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Francois Chollet, “Deep Learning with Python,” Manning, 2017
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Self-Supervised Learning

» Predict any part of the input from any _IJJM;

other part.
» Predict the from the past.
, /’f
» Predict the from the recent past.

» Predict the from the present. ﬁ - '
. y

» Predict the from the bottom. '

» Predict the occluded from the visible ' P

» Pretend there is a part of the input you « Past Present Future —
don’t know and predict that. ‘ Slide: LeCun

e https://www.youtube.com/watch?v=710Qt7GALVk




5 Tribes of Machine
Learning

_{ » Evolutionaries (/& i* /=

* Connectionists (#g4¢ & 3 §2)
| * Symbolists (&ﬁ: E)

* Bayesians (B = 4§ &)

| » Analogizers (g +* 27 12)

The Master Algorithm — Pedro Domingos



5 Tribes of Machine Learning

* Symbolists: Decision Trees, Random Forest
* Bayesians: Nailve Bayesians

* Analogizers: SVM, k-NN

* Evolutionaries: Gene algorithms

* Connectionists: Deep Learning



All Algorithms can be Reduced to 3 Operations!
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Number of Connections in the Brain

Neurons (for adults):
10"1%, or 100 billion, 100000000000

Synapses (based on 1000 per neuron):
10714 or 100 trillion, 100000000000000



Frank Rosenblatt’s Perceptron (1957)

it
1if 2 w.x->0
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1969: Perceptrons can’t do XOR!

I ’L'l' t.'t.'[""l rons hitp://hy perphysics phy-astr gsu.edu/hbase/electronic/ietron/xor.gif

Minsky & Papert

http: [/www. -programmer info/images/stories/BabBag/Al fbook. jpg

https: /fconstruct ingk ids files wordp ress com /201 3/05/minsky -pap ert-7 1 -csolomon-x 840 jpg



1969 - 1990



Deep Learning

Geofirey HiMon Yann LeCun Yoshua Bengio
(Taranto, Google) (Nesaork, Facebook) (Montreal)







Learning XOR (1986) .
Geoffrey Hinton

XOR Network

Feature Detector; 2 ones.

https://torontolife.com/life/ai-superstars-google-facebook-apple-studied-guy/




Backpropagation
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Example: Recognizing Handwritten Digits

* MINIST dataset
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Gradient Descent

J(w) Initial

| _— Gradient
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Input space Y

“GGradient”, the direction
of st (\Oﬁ)ml increase
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Major Types of Neural Networks

o

eep Convolutional Network (DCN)

) Yo W 4
* Convolutional Neural Networks e e
(CNN) < ':;'?3.
Yoo il "4
* Recurrent Neural Networks (RNN) rerengge

9,9,
IERIEXY

 Generative Adversarial Networks
(GAN)

e Attention & Transformer

https://www.asimovinstitute.org/neural-network-zoo/




Convolutional Neural Network (LeNet-5)

* https://medium.com/@sh.tsang/paper-brief-review-of-lenet-1-lenet-4-lenet-5-
boosted-lenet-4-image-classification-1f5f809dbf17

dici C3: . maps 16@10x10
INPUT E&Emtum Maps

| | Ful conection | Gaussian connections
Convolutions Subsampiing Comvolutions  Subsamgpling Full connection

A Full Convolutional Meural Metwork (LeMet)
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ImageNet
Large Scale
Visual Object

Recognition
Challenge
(ILSVRC)

* 1000 categories
* For ILSVRC 2017

—Training images for each category ranges

from 732 to 1300

—50,000 validation images and 100,000

test images.

