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Why is it happening?

1. Scientific/mathematical breakthroughs, esp in machine learning

2. Growth in raw computing power
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For comparison:

# Neurons
in Brain

Fruit Fly 100,000

Cat 1,000,000,000
Chimpanzee 10,000,000,000
Human 100,000,000,000



What is Artificial Intelligence?

Al is the study, design, and development
of computational processes to solve problems
that previously required human intelligence

The “Al Paradox”. once we become familiar
with a technology, we stop considering it Al




“Good Old-Fashioned Al”

« Early Al systems were explicitly programmed
— reasoning systems were based on logic
— rule-based “expert systems”
— language systems explicitly modeled grammar
— vision systems reasoned about optics, geometry

* Many important conceptual foundations

A Proposal for th
Dartmouth Summ
Research Project on

Artificial Intelligence
August 31, 1955

 Few practical successes
— systems were brittle in practice
— dealt poorly with noise, imperfect world models




Search

* Instead of telling a computer how to solve a problem,
tell it how to recognize a solution & let it experiment

* Drove many of Al’'s early successes:

L

Artificial Intelligence

November 1982, Pages 279-320

A world-championship-level Othello program

@ Show more

Abstract

Othello is a recent addition to the collection of games that have been examined within
artificial intelligence. Advances have been rapid, yielding programs that have reached

the level of world-championship play. This article describes the current champion

(2) the implementation of a program based on this analysis and state-of-the-art Al
game-playing techniques; and (3) an evaluation of the program's performance through

games played against other programs and comparisons with expert human play

Othello program, iaGo. The work described here includes: (1) a task analysis of Othello;

Al Magazine Volume 17 Number 1 (1996) (£ AAAI)

CHINOOK

The World Man-Machine
Checkers Champion

Jonathan Schaeffer, Robert Lake, Paul Lu, and Martin Bryant

B In 1992, the seemingly unbeatable World Check
er Champion Marion Tinsley
against the c

fended his title

) cHNoOK. After an

intense, tightly contested match, Tinsley fought
back from behind 1o win the match by scoring

defended his tit
o reports on the
checkers (8 3 8 draughts) progeam

h and development on

ated in a rematch with Tins
ley in August 1994, In this match, after six games
Lall deaws), Tinsleyavithdrea from the malch and

the American Checker Federation (ACF), citi-
Nook was allowed to play in the 1990 U.S.
championship. This biennial event attracts
the best players in the world, with the winner
carning the right to play a match for the
world championship

cHivook came in an undefeated second in
the tournament behind the world champion
Marion Tinsley. The four individual games
between crinook and Tinsley were drawn
This placing earned criNook the right to chal
lenge Tinsley for the world championship,
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On May 11, 1997, an IBM computer called IBM ® Deep
Blue ® beat the world chess champion after a six-game
match: two wins for IBM, one for the champion and
three draws. The match lasted several days and
received massive media coverage around the world. It
was the classic plot line of man vs. machine. Behind
the contest, however, was important computer science,

nushine forward the ahilitv of caomnuters to handle the




Machine Learning

« Give a computer examples of a pattern
and ask it to find a rule

» x: features; y: labels

« Example:
— x = blood pressure, diet, exercise, age, gender
— y = risk of heart disease

‘ll',

A

heart
disease
risk

patient features




Deep Learning with Neural Networks

* Get rid of features!

— build machine learning models that take raw inputs
like pictures, sound recordings, text, ...

* Architecture is loosely analogous to brains

 An old idea sos; 80s)
— Fundamental benefit: scalable model complexity
— Breakthrough idea (2014): accelerate training with GPUs

F = . i < cancer
NO cancer

« Example:
— x = lung X-ray
image

= lung cancer ,
diagnosis




Image, Face Recognition

* Understanding images and faces had long been
seen as a fundamentally hard Al problem

* Deep learning was a game changer

DeepFace: Closing the Gap to Human-Level Performance in Face Veri

Yaniv Taigman Ming Yang

Facebook Al Research
Menlo Park, CA, USA

{vaniv, mingyang, ranzato}@fb.com

Abstract

In modern face recognition, the conventional pipeline
consists of four stages: detect = align = represent = clas-
sify. We revisit both the alignment step and the representa-
tion step by employing explicit 3D face modeling in order to
apply a piecewise affine transformation, and derive a face
representation from a nine-layer deep neural network. This
deep nerwork involves more than 120 million parameters
using several locally connected layers without weight shar-
ing, rather than the standard convolutional layers. Thus
we trained it on the largest facial dataset to-date, an iden-
tity labeled dataset of four million facial images belong-
ing to more than 4,000 identities. The learned representa-
tions coupling the accurate model-based alignment with the
large facial database generalize remarkably well to faces in
unconstrained environments, even with a simple classifier.
Our method reaches an accuracy of 97.35% on the Labeled
Faces in the Wild (LFW) dataset, reducing the error of the
current state of the art by more than 27%, closely approach-
ing human-level performance.

