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Back to the Future
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Sci-fi Movie Technologies
that are Real Now


https://www.buzzfeed.com/kasiagalazka/science-fiction-things-that-actually-exist-now

1. The Jetsons (1962) — Flatscreen TV




2. The Jetsons (1962) — Smart Watch




3. The Jetsons (1962) — Roomba




4. Visit to the World's Fair 2014 (1964) —
Coffee Maker




5. Star Trek Communicator (1966) — Flip Phone




6. Star Trek Pad (1968) — iPad




7. Star Trek (1993) — Google Glasses




8. 2001 Space Odyssey (1968) — Video Cont.
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10. Knight Rider (1985)



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

Tesla Full Seli-Driving (FSD)
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Boston Dynamics Spot




The deal valued

Boston Dynamics at
$1.1 billion
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0 The accelerating pace of change...
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ARTIFICIAL INTELLIGENCE
AND THE END
OF THE HUMAN ERA

OUR FINAL =4
INVENTION]|
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The development of full
artificial intelligence could
spell the end of the human
race. It would take off on its
own, and re-design itself at an
ever-increasing rate.

Humans, who are limited by
slow biological evolution,
couldn’t compete and would
\be superseded.




* Robots will do everything
better than us

* Al is a greater risk than
North Korea

e Al is a fundamental risk to
the existence of human
civilization



Al is —
the last invention we’ll
ever make,
the last challenge we’ll
ever face!







So, what is Al?



. 1956 Dartmouth Conference:
*  The Founding Fathers of Al

& g e >

John MacCarthy

Claude Shannon Ray Solomonoff Alan Newell

.
i L~
: b "
> - 4 o 3

e oy 3 e
A
iy A
TR . Ry

Herbert Simon Arthur Samuel Oliver Selfridge Nathaniel Rochester Trenchard More
Courtesy of scienceabc.com IS



https://www.scienceabc.com/wp-content/uploads/2018/01/John-maccarthy-marvin-minsky-claude-shannon-ray-solomonoff-alan-newell-herbert-simon-arthur-samuel-oliver-selfridge-nathaniel-rochester-trenchard-more-the-founding-fathers-of-ai.webp

Machine
Learning

Deep
Learning

BB




Machine Learning (Statistical Learning)
PSS vs. fetst

Rules —» cl .
assical
- — Answers
Data —» programming
L AR
R*EEEEDXD
Jate Machine
- — Rules
Answers —» learning
g U B 51>
R asE

Francois Chollet, “Deep Learning with Python,” Manning, 2017



Meaningful
Compression

Structure Image

- . Customer Retention
Discovery Classification
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Big data Dimensionality Feature denity Fraud Classification Diagnostics _EEEL

Visualistaion Reduction Elicitation Detecticon
Exg -~
Advertising Popularity

X’Qacl\er
Unsupervised Supervised Prediction

Learning Learning Weather

Forecasting
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M ac h I n e Population

Growth
Prediction
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Recommender
Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a r n i n g

Estimating
life expectancy

Real-time decisions
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Skill Acquisition

P4

Robot Navigation

Learning Tasks






Self-Supervised Learning

» Predict any part of the input from any e AE

other part. A
» Predict the from the past.
» Predict the from the recent past. | '
» Predict the from the present. — 4
i
» Predict the from the bottom. 4 4
A |
» Predict the occluded from the visible ' 'y y
» Pretend there is a part of the input you « Past S Future —
don’t know and predict that. oot Slide: LeCun

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



https://www.youtube.com/watch?v=7I0Qt7GALVk

5 Tribes of Machine

Learning

_ » Evolutionaries (;& 1* ;%
* Connectionists (#g4¢ & 4 i)

i * Symbolists (&ﬁ: =)
* Bayesians (. =~ % %)

- * Analogizers (g +* 17 12)

The Master Algorithm — Pedro Domingos




5 Tribes of Machine Learning

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

* Analogizers: SVM, k-NN

* Evolutionaries: Gene algorithms

* Connectionists: Deep Learning



All Algorithms can be Reduced to 3 Operations!

