of specific problems
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ML - definitions
We want the machine LEARN a PREDICTOR (the learner fixes parameters in the predictor)

Domain set: Label set:
X Usually, you have vectors x  of features y for example [0,1]
Training set:
§ = ((x1,y1), -, ey, yv)) What the learner can use to determine
Seguence of pairs X XY the values of the predictor’s parameters

L earner output;

s the predictor: a function / h: X - Y |
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Data-generation model
What are the data we use?

Instances from the training dataset are generated by some probability distribution

D is a probability distribution over the domain set X

The learner knows nothing about the distribution D

@ There is a “correct” labeling function f: X - Y
yi = f(x) Vi

This function is what the learner must learn.

The training dataset is the outcome of:
—Use D to extract x; from X
— Use f to compute y; given x;
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Recap:

We have a training set S sampled from an UNKNOWN distribution D and labeled
by some target function

The learner output is a predictor
: hS: X - y

The predictor depend on S

GOAL: find hg that minimizes the error with respect to
the UNKNOWN D and f
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Empirical Risk Minimization & loss function
Ly £(h), the true error, is not directly available because we do not know D and f

TRAINING ERROR: error of the predictor on the training samples

Ls(h) def [{i€[N]:h(xp) =y}

v IN] ={1,..,N}  EMPIRICAL RISK/ERROR

A loss function takes two inputs, ¥ = h(x) and the target values y, and returns a real number
loss (¥, y) that we interpret as a quantified error for predicting y when the targetis y .

The risk associated with h is defined as
L(h) = E(loss(h(X),Y)
N

Lo(h) = 3 Loss(h(x), )
=1
DSIP
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Deep Learning

How do we choose ?

Many different algorithms available to
approximate the target function
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Today most of the people use:

Deep Neural Networks
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What the computer sees

82% cat
15% dog
2% hat

1% mug

image classification

Kevin P. Murphy,
Probabilistic Machine Learning, An Introduction
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Deep Learning:

Fully connected Tabular data

Convolutional Images

Recurrent Sequence

Transtormer Seqguence

[ Ditfusion | mages Largg Language models

\. [ChatGPT]

Images generative models
[Dall-E]

DSIP
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Intelligenza Artiticiale;

Teoria delle probabilita sotto steroidi

Cielo — Wikipedia

Rino Gaetano - Maiil cielo e sempre piu blu (Official Video)

Mail cielo e sempre piu blu (Extended Version) — YouT ube

Bungaro e Fiorella Mannoia - Il Cielo e di Tutti ... — YouTube

Perché il cielo e blu?

Perché il cielo e blu? La spiegazione semplice

Scienza Per Tutti - 0264. Perche il cielo e azzurro? — INFN -
Perche il cielo e blu — base

I cielo e di tutti. Ediz. a colori: Il cielo e di tutti - Amazon.it
| cielo & di tutti ICieloe — Al
| cielo e di tutti - Gianni Rodari

I cielo non e bly, lo dice la scienza

I cielo e dei leggeri - Matteo Munaretto

Il cielo e di tutti, la terra e di tutti - Mirca Benetton| Ed. ETS
I cielo e dipinto di stelle

Il Cielo e di Tutti! - Video — RaiPlay

Perché il Cielo e Azzurro? Come spiegarlo ai bambini

| cielo e dei violenti di Flannery O'Connor

Il cielo e di tutti - Rodari/Costa | Emme Edizioni

Perche il cielo e blu?

O OO~ O U ~NwiNd

—\
—\
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=>C™ Tokens and Embeddings
Computer cannot understand natural language,
Vector embedding

meta-llama/Meta-Llama-3-708 Can capture semantic meaning and relationships.

Token count

9

walked
Rome

the-weather-in-Darmstadt-is-amazing-today

Germany

Russia

walking Ankara

. Japan
o Vietnam )
swimmin
g @ .
' @)
@ Tokyo
Hanoi

.
P

Beijing

Verb Tense Country-Capital

https://tiktokenizervercel.app
Source:
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https://developers.google.com/machine-learning/guides/text-classification/step-3

=>C ™™ Tokens and Embeddings
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the-weather-in-Darmstadt-is-amazing-today

N ACALALALAA

Tokens are processed autoregressively
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Attention mechanism

Output
Probabilities

Softmax

. Transformer is the g@—ﬁo architectgre for deep learning models,
powering text-generative models like OpenAl's GPT, Meta's Llama

..
(open), and Google's Gemini.

