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| abs and Prizes

Lab |: Music Generation Lab 2: ComputerVision Lab 3: Large Language Models

N\

Lab submission: |/10/25 at | |:00am ET — extended deadline!

Instructions: bit.ly/6s |9 | -syllabus
sithub.com/MITDeeplearning/introtodeeplearning/
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Final Class Project

Option |: Proposal Presentation * Judged by a panel of judges
* At least | registered student to be * lop winners are awarded:
prize eligible

* Present a novel deep learning
research idea or application

* > minutes (strict)
* Presentations on Friday, Jan 10

* Submit groups by Thu |/9 by
1 1:59pm ET to be eligible

* Final slides by Fri 1/10 1:00pm ET
* Instructions: bit.ly/6s | 9 [ -syllabus

Lisplay Monitors
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Final Class Project

Option 2:Write a | -page review
of a deep learning/Al paper

* Grade Is based on clarity of

writing and technical
communication of main ideas

* Due FriJan 10 1:00pm ET
* Instructions: bit.ly/6s |9 | -syllabus
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Microsoft Research Forum

Recent research advances in Al, bold new ideas and
important discussions with the global research community.

E A ] Register Now
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So far in Introduction to Deep Learning...



‘Deep Voice' Software
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So far in Introduction to Deep Learning...
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Power of Neural Nets

Universal Approximation Iheorem

A feedforward network with a single layer is sufficient to approximate, to
an arbitrary precision, any continuous function.

I i I e~ sy MIT Introduction to Deep Learning
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Power of Neural Nets

Universal Approximation I'heorem

A feedforward network with a single layer is sufficient to approximate, to
an arbitrary precision, any continuous function.

Caveats:

The number of The resulting

hidden units may model may not
be infeasibly large generalize
mmm Massachusetts MIT Introduction to Learni |
II III Ilzﬂ,'ﬂﬁ:: o ihtf-ﬂt-ﬂdt&plti!rﬂing.{;: ﬂrﬂl | Dlen-prearhing FRorsiiek g JecHons BT TN




Artificial Intelligence “Hype": Historical Perspective

Popularity

Explosive
Growth

New Hopes

Inflated
Hype
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Limitations



Rethinking Generalization

“Understanding Deep Neural Networks Requires Rethinking Generalization™
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Rethinking Generalization

“Understanding Deep Neural Networks Requires Rethinking Generalization™
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Rethinking Generalization

“Understanding Deep Neural Networks Requires Rethinking Generalization™
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Rethinking Generalization

“Understanding Deep Neural Networks Requires Rethinking Generalization™
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Capacity of Deep Neural Networks

| Q0%
accuracy
U5 e ———— s ——————— et ——— P —————
original randomization completely
labels | random
B Training Set Testing Set
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Capacity of Deep Neural Networks

1 00%
accuracy
U%
original randomization completely
labels | random
. Training Set . lesting Set
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Capacity of Deep Neural Networks

Modern deep networks can
perfectly fit to random data

1 00% R > - - -
accuracy
U%
original randomization completely
labels | random
. Training Set . lesting Set
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Neural Networks as Function Approximators

Neural networks are excellent function approximators
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Neural Networks as Function Approximators

Neural networks are excellent function approximators
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Neural Networks as Function Approximators

Neural networks are excellent function approximators
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Neural Networks as Function Approximators

Neural networks are excellent function approximators
...when they have training data

How do we know when our
network doesn't know!

B R MIT Imtroduction to Deep Learning
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Deep Learning = Alchemy?

-

Random

network RS

architecture & =

Training da

Learning
algorithm
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Neural Network Failure Modes, Part |

Irain network to
colorize BW images.

Why could this be the case!?
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Neural Network Failure Modes, Part ||

Tesla car was on autopilot prior to fatal
crash in California, company savs

The crash near Mountain View, California, last week Killed the driver.

_ . 740 TIMES THE CAR
EENEWS " WOULD SWIVEL TOWARD
THAT SAME EXACT BARRIER
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Uncertainty in Deep Learning

!| .
A e e e A T

o -

Safety-critical
applications

Sparse and/or
noisy datasets
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Neural Network Failure Modes, Part Il

Original image Perturbations Adversarial example
Temple (97%) Ostrich (98%)
am S MIT Imtroduction to Deep Learning - . -
I I I I ::ﬂ,‘m ﬂ introtodesplearring com W aMITDeeplLearning Uespois “Adversanal examples” ZU17. 18/




Adversarial Attacks on Neural Networks

Perturbations

I I I i B Massachusells MIT | T ini
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Adversarial Attacks on Neural Networks

Remember:

We train our networks with gradient descent

d] (W, x,
W e w —p LW %)

oW

“How does a small change in weights decrease our loss”
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Adversarial Attacks on Neural Networks

Remember:

We train our networks with gradient descent

] (W, x,
W e w —p LW %)

oW

"How does a small change in weights decrease our loss”
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Adversarial Attacks on Neural Networks

Remember:

We train our networks with gradient descent

dJ(W,x,y) \

FIX your image X,
and true label y

W« W —n

oW

"How does a small change in weights decrease our loss”

II Iil- SERATRCR MIT Imtroduction to Deep Learning
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Adversarial Attacks on Neural Networks

Adversarial Image:

Modify image to increase error

aJj(W,x,y)
0x

“How does a small change in the input increase our loss”

X<QF¥ T+ X8

II Iil T MIT Imtreduction to Deep Learning
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Adversarial Attacks on Neural Networks

Adversarial Image:

Modify image to increase error

dJ(W,x,y)

E—ETN

0x

“"How does a small change in the input increase our loss”
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Adversarial Attacks on Neural Networks

Adversarial Image:

Modify image to increase error
Y S
oJ(W,x,y) ,

FIX your weights 6,
0x and true label y

E—ETN

“"How does a small change in the input increase our loss”
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Synthesizing Robust Adversarial Examples

" classified as turtle B classified as rifle
B classified as other

I I I i il = - MIT Imtroduction to Deep Learning
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Algorithmic Bias

Overcoming Racial Bias In Al Racial bias in a medieal algorithm favors white

Svetems And Startlingly Even In ablan e o sicker black natie
Al Self - Driving Cars patients over sicker black patients

Al expert calls for end to UK use of

; . . : - Al Bias Could Put Women’s
I’HEIHHY blHSE‘d Ellgﬂl'lthﬂlﬂ Lives At Risk - A Challenge For

Gender bias in Al: building Regulators

Bias in Al: A problem recognized but
fairer algorithms 1 anraachil

Amazon, Apple, Google, 1IBM, and Microsoft worse at
transcribing black pecple's voices than white paople's with
Al voice recognition, study finds

Millions ofblack people affected by racial
biasin health-care algorithms When It Comes to Gorillas, Google Photos Remains Blind

Stisdy reveals rarmpsind racism indecision-making soffware used By US haspitals Faceyhr ofovabiaed § Ae 6 B o Foko- dii) o D on SaTleads | abed Bick Diowts &1 priied 7 015 Mors [Fen T peeds: lier. B ] Pousd o8

The Week in Tech: Algorithmic Bias Is
Bad. Uncovering It Is Good.

Artificial Intelligence has a gender bilas
problem = just ask Siri

afd aghights ways Lo Correct L

Google fixed its racist algorithm by removing
gorillas from its image-labeling tech

The Best Algorithms Struggle to Recognize Black Faces Equally

LIS gorssrnimesn! mefe i wamn iop-parforming ‘=<l resogrnibcn mnyrirm e mnderntiily ek 3t ratsas Ave 1o 10 timee hghss than ey do whiise. ﬁ 5 I q I Lah
B E Massachusalls ritroduct | marm
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Neural Network Limitations...

* Very data hungry (eg. often millions of examples)

* Computationally intensive to train and deploy (tractably requires GPUs)
* tasily fooled by adversarial examples

* (Can be subject to algorithmic bias

* Poor at representing uncertainty (how do you know what the model knows!)

» Uninterpretable black boxes, difficult to trust

* Often require expert knowledge to design, fine tune architectures
* Difficult to encode structure and prior knowledge during learning

* Extrapolation: struggle to go beyond the data

II Iil T MIT Imtreduction to Deep Learning
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Neural Network Limitations...

* (Can be subject to algorithmic bias

* Poor at representing uncertainty (how do you know what the model knows?)

* Uninterpretable black boxes, difficult to trust
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Neural Network Limitations...

* Difficult to encode structure and prior knowledge during learning

* Extrapolation: struggle to go beyond the data
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New Frontiers I:
Generative Al & Diffusion Models




The Landscape of Generative Modeling

Lecture 4:
VAEs and GANs

Limitations Challenges
Mode collapse % Stability
. Generating OOD Efficiency
\ Quality
. f rff;,,@ Novelty

II Iil T MIT Imtreduction to Deep Learning
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Lecture 4:
VAEs and GANs Models

BE  Massachusatis
I l Institulo of
Technoalogy

The Landscape of Generative Modeling

Diffusion

Text-to-Image

"lwo cats doing research”
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Diffusion Models

VAEs/GANSs: Generating samples

In_one-shot directly from low-
dimensional latent variables

Noisy

latent vector

Diffusion: Generating samples iteratively by

repeatedly refining and removing nolse

generated noisy less even less generated
sample sample Noisy NoIsy sample

Bl fassachusans Hrrlrfl:rl'::ill::tinﬂ‘l:n-nup | adrrs
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The Diffusion Process

Forward noising
(data-to-noise)

- '|"'.'I' ey .
-I"'P e -J....l .

|.-r‘-h "i 11F -:':-F'.li_ﬁr

' L e T

T Tl = O e el il

Reverse denoising

(noise-to-data)
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I BE  Massachusatis
II Institulo of
Technoalogy

Forward Noising

Step |: Given an image (left), sample a random noise pattern (right)
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Forward Noising