1
0 1 1 ——
0
AND OR NOT

A B | Output A B | Output Input | Output
0 0 0 0 0 0 0 1
1|0 0 1|0 1 1 B
0 1 0 0 1 1
1 1 1 1 1 1
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Cell body
Axon

Axon hillock
i

Golgi apparatus

Endoplasmic
reticulum

Mitochondrion Dendrite

' \ Dendritic branches

Telodendria

Synaptic terminals

Neuron



Number of Connections in the Brain

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

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



Frank Rosenblatt’s Perceptron (1957)

n

1if 2 w-x.>0
= e

0 otherwise




L) Wy

@ synapse Modern Neuron
axon from a neuron ™\

. Woxo

aendarie \
SN

.
-

cell body
Wi

i § (Z wW;x; + b)

output axon

activation
function

W2

http://cs231n.stanford.edu/



http://cs231n.stanford.edu/

1969: Perceptrons can’t do XOR!

Perceptrons http://hy perphysics ph

http: //www. -programmer info/images/stores/BabB ag/ A /book. ipg

https:/fconstruct ingkid



Al Winter
1969 - 1990



Deep Learning

Geoffrey Hinton Yann LeCun Yoshua Bengio
(Toronto, Google) (NewYork, Facebook) (Montreal)
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Learning XOR (1986) .
Geoffrey Hinton

XOR Network

Feature Detector: 2 ones.

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



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

Backpropagation

Training

h ll’dng

backward

n

v ~labels

=? <& “hyman face” lﬂ
<
error



Inference

Training
1 - forward “doa”
e do
i > vg ~ labels
. L ] 1‘(
£ \ 5 =? <& | “hyman face” Ll“
I ;/a’r o backward 4 ror

Inference |
— l p “human face”
l H Smaller,

varied N



Chain Rule
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Example: Recognizing Handwritten Digits

* MNIST dataset
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784 x16+16x16 4+ 16x10 %
weights

16 +16 + 10
biases

13,002

Finding the right
weights and biases

784

Learning —




Gradient Descent

J(w) Initial

| __— Gradient

[
!
!
]



| | '
Input space Y

“Gradient”, the direction
of steepest increase

. % i |
Which direction decreases \

- C(x!y) most quickly?

=) ) 1l 2




Major Types of Neural Networks

o

e Convolutional Neural Networks
(CNN)

\WAWAWAW

O O O ©O
\/\/\/

| > XXX

eep Convolutional Network (DCN)

* Recurrent Neural Networks (RNN) e e

NN
TR

e Generative Adversarial Networks

( G A N ) Generative Adversarial Network (GAN)

e Attention & Transformer g X% g x

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



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

C3: 1. maps 16@10x10
INPUT C1: leature maps S4: 1. maps 16@5x5
3232 S S2: 1. maps '
6@14x1

F6:layer OUTPUT
84 10

| Ful cmAection | Gaussian connections
Convolutions Subsampiing Convolutions Subsampiing Full connection

A Full Convolutional Neural Network (LeNet)


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

o

/

65

I



Error Rate on ImageNet Challenge (~2011)

28.2

ILSVRC'11  ILSVRC'10



Deep Convolutional Neural
Network (AlexNet)

* Alex Krizhevsky, llya Suskever, Geoffrey
Hinton, 2012

% jt“h jt:h,
s A .
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- ;128 Pl oo
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B ' —3; 3 S

T T 13 dense’| |dense

| [ 1000
192 192 12B Max

Max 17E Max pooling
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Error Rate on ImageNet Challenge (~2015)

28.2

25.8

I 152 layers ‘

[ 22 Ia",-'ers 19 Ia'.rers

\E?

357 I

ILSVRC'15  ILSVRC'14  [LSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet




Inception BN

Inception V3

GooglLeNet

AlexNet VGG

LeNet
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VGG-19 34-layer plain 34-layer residual
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TOP 1 ACCURACY

Comparison of Popular CNN Architectures

* ImageNet top 1 accuracy

100

75

50

25

0

View | Top 1 Accuracy

ResNet-152

2013

2014

2015 2016

https://paperswithcode.com/sota/image-classification-on-imagenet

Vb}r

NASNET-A(6)

2017

Date

2018

v| for

FixResNeXt-101 32x48d

2019 2020

All models
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2021 2022 2023

ImageNet-1K Acc.
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Swin Transformer
(2021) ConvMeXt

84 Swin Transformer
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2020
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78

ImageNet-1K Trained ImageNet-22K Pre-trained

https://sh-tsang.medium.com/review-convnext-a-convnet-for-the-
2020s-53b9ada30ab9



https://paperswithcode.com/sota/image-classification-on-imagenet
https://sh-tsang.medium.com/review-convnext-a-convnet-for-the-2020s-53b9ada30ab9
https://sh-tsang.medium.com/review-convnext-a-convnet-for-the-2020s-53b9ada30ab9
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https://www.youtube.com/watch?v=quULXjoKfdg