Feed
Forward

Add & Norm

* Latest models can have more than 500 billion parameters, which are
weights learned by the model during training.

* LLMs demand enormous data and compute power, balancing
accuracy, cost, and sustainapility.

Add & Norm

Feed
Forward

Add & Norm
Multi-Head
Attention

Positional

Encoding ‘v
Input
Embedding

Inputs

Multi-Head
Attention

[ Add & Norm |

Masked
Multi-Head
Attention
1

Positional
e Encoding

Output
Embedding

Qutputs
(shifted right)

Source: Attention Is All You Need
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cowpaon: Whatis an LLM

Auto-regressive system* that, given the user prompt, will complete it with the

The actress that played Rose in the 1997 film Titanic is named Kate Winslet. She was born on Octob

Kate = 65.16%
Gloria =10.15%
Frances = 3.65%
Rose = 2.00%
Billy = 1.44%

Different from humans (typically) thinking first about what they want to say and then how.

DSIP *the output variable depends on its previous values.
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Due guestioni:

Quali sono i rischi legati allo sviluppo dei
sistemi basati su Intelligenza Artificiale

'Intelligenza Artificiale e intelligente

M. Cristoforetti — Convegno Universitas University — Chiavari — 21-23/02/25
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- D( 2018 Turing Award winners

Yoshua Bengio Yann LeCun

Geoffrey Hinton

Managing Al Risks

in an Era of Rapid Progress

Yoshua Bengio Mila - Montréal, Canada CIFAR Al Cha

Geoffrey Hinton

Andrew 0 Tsinghua University
Yoshua Bengio, Geoffrey Hinton, Andrew Yao, Dawn Song, Pieter Abbeel, Yuval Noah Harari, Ya-Qin Zhang, Lan Xue, Shai Shalev-Shwartz, Gillian
Hadfield, Jeff Clune, Tegan Maharaj, Frank Hutter, Atilim Glnes Baydin, Sheila Mcllraith, Qigi Gao, Ashwin Acharya, David Krueger, Anca Dragan,
Philip Torr, Stuart Russell, Daniel Kahneman, Jan Brauner, Séren Mindermann, arXiv:2310.17688, 26 Oct 2023
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® Dragos Margineantu ha messo Mi piace
g?/ @ylecun

One thing we know is that if future Al
systems are built on the same blueprint
as current Auto-Regressive LLMs, they
may become highly knowledgeable but
they will still be dumb.

They will still hallucinate, they will still
be difficult to control, and they will still
merely regurgitate stuff they've been
trained on.

MORE IMPORTANTLY, they will still

be unable to reason, unable to invent
new things, or to plan actions to fulfill
objectives.

And unless they can be trained from
video, they still won't understand the
physical world.

Future systems will *have* to use

a different architecture capable of
understanding the world, capable of
reasoning, and capable of planning so
as to satisfy a set of objectives and
guardrails.

Twitter, 28/10/2023
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Quali sono i rischi legati allo sviluppo dei
sistemi basati su Intelligenza Artificiale

Societal-scale risks

Al systems could rapidly come to outperform humans
in an increasing number of tasks. If such systems
are not carefully designed and deployed, they pose a
range of societal-scale risks. They threaten to amplify
social injustice, erode social stability, and weaken our
shared understanding of reality that is foundational
to society. They could also enable large-scale crimi-
nal or terrorist activities. Especially in the hands of
a few powerful actors, Al could cement or exacer-
bate global inequities, or facilitate automated war-

fare, customized mass manipulation, and pervasive
surveillance

Many of these risks could soon be amplified, and
new risks created, as companies are developing au-
tonomous Al: systems that can plan, act in the world,
and pursue goals. While current Al systems have lim-
ited autonomy, work is underway to change this'*.