1. Introduction

Face recognition in unconstrained images is at the fore-
front of the algorithmic perception revolution. The social
and cultural implications of face recognition technologies
are far reaching, yet the current performance gap in this do-
main between machines and the human visual system serves

ving to deal with these implic:

Mare’ Aurelio Ranzato

Lior Wolf

Tel Aviv University
Tel Aviv, Israel

wolf@es.tau.ac.1l

toward tens of thousands of appearance features in other re-
cent systems [, |, |.

The proposed system differs from the majority of con-
butions in the field in that it uses the deep learning (DL)
nework [ 1, 7 1] in lieu of well engineered features. DL is
especially suitable for dealing with large training sets, with
many recent successes in diverse domains such a on,
speech and language modeling. Specifically with faces, the
suceess of the learned net in capturing facial appearance in
a robust manner is highly dependent on a very rapid 3D
alignment step. The network architecture is based on the
assumption that once the alignment is completed. the loca-
tion of each facial region is fixed at the pixel level. It is
therefore possible to learn from the raw pixel RGB values,
without any need to apply several layers of convolutions as
is done in many other networks [ 17, 7]

In summary, we make the following contributions : (i)
The development of an effective deep neural net (DNN) ar-
chitecture and learning method that leverage a very large
labeled dataset of faces in order to obtain a face representa-
tion that generalizes well to other datasets: (i) An effective
facial alignment system based on explicit 3D modeling of
faces; and (iii) Advance the state of the art significantly in
(1) the Labeled Faces in the Wild benchmark (LFW) [ -],
reaching near human-performance; and (2) the YouTube
Faces dataset (YTF) [ ], decreasing the error rate there by
more than 50%.

1.1. Related Work

Big data and deep learning  In recent year
< w

large num-

Microsoft, Google Beat Humans at
Image Recognition

Deep learning algorithms compéte at ImageNet
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Reinforcement Learning

« Often a complex sequence of actions must be
taken before reaching a reward or punishment
— RL: an ML approach for such settings

 Example:
— navigate a maze to reach a goal
— you need a key to unlock the door
— quicksand slows you down

u [] " \J",‘ > 9 N
° F d f R L | d h 80 GOOGLE'S ALS NOW ST IN A HUGE BREAKTHROUGISN, ¢ Al shoves all in: DeepStack, Libr 7
Oun atlons O al |n t e S EIQI‘!‘.{I{ 1‘0 PLAY ATARI LIKE GOOGLES AT BEATS A 1@1\ poker bots battle Texas Hold 'em pros™\_/

THE PRO PLAYER AT THE GAME OF GO heads up

Both robo-players ace humans — in one-on-one
matches

* Breakthroughs in mid 2010s:

— state representation using deep learning
— Monte Carlo Tree Search
— new policy search algorithms




Self-Supervision and Generatlve Al

How can we learn from huge, unlabeled datasets?

— traditional ML needs class labels
— RL needs rewards

A really clever idea: turn raw data into puzzles

Stanley Park has a long history. The land was originally used by
Indigenous peoples for thousands of years before British Columbia was 2
colonized by the British during the 1858 Fraser Canyon Gold Rush and
was one of the first areas to be

Claymation zebra standing in front of a chalkboard holding a yellow book

* The same idea works with images

— add noise and ask the model to remove it
— use existing image captions as “clues” to teach association between text and images

Eventually, models can generate inputs like those they saw during training

— give the first few lines of an essay and the model will complete it
— start with random noise and a text description and ask the model to denoise it



Large Language Models (GPT-3, ...)

Start with a huge corpus of text
— the entire Internet, filtered for link spam
— books and news
— code repositories
— transcripts of conversations

« Take an absolutely enormous neural net
— GPT-2: 1.5B parameters

~ GPT-3: 1758 parameters G et i

— GPT-4: 8 * 220B = 1.76T parameters
» Spend literally millions of dollars . I
conducting self-supervised training i
* The resulting “foundation model” can
be “fine-tuned” to specific tasks

— e.g., sentiment analysis on Twitter: X = tweet; Y = positive/negative o Theseus 1

T T T T T T T TT
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Chat Models (ChatGPT, ...)

« Supervised fine tuning
— align to the chat task via examples of input and output

 Human alignment
— generate multiple texts for each prompt

— get humans to rank them

= |t matters who gets chosen to do this work!
= in newer work, get an aligned LLM to rank them (RLAIF)

— train a reward model to predict these human preferences
= Or possibly multiple models: helpfulness; honesty; harmlessness

 Reinforcement learning
— initial state: context

— actions: words
— reward: human-aligned reward model