BOX AP

YOLO v4, v/
Authors and Me

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

|230)

Other models Models with highest box AP




Recurrent Neural Networks (RNNs)

Output

* An internal state (memory)

Recurrent
Connection

* Feedback loop

* Good for processing time-
series data

Input



Unroll the RNN

Q)
l
b

l

>

Lol
S L

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

b
l
b



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

Long Short-term Memory (LSTM)

Neural Network Pointwise Vector
Layer Operation Transfer

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

Concatenate Copy



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

Encoder RNN

Sequence-2-Sequence model (Language Translation)

Encoding of the source sentence.
Provides initial hidden state

for Decoder RNN.
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les pauvres sont démunis

\
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> 0000
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https://towardsdatascience.com/introduction-to-rnns-sequence-to-sequence-language-translation-and-attention-fc43ef2cc3fd 73
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https://towardsdatascience.com/introduction-to-rnns-sequence-to-sequence-language-translation-and-attention-fc43ef2cc3fd

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* T Lukasz Kaiser”
Google Research University of Toronto Google Brain
llion®@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com

Google Brain & University of Toronto, NIPS, 20




Attention Module in Transformer

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

QK'
Vi,

Attention(Q), K, V) = softmax( )V

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

t

| Matmul |

A
| SoftMax |

t

I Mask (opt.) ]

{

| Scale |

|

[ matvul |

1

Q

1

K

\V
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https://arxiv.org/abs/1706.03762

Keys Values

Query, Keys, Values

match: 0.5

Beach
=
Tree
Query
Boat @
[Q “dogs on the beach”
match: 1.0

: y - . = wlj%j@
Retrieving Tree »

Beach £

mages from match: 0.5

a database og d %




The Transformer Model

* Encoder-decoder architecture

e Multi-head attention

— Self-attention in encoders
— Masked Self-attention in decoders
— Encoder-decoder attention

* Positional encoding

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

OQutput

Probabilities
T
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|  Linear |
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Forward
|
s 1 Y | Add & Norm Je—~
AN Multi-Head
Feed Attention
Forward T 5 7 N x
F i .
Nx | Add & Norm Je—,
—| Add & Norm | S sked
Multi-Head Multi-Head
Attention Attention
—— J —
Positional A O—@ Positional
Encoding ¥ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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https://arxiv.org/abs/1706.03762

Visualizing Attention

 Tensor2Tensor Notebook

https://colab.research.google.com/github/tenso
rflow/tensor2tensor/blob/master/tensor2tensor
/notebooks/hello t2t.ipynb

Inputs: The animal didn't cross the
street because it was too tired

¥

Outputs: Das Tier uUberquerte die Strale
nicht, weil es zu miude war, well es zu

mude war.

Layer:| 5 §| Attention:

street
because_
it_

Was_
too_

tire

Input - Input

The_

animal_
didn_

t_

Cross_
the_
street
because_
it_

was_
too_

tire
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https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb
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https://talkmarkets.com/content/deep-reinforcement-learning-for-trading-applications?post=252842
https://talkmarkets.com/content/deep-reinforcement-learning-for-trading-applications?post=252842
http://www0.cs.ucl.ac.uk/staff/d.silver/web/Teaching.html

DeepMind: DRL in Atari

b XN
# b S5 B [ "\ .
state Al /Y \\ 1 ' A action
# \ ] [ Y1)
& DeepMind . BRI XY T
..‘_"\I_ e — R stel _:.‘7/_’

o

reward Iy

Demis Mustafa
Hassabis Suleyman

Mnih et al., “Human Level Control through Deep Reinforcement Learning,” Nature, 2015
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Complexity of Go vs. Chess

Game Board size State space Game tree size

Go 19x% 19 10! 10°¢Y
Chess Q2 x 8 107V 10'4

Checkers Q x 8 10" 10°
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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-

] ' 1 ' | 2 | 1

10 15 20 25 30 35 40

= AlphaGo Zero 40 blocks ee«« AlphaGo Lee  eees AlphaGo Master
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Generative Adversarial Networks (GAN)

e |lan Goodfellow

Training set [Vy / Discriminator
N
noise ‘

[
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https://www.youtube.com/watch?v=gLoI9hAX9dw

Adversarial Attack
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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)

1 2\

DECODERS

\- 7

99


https://openai.com/blog/language-unsupervised/
https://openai.com/blog/better-language-models/
https://arxiv.org/abs/2005.14165

OpenAl GPT for Ditferent Tasks

Text Task e .
Prediction | Classifier Classification Start Text Extract }» Transformer | Linear
Entailment Start Premise Delim | Hypothesis | Extract | Transformer | Linear
Layer Norm |
el [FE Start Text 1 Delim Text 2 Extract | Transformer
3 Similarity - Linear
12x — .
Start Text 2 Delim Text 1 Extract | - Transformer
Layer Norm -
5 : Start Context Delim Answer 1 | Extract | Transformer [~ Linear
Masked Multi |
Self Attention .
4 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 .,


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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https://openai.com/blog/better-language-models/

Size does Matter! GPT-3

e 175 Billion
Parameters!