* Total number of images in ILSVRC 2017

is around 1,150,000

> 4

/

33

I



Error Rate on ImageNet Challenge (~2011)

28.2

25.8

( shallow |

ILSVRC'11  ILSVRC'10



Deep Convolutional Neural
Network (AlexNet)

* Alex Krizhevsky, llya Suskever, Geoffrey

Hinton, 2012
*1.]
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Error Rate on ImageNet Challenge (~2015)

28.2

258

‘ 152 layers |

11.7

[ 22 Iavers [ 19 !a'.rers ]
\ 6.7

35? I__‘_I | 8 layers || 8 layers | shallow ‘

ILSVRC'1S  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet
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Residual Network (ResNet
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)P 1 ACCURACY

TC

Comparison of Popular CNN Architectures

* ImageNet top 1 accuracy

ImageNet-1K Acc.
90
View | Top 1 Accuracy v| by | Date v| for | All models v
88
100 = g6 ConvNeXt
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75 A DeiT viT (2021)
Aexhet ResNet (2020) " (2020)
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% 4
78 ImageNet-1K Trained ImageNet-22K Pre-trained
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https://paperswithcode.com/sota/image-classification-on-imagenet
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https://www.youtube.com/watch?v=quULXjoKfdg




YOLO v4, v/
Authors and Me

* From left to right
— Me, Dr. Mark Liao, Dr. Wang




Recurrent Neural Networks (RNNs)

Output

* An internal state (memory)

Recurrent
Connection

* Feedback loop

* Good for processing time-
series data

Input



Unroll the RNN

h)
]
A

6

:

Lol
§h

https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Long Short-term Memory (LSTM)
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Neural Network Pointwise Vector
Layer Operation Transfer

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ Jurgen Schmidhuber

Concatenate Copy




Encoder RNN

Sequence-2-Sequence model (Language Translation)

Target sentence (output)
Encoding of the source sentence. A

I k.
Provides initial hidden state
‘t have any money <END>
for Decoder RNN. Wie ([pod GolL Y _ Y

E|: E|: E|:* E|: E|: E|: E
5] 1 &) :o®| % & :o® :®| ;% ® =
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o o |o|| |® JolL el el el o] o] e a
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les pauvres sont démunis <START> the poor don’t have any money
, 1 J
Y

Source sentence (input)

https://towardsdatascience.com/introduction-to-rnns-sequence-to-sequence-language-translation-and-attention-fc43ef2cc3fd 46
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Attention is All
You Need!

Ashish Vaswani* Noam Shazeer” Niki Parmar” Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* FLukasz Kaiser”
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *

illia.polosukhin@gmail.com

Google Brain & University of Toronto, NIPS, 201




Attention Module in Transformer

* Query (Q), Key (K), Value (V) attention

QK™

Attention(Q, K, V') = softmax(
| V.

1%

A. Waswani et al., “Attention 1s All You Need, ” NIPS, 2017

48



Query, Keys, Values

Query

[Q “dogs on the beach” ]

|
~ ’
- -
7’ “ N

Retrieving
images from
a database

Keys
match: 0.5

Tree

Boat

match: 1.0

Tree

match: 0.5

Values

49



The Transformer Model

* Encoder-decoder architecture

* Multi-head attention
— Self-attention in encoders
— Masked Self-attention in decoders
— Encoder-decoder attention

* Positional encoding

A. Waswani et al., “Attention 1s All You Need, ” NIPS, 2017

OQutput
Probabilities

it

Linear

g ™\
Add & Norm
Feed
Forward
s A Add & Norm
r-*— .
Add & Norm Multi-Head
Feed Attention
Forward T 77 Nx
;\
N Add & Norm
f-" Add & Norm l Mackao
Multi-Head Multi-Head
Attention Attention
A ) W
o J . —
Positional o) ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

50



VISua|IZ|ﬂg Atte ntlon Layer: 5 §|Attention: Input - Input —

The_ The
» Tensor2Tensor Notebook S -
idn_ didn_
https://colab.research.google.com/github/tenso - "
rflow/tensor2tensor/blob/master/tensor2tensor t_ t_
/notebooks/hello t2t.ipynb Cross._ Cross_
the_ the_
street_ street_
, , because_ because_
Inputs: The animal didn't cross the it . it
street because 1t was too tired was_ was._
‘ too_ too_
tire tire
Outputs: Das Tier uberquerte die StraBe d d

nicht, weill es zu mide war, well es zu
mude war.