12,13

For example, the non-autonomous GPT-4 model was
quickly adapted to browse the web!®, design and ex-
ecute chemistry experiments!'®, and utilize software
tools!” including other Al models!®.

M. Cristoforetti — Convegno Universitas University — Chiavari — 21-23/02/25
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Quali sono i risch
.

Introduction

Pretraining

|egat a”O S\/HuppO de 21 PretrainingData. . . . . .00 i e e e s
stemi basati su Intelligenza Artificiale L et Bien

Fine-tuning

3.1 Supervised Fine-Tuning (SFT) . . . . . 000 ittt et
3.2 Reinforcement Learning with Human Feedback (RLHF) . ... .................
3.3 System Message for Multi-Turn COnsISEENCY . . . o .0 v vt v v i e i i e e a s
34 RLHFResults .. ... .. ... e

Safety
4.1 Safety in Pretraining
42 Satety Fine-Tuning
iR a nnnonancnosaccnano0ba00a0a00a00a0b0a00a08a0000:0

Safety Evaluation of L.

iscussion

Learningsand Observations . . . . . . . ... i i it ittt e e e

Limitations and Ethical Considerations

Responsible Release Strategy

Related Work
Conclusion

Appendix

Contributions . . . . . . e e e e e e e
Additional Details for Pretraining . . . . .. ... ... oLl

3 Additional Details for Fine-tuning

. 4 Additional Details f

vSPatadmnotation -~ s e e e
Dataset Contamination . . . . . . . . . . .. o e e e e e e e
Model Card . . . . . . . . L e
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One thing we know is that if future Al
systems are built on the same blueprint
as current Auto-Regressive LLMs, they
may become highly knowledgeable but
they will still be dumb.

They will still hallucinate, they will still
be difficult to control, and they will still
merely regurgitate stuff they've been
trained on.

MORE IMPORTANTLY, they will still

be unable to reason, unable to invent
new things, or to plan actions to fulfill
objectives.

And unless they can be trained from
video, they still won't understand the
physical world.

'Intelligenza Artificiale e intelligente

Future systems will *have* to use

a different architecture capable of
understanding the world, capable of
reasoning, and capable of planning so
as to satisfy a set of objectives and
guardrails.

Twitter, 28/10/2023
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'Intelligenza Artiticiale e intelligente”
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N inizio di risposta e «la domanc

igenza Artificiale non si pone do
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Backup
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Neural Network: the layer

IIu‘\.-'“ N1LWGW|L| .)(4 E VJ’I

6— Wt Wap (WesWas| | Ry + by — bfl

/N Wy W W3

Lo
Y |32 Wes| 3y | X3 ‘L’h ‘1,3
E ] i\ ﬁ 2

Activation function

Not this one

The layer for me is

this one ‘13: 6-(?(» W.3 "“}3;)

Linear combination +
Non linear activation function
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x@—’) y —> ﬂ‘; 1‘7() Gradient Descent

Ve — ‘
. W = w — QWQ(W)
Whie o' —s 2141, L

X

Learning rate Need to compute the

gradient wrt each weight

DSIP
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Text-to-image generator

—> Multimodal

Training

Text —Image pair

\’

CLIP
v

Text + image embedding

\

Diffusion Prior
Transformer Decoder

J
Decoder, GLIDE

Deep Learning example: DALL-E

Inference

Text

Transformer for embeddings
> generation based on contrastive
learning

Decoder-only Transformer that
—> Given text & random embedding =
CLIP image embedding (via Diffusion)

CLIP's Text Encoder

V

Text + random image
embedding

v

PRIOR,
Decoder

v

Text + image embedding

N Diffusion based on U-net with input text

& image embeddings produces image

DSIP
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Diffusion model

— Forward diffusion

q(xelxe—1)

q(xelxe—1) = N (xe; gy = V1= Bexi—1,Z = Br)

Reparameterization trick

xt = v atxO + 1-— atfo

— Reverse diffusion

po(xe—1lxt) = N(xt—1xt» t)xt» )|

Neural Network

Po (X¢—1]xt)

This works because the process is Gaussian
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