* 175x4=700GB

e 55 years and
S4,600,000 to
train - even
with
the lowest
priced GPU
cloud on the
market.

PARAMETER SIZE (MILION)

COMPARISON:NLP PRE-TRAINED MODELS

175,000
11,000 /7900

1 18 66 110 110 125 340 340 355 1,500 =y -

— — — a— a— — S— A— A— ~—

¢« & & R T . TR Y R SN SR
& -33’# &,&% & —f’qb KO & &
& & & & & N & &8 &

& ¢ § & & <~

o ¢ P

https://medium.com/analytics-vidhya/openai-gpt-3-language-models-are-few-shot-learners-82531b3d3122
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https://lambdalabs.com/service/gpu-cloud
https://lambdalabs.com/service/gpu-cloud
https://lambdalabs.com/service/gpu-cloud
https://lambdalabs.com/service/gpu-cloud
https://medium.com/analytics-vidhya/openai-gpt-3-language-models-are-few-shot-learners-82531b3d3122

Step1

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.

~
L

Explain reinforcement

learning to a G year old.

®

Z

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.

In rerdorcemant

f “u

w/
Explain reinforcement
learning to a G year old.

(A o

Explain rewards.
learning, the

ageriis..

& D)

Inmaching Wha give tropis and

leaming... punishments to
beach..

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

Write a story
about otters.

Once upon a time...



Coding with ChatGPT

<« c @ chat.openai.com/c/bf0f90ef-251e-4e91-a4b3-bbb860ceTed1 2 % B @0 & O B » 0O

D

@ Downloads ¥ Bookmarks Labels on Google T Deep Learning Journals Python Crone Unrea Reacts Hashtag Micropraocessar »

E Write a matrix muplication program in Java, which accepts two csv files as inputs, and print
-

the result in Mumpy format. For example, theu Numpy format of a 2-by-2 identity matrix is "

(0.0, [oA1]"

Sure, here's an updated version of the Java program that performs matrix multiplication on

S m T — two CSV files and prints the result in Numpy format:
sCale satellite Image Java.s

[@ Date Difference Caleulator [C] Copycode

P Birthday Wishes for Dad 1o.BufferedReader;
io.FileReader;

[@ Al& Deep Learning Course io.I0Exception;
util.Arrays;

A
.I-,:_|'||

[P P(B[ A)Probability = 04 ¢

(Stringl[] args) throws I0Exception {

[P  Java class with Arrayl ist. 1t (args.length != 2) {

System.out.println(

[P  Log Functions: Output Clar

B Java Matrix Multip! 2 1, ]
‘3 Regenerate response

[P  Java Matrix Multiplication.
Febr

;E Kuan-Ting Lai ChatGPT may produce inaccurate information about people, places, or facts. ChatGPT May 24 Version




Foundation Models (EE /A F57H#)

* One model for All (2021)

A

Stanford University
Human-Centered
Artificial Intelligence

Center for
Research on
Foundation
Models

Data

Text l | I
\ b
4\#;.,

= J/ Images -

Speech W\/\} Training Foundation
Model

" Structured
> Data

1
)

3D Signals é

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

Adaptation

Tasks

: Question 9
&‘_ Answering ,','

& Sentiment
| Rk ’ Analysis
< (e /
E"s . :
- Information "\
- Extraction
& o
] ionin
P g g
N Object
égi;« : ‘ Recognition
i Instruction
\,' Following ..
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Language
Model
(LLM)

Practical
Guide

Evolutionary B (Claude)m

: - ic-2) a2
T G GPT-4) & urassic

i
2023
OPT-IML[&N

G [ChatGPT & BLOOMZ|#]] Galacticals)

[Sparrow©
BLOOM[#

UL2fe]) OPT (e}

O Minervd &
PaMG )

Open-Source
[Closed-Source)

,-g Ichi.m:hqu]o
Inst GPTHE
Qe GG
@
GiR® A@HC\_Goperoff ENE.0%
-HL.]
Jurassic-1E

2
open source 11
source L
GPT-2|\5] 3
3
3
GPT-1[5]
5
6
5 2
GloVe 7 9

m@gn@.bnwﬁ

FostText
[

https://github.com/Mooler0410/LLMsPracticalGuide



https://github.com/Mooler0410/LLMsPracticalGuide
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'~ Hugging Face Q

Libraries  Datasets

Filter Tasks by name
Multimodal

EE  Feature Extraction 73

Search models, datasets, users...