51



Deep Reinforcement Learning
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Reinforcement

Learning

environment state S} Source: David Silver, UCL




DeepMind: DRL in Atari

g "\.— N
s \ }
/NN & ¢ )
4 Y N o4 4| R action
4 O [ V1]
U Deelend [+ \ - / o ay
LN g ~ f
_r_.—,——ve'— rf —
\ % _/;;,‘
&
reward ry

Demis Mustafa
Hassabis Suleyman

Mnih et al., “Human Level Control through Deep Reinforcement Learning,” Nature, 2015



Learning to Play Atari Games David

Silver

000000 958910
SECTOR 01 bbb




Complexity of Go vs. Chess

Game Board size  State space  Game tree size

Go 19x 19 1017 10
Chess %8 10° 10'%°

Checkers Q x 8 10'® 10°*




O
O.. .O
® , ,
O. O .O

AlphaGo

Google DeepMind

ALPHAGO B il PP |
001022 @ ' ¢ LEE SEDOL
N o . 00:01:00




| I3 —_— i
b |
o
;
;

| -....fﬂﬂ_;:.'ﬁ_ﬂi_a:'l- 1]

Nz -




AlphaGo Z§59
pStarting from ch
‘-;“ £ -
" B aans
g \ =




Elo Rating
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Elo Rating

AlphaGo Zero surpasses all other versions of AlphaGo
and, arguably, becomes the best Go player in the world.
It does this entirely from self-play, with no human
intervention and using no historical data.

O -

—

L} I ] L ] ] 1

10 15 20 25 30 35 40

s AlphaGo Zero 40 blocks  eeee« AlphaGo Lee  «eees AlphaGo Master
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Generative Adversarial Networks (GAN)

* [an Goodfellow

Training set

Random
noise
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Adversarial Attack

“pﬂndﬂ“
57.7% confidence PQ.3% confidence

75,



OpenAl GPT: Pre-training Transformer Decoders

* Unsupervised pre-train transform decoders for predicting the next word

(GPT: Generative Pre-Training)
e Use 12 Transformer decoders in GPT-1

— GPT-1: Improving Language Understanding with Unsupervised Learning (2018)

— GPT-2: Better Language Models and Their Implications (2019)

— GPT-3: Language Models are Few-Shot Learners (2020)

(~

N\

DECODERS

~)

=

67



OpenAl GPT for Different Tasks

Text Task T .
Prediction NE TR Tl Classification Start Text Extract }- Transformer = Linear
¢ s
Entailment Start Premise Delim | Hypothesis | Extract | Transformer — Linear
Layer Norm |
Eeed Forward Start Text 1 Delim Text 2 Extract | > Transformer
i Similarity - Linear
12x — .
Start Text 2 Delim Text 1 Extract | > Transformer
Layer Norm -
$ i Start Context Delim | Answer 1l | Extract || Transformer = Linear —
Masked Multi |
Self Attention =
1 Multiple Choice | Start Context Delim | Answer 2 | Extract | > Transformer | Linear {
Text & Position Embed Start Context Delim | Answer N | Extract | > Transformer — Linear [—

https://cdn.openai.com/research-covers/language-unsupervised/language understanding paper.pdf .,




OpenAl GPT-2

* Pre-trained using 40GB of Internet text
 Scale-up of GPT with 10X parameters trained with 10X data

e Other tricks

— Layer normalization was moved to the input of each sub-block
— An additional layer normalization was added after the final self-attention block

Parameters Layers  dmodel

117M 12 768

345M 24 1024
762M 36 1280
1542M 48 1600

https://openai.com/blog/better-language-models/
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Size does Matter! GPT-3

e 175 Billion
Parameters!

* 175x4=700GB

* 55 years and
S4,600,000 to
train - even
with
the lowest
priced GPU

PARAMETER SIZE (MILION)

12 18 66 110 110

cloud on the & & & &

; ) & 2
market. fé \yé R S q_@é"‘

125 340 340 355 1,500

COMPARISON: NLP PRE-TRAINED MODELS

u,unu

o\

175,000

17,000

6
» g

https://medium.com/analytics-vidhya/openai-gpt-3-language-models-are-few-shot-learners-82531b3d3122
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Step 1

Collect demonstration data
and train a supervised policy.