Step 2: Progressively add more and more of the noise to your image

=

5%‘1{9. ' : PR

3
3

I':l_:

3
|

. ..ﬁﬂ

by N
AL

TAH

£
T

100% image 157% image

50% image 1257% image

0% image

0% noise 257 noise 50% noise 157% noise 100% noise
am S MIT Imtroduction to Deep Learning
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Reverse Denoising

T=12

“T

3

PR, g,
. o = . i | - = el
o L O Y E e A L

w {jli II'L..I . .-l_ . I-W-:-l-l" I: .'-Il'd-u- : -

P Rl -I"-i-:"—_":-—':--—:' Hﬂ'w :En WE
train this
networlk?
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Sampling Brand New Generations
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Sampling Brand New Generations
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Sampling Brand New Generations
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Sampling Brand New Generations
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Sampling Brand New Generations

T-4 TO (end)
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Sampling Brand New Generations
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Generating Images from
Natural Language

“A photo of an astronaut
riding a horse.”

A4

Rarmesh+ arXy 20072
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Text-to-Image Generation

"a painting of a fox sitting in a field at “an ibis in the wild, painted in the style  “close-up of a snow leopard in the snow
sunrise in the style of Claude Monet™ of John Audubon™ hunting, rack focus, nature photography”

T N

I i I i |- o MIT Introduction to Deep Learning
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Beyond Images: Molecular Design

Chemistry: Generating Molecules in 3D

Hoogeboom+ ICML 2022 |ing+ NeuwrdP5 2022, and more...

Biology: Generating Novel Proteins

.
" ¥
P & »
s .
£
WARRARS

Anand+ arXiv 2022 Watson+ Nature 2023, Ingraham+ Nature 2023, Wu+ Nature Comm. 2024, Alamdan+ bioRxy 2024 and more ... 6.5191
Guest Lecture!
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New Frontiers |l
Large Language Models



Large Language Models (LLMs) and the World

ChatGPT

0 5 £
Examples Capabilities Limitations
"Explain guantum computing in Remembers what user said May aoccasionally generate
gimple terms" = garlier in the conversation incarrect iInformation
"GOt any Crgative ideas for a 10 AlGWS user Lo provede allgw- My SCCasicnally produce
vear old's birthday?™ -» up corrections: harmful instructicns or biased
content
"How do | rmake an HTTP Trained to decline inapproperiate
request in Javascript?" - requests Limited knowledge of world and

events after 2021

GP1-4

@DpenAI

to Deep Learning

I I I e ae—— MIT Introduction
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What are LLMs!?

( ++
e =2

III'- e b MIT Introduction to Deep Learning
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How do LLMs like GPT work!?

Task and Objective:
Given a sequence of tokens,
- predict the next token.
Update model parameters given how

good next-token prediction is.

Training:

Dataset Model
Common Crawl, YWeb [ext, etc GPT
Split into chunks —“tokens” | /5B parameters (GPT3)

How does next token prediction work? é-f

I i I i |- o MIT Introduction to Deep Learning

Technology & introtodeeplearningcom W @MITDeeplearning f8/ L5




Raw text

Tokenization
and embedding

Next-token
prediction

Token
probabilities

BE Massachusals

I Insditule of
Technoalogy

Next loken Prediction

MIT deep learning is so awesome

Large language model (LLM)

MIT Imtroduction to Deep Learning
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Using LLMs to Generate lext

Training:

T Task and Objective:

= U Given a sequence of tokens,
u - predict the next token.
u Update model parameters given how

good next-token prediction is.

Dataset Model
Common Crawl, WebText, etc GPT
Split into chunks — “tokens” 175B parameters (GPT3)
Deployment:

Introduction

I’'m giving a talk on Al at MIT. ‘ ‘ What is Al?
Can you outline it? How does Al work?
How can we use Al?

I i I i |- o MIT Introduction to Deep Learning
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What capabilities do LLMs have!

Capabilities that are feasible and reliable now:

Knowledge Retrieval VWriting Co-Pilot Planning Co-Pilot

LLMs like GPT have shown mastery over natural language.
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Limitations of LLMs

Robustness: How "Hallucinations™ Guardralls and Logic and
confident! Confidently wrong Jaill::ur"eaks Numerics

::u:iel level
guardrails

Key challenges motivated by the high-level thinking process:

Cn @uN66rN you

translate ths from GPT s a language

model that...”

O

Spanish to English?

Wang+ arXiv 2023.

O

robustness + confidence; long-term planning; logic and discovery
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What can LLMs do!
Emergent Abilities with Scale.

An ablility 1s emergent If it Is not present in smaller models but is present In larger models.

Structuring Language Understanding Phonetics Performing Arithmetic
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Emergent Abilities: Towards Intelligence
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Foundation Models
Spawn a Powerful Idea

Towards a central reasoning system for
general-purpose Al

* Can generative foundation models
provide a central reasoning system!?

* Design Al to improve and evolve Al itself

* (Generative Al across iImages, biology,
anguage, and more -- power and caution

Relationships and connections between
artificial and human intelligence