Languages Licenses Other

Text-to-Image

B Image-to-Text [x  Text-to-Video

@ Visual Question Answering

[y Document Question Answering

% Graph Machine Learning

Computer Vision
Depth Estimation [

Fo  Object Detection B

Image Classification

Image Segmentation

E Imageto-lmage [ Unconditional Image Generation

53 Video Classification Sy

Natural Language Processing
Text Classification &8
= Table Question Answering

4 Zero-Shot Classification

Zero-Shot Image Classification

Token Classification
£9  Question Answering

¥, Translation

™  Summarization ' Conversational

[f+  Text Generation 2 Text2Text Generation

Models 235,314

Filter by name

¢ Models

® jonatasgrosman/wav2vec2-large-xlsr-53-english

Updated Mar25 » £ 71.9M » <2 182

x1m-roberta-large
&) - Updated Apr7 - L 42.6M - 9 160

openai/clip-vit-large-patchia
B - Updated Oct 4,2022 - £ 16.8M - <2 460

roberta-hase
(3 « Updated Mar6 « & 12.2M « Q0 176

distilbert-base-multilingual-cased

4

) - Updated Apré6 - X 11.6M - © 60

x1m-roberta-base
& « Updated Apr7 « L 9.14M - © 325

2 microsoft/deberta-base
[ - Updated Sep 26,2022 - L 6.41M - © 43

bert-large-uncased

8

(5 « Updated Nov 15,2022 « 2 5.18M « < 33

Hugging Face: Free LLM models

Datasets Spaces © Docs & Solutions  Pricing

new Full-text search

bert-base-uncased
) « Updated 26 days ago + 4 50.5M

(=]
fod
w

gpt2
[» - Updated Dec 16,2022 - £ 17.3M - & 1.18k

® sociocom/MedNER-CR-JA
&% = Updated Apr5 » £ 157M « © 5

% laion/CLIP-ViT-B-16-laion2B-s34B-b88K
3 « Updated Apr20 - £ 11.7M - 9 6

distilbert-base-uncased
() « Updated Nov 16,2022 -  10.9M - <2 216

f% microsoft/layoutlmv3-base
Updated Apr12 - 4 8.15M - < 168

bert-base-cased
@ - Updated Nov 16,2022 -  6.38M - < 114

= deepset/sentence bhext
Updated May 19,2021 - £ 4.92M - & 15

https://huggingface.co/learn/nlp-course/chapterl/1

v —

Tl Sort: Most Downloads


https://huggingface.co/learn/nlp-course/chapter1/1

BigScience Large Open-science Open-access
Multilingual Language Model (BLOOM)

« With its 176 billion parameters, BLOOM Is able to generate text
In 46 natural languages and 13 programming languages.

a BigScience initiative

= BL' M

176B params ' 59 languages Open-access

https://huggingface.co/bigscience/bloom



https://huggingface.co/bigscience/bloom

Overview of Different Generative Models

GAN: Adversarial / | Discriminator Generator 1,
training D(x) G(z)

VAE: maximize x N Encoder z Decoder %!
variational lower bound po(x|z)
Flow-based models: X > Flow - Z > Inlnlerse > x’
Invertible transform of f(x) [ (2)

distributions
Diffusion models:l X0 - X1 . Xo - |z

Gradually add Gaussian - - - - - - - - - oo -
noise and then reverse

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

18 Nov 2015

Diffusion is All You Need!