A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

™
./
Explain reinforcement

learning to a 6 year old.

o)

4

We give treats and

punishments to teach...

Step 2

Collect comparison data and

train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used
to train our
reward model.

~
L

Explain reinforcement

learning to a 6 year old.

0]

In machine We give trests and
leaming punishments 1o
tesch.

OpenAl ChatGPT

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

S g

Write a story
about otters.

Once upon a time...
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Foundation Models (3

Tasks

Question 9 |
k Answering ,,'

* One model for All (2021)

Data . Sentiment
Stanford University ' ‘t‘} . Analysis
Human-Centered il \/2 '3')
Artificial Intelligence Text | l
, r
\ ‘ k; : 'ﬁt Information 4
Center for "= Jj ieues N Extraction
o 53 Adaptation
Research on Spesch ﬂf\ﬂr\; Training Foundation -
Foundation Model .. Captioning %
Mo d e l S * Structured
* . Data

Object

N
= P v, Recognition
3D Signals é y

N Instruction
&}? Following .. -

https://crfm.stanford.edu/assets/report.pdf



Large
Language
Model
(LLM)
Practical
Guide

l Evolutionary
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(~) Hugging Face: Free LLM models

‘;) Hugging Face Q. Search models, datasets, users... # Models Datasets [ Spaces  Docs & Solutions  Pricing ~= .
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LLaMA (Large Language Model Meta Al)

https://llama.meta.com/
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Overview of Different Generative Models

GAN: Adversarial ’ _| Discriminator Generator i
o X ' mme z X
training D(x) G(z)

VAE: maximize x Encoder > Decoder i
variational lower bound 94 (2z[x) po(x|2z)
Flow-based models: X > Flow o Z = Inllfrse i
Invertible transform of f(x) f(=2)

distributions
Diffusion models:. X0 X1 - Xo . Z

Gradually add Gaussian g e ey RN HAR e i e
noise and then reverse

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Diffusion is All You Need!
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https://arxiv.org/pdf/1503.03585.pdf




Bing Chat Image Generation (DALL-E
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Stable Diffusion WebUI

* Download: github.com/AUTOMATIC1111/stable-diffusion-webui
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Video Generation (Open Al Sora)

* https://openai.com/research/video-generation-models-as-world-simulators




Limits of Deep Learning




motor scooter 0.é9 parachute 1.0 bobsled 1.0 parachute 0.54

L

school bus 0.98 fireboat 0.98 bobsled 0.79

B

fire truck 0‘.99
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Limitations of ChatGPT

* Sometimes writes plausible-sounding but incorrect or nonsensical
answers (—ZNE&SHAHER JGE)
* Sensitive to tweaks to the input phrasing

* |deally, the model would ask clarifying questions when the user
provided an ambiguous query. Instead, current models usually guess

what the user intended.

* Sometimes respond to harmful instructions or exhibit biased
behavior.

https://openai.com/blog/chatgpt




How to
Control
the Super
Intelligence?




Most Secure Jobs against ChatGPT

* Tyna Eloundou, ‘GPTs are GPTs: An Early Look at the Labor Market Impact Potential of Large Language
Models,” OpenAl, 2023

Occupations with no labeled exposed tasks

Agricultural Equipment Operators

Athletes and Sports Competitors

Automotive Glass Installers and Repairers

Bus and Truck Mechanics and Diesel Engine Specialists
Cement Masons and Concrete Finishers

Cooks, Short Order

Cutters and Trimmers, Hand

Derrick Operators, Oil and Gas

Dining Room and Cafeteria Attendants and Bartender Helpers
Dishwashers

Dredge Operators

Electrical Power-Line Installers and Repairers

Excavating and Loading Machine and Dragline Operators, Surface Mining
Floor Layers, Except Carpet, Wood, and Hard Tiles

Foundry Mold and Coremakers
https://arxiv.org/abs/2303.10130
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Existential Threat

It's possible that, there's
no way we'll control these
super intelligences, that Fg= e
Humanity is just a passing SRS ol
phase in the evolution of i SOVATH S
intelligence.
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Mother of Silicon Brain: Taiwan!
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