* Reverse diffusion process

e Flexible and tracible

Deep Unsupervised Learning using
Nonequilibrium Thermodynamics

Jascha Sohl-Dickstein
Stanford University

Eric A. Weiss
University of California, Berkeley

Niru Maheswaranathan
Stanford University

Surya Ganguli
Stanford University

JASCHA @ STANFORD.EDU

EAWEISS @ BERKELEY.EDU

NIRUM @ STANFORD.EDU

SGANGULI@ STANFORD.EDU
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https://arxiv.org/pdf/1503.03585.pdf

Image Generative
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Bing Chat Image Generation (DALL-E

1w} ‘l‘) I(’C’)a| 1‘ K|?_} §| a‘ a’ a| a‘ a’ a| a‘ a’ a| a‘ a’ a| a‘ a’ a} al a‘ a‘ a a X
O R (3] https: /www.bing.com/images/create/a-small-robot-sitting-in-a-cage-the-robot-is-conn/64958fa5ad8e49 739442032id=myKMI B3] £
[ % Chrome EA [3 Bookmarks [7] LabelsonGoogleT.. [7] Journals [] Python [7] Drone [] Unreal [7] Hashtag @ 31 Science-Fiction.. [] Robotics [7] OOP ™M Gmail

a| a| Q a' [’ + - o
G|t 2 @
By Translate 9 Maps > [] Other favorites

; ) Chat 1 Compose Insights 5 X
: .| Image Creator e ; : =S
MicrosoftBing | 0 baLLE . S .

a small robot sitting in a cage. The robot
is connected with electrical wires and a
control server. Real human scientists in

fairytale style e

b Bing Image Creator | 1024 x1024 jpg | Created now

(#» Share (@ Save | Download @ Feedback

Created with Al

Ask

Privacy and Cookies  Content Policy = Terms of Use Feedback © 2023 Microsoft

i 13t
- P B
f _.“‘.i‘ll.‘\h.! |§l

White are around the Cage, |mage in "a small humanoid sitting in a cage, connected with _._~

by Bing Image Creator Powered by DALL-E

Create an image of a small robot sitting in
a cage. The robot is connected with

electrical wires and a control server.
Scientists are around the cage. Image in

fairytale style.
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https://towardsdatascience.com/what-are-stable-diffusion-models-and-why-are-they-a-step-forward-for-image-generation-aa1182801d46



https://towardsdatascience.com/what-are-stable-diffusion-models-and-why-are-they-a-step-forward-for-image-generation-aa1182801d46

Stable Diffusion WebU

 Download: github.com/AUTOMATIC1111/stable-diffusion-webui

g — O x
@ Stable Diffusion X +
¢« C  ® 1270047860 e % 8 0 8 O * *»0¢ @
i EEEE @ Downloads ¥ Bookmarks Labels on Google T... Ceep Learning Journals Python Crane Unreal Reactjs Hashtag Microprocessar »

Stable Diffusion checkpoint
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txt2img img2img Extras PNG Info Checkpoint Merger Train Settings Extensions
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Generate
0/75 A 8B B B B
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Styles
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Eulera - o

Restore faces Tiling Hires. fix
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Seed
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Script
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https://github.com/AUTOMATIC1111/stable-diffusion-webui
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Segment Anything Model (SAM) 00 Meta Al

* 11M images, 1B+ masks

s

https://segment-anything.com/



https://segment-anything.com/

Limits of Deep Learning
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Limitations of ChatGPT

* Sometimes writes plausible-sounding but incorrect or nonsensical
answers (— A F & HEHER 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



https://openai.com/blog/chatgpt
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Al will probably most
likely lead to the end of
the world, but in the
meantime, there'll be
great companies.

Sam Altman — CEO, Open Al



Jobs Most Likely be Replaced by Al

Al can automate the process of entering and organizing data, reducing the need for manual

Data Entry Clerks data entry clerks.

Al-powered chatbots and voice assistants can handle customer inquiries and sales calls

Telemarketers without human intervention.

Automated checkout systems and self-service kiosks are becoming increasingly common,

Cashiers reducing the need for human cashiers.

With the rise of online banking and mobile payment systems, fewer bank tellers may be

Bl Ualliet required as Al handles transactions.

Advanced robotics and Al-powered machines can perform repetitive tasks on assembly lines,

Assembly Line Workers potentially replacing human workers.

Customer Service Al chatbots and virtual assistants are being used to handle customer queries and provide
Representatives support, reducing the need for human representatives.

Autonomous vehicles have the potential to replace human drivers in the transportation

Truck and Taxi Drivers )
industry.

Al algorithms can analyze market trends and execute trades more efficiently than human

Stock Traders traders, potentially reducing the need for human stock traders.

Al can process and analyze vast amounts of data quickly, potentially reducing the need for

BiifE) (TR manual data analysis.

Al-powered platforms and recommendation systems can assist with travel bookings, reducing

Travel Agents the reliance on human travel agents.




Most Secure Jobs against ChatGPT

e 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



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
Humanity Is just a passing
phase in the evolution of
Intelligence.
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