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Deep Learning - Software 2.0 - Artificial Intelligence
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Overview

0. Software 2.0

3

Generative Adversarial Networks (GANs)
3. Generative AI

4. Natural Language Processing

2. Concepts: transfer (meta) learning, tabula rasa, self-supervised

Embeddings, neural language model, RNN, LSTM

1. Deep Neural Networks

Stable Diffusion Model

Attention, transformers, large language model
Chat LLM: prompt engineering, updates, private documents
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Deep Learning - Software 2.0
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Source: Andrej Karpathy (2017-11) 

Software 1.0 Software 2.0

https://medium.com/@karpathy/software-2-0-a64152b37c35
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Software 2.0 - Applications
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Andrej Karpathy (2017-11) 

Domain Software 1.0 Software 2.0

Visual Recognition Engineered features with a bit of machine learning Searching the space of Convolutional Neural 
Network architectures

Speech Recognition Preprocessing, gaussian mixture models,

hidden markov models Almost entirely neural networks

Speech Synthesis Various sticking mechanisms Large Convolutional Neural Networks

(e.g. WaveNet)

Machine Translation Phrase-based statistical techniques Neural networks (supervised and unsupervised)

Games Hand-coded Go playing programs AlphaGo Zero: only uses the game’s set of rules 
and learns strategies by itself

Databases Indices using B-trees or Hash indexes
Learned Index Structures (using deep learning 
models)

arxiv: 1712.01208, 2006.12804

https://medium.com/@karpathy/software-2-0-a64152b37c35
https://arxiv.org/abs/1712.01208
https://arxiv.org/abs/2006.12804
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Software 2.0 - Benefits
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Andrej Karpathy (2017-11) 

Homogeneous computation Software 1.0: instruction set of classical software (heterogenous and complex)

Software 2.0: matrix multiplication (and thresholding at zero)

Simple to bake in silicon Easier to make custom ASICs

Small inexpensive chips could come with a pre-trained ConvNet

Constant running time
C++ code could have unintended infinite loop

Forward pass of a neural network takes exactly the same amount of FLOPS

Zero variability


Constant memory use No dynamically allocated memory as in C++

Little possibility of memory leaks

Highly portable Sequence of matrix multiplies is easy to run-on arbitrary computational configurations (not the 
same for binaries)

Very agile
C++: non-trivial to make a system run twice as fast

Software 2.0: remove half of the nodes and re-train to get twice the speed OR

make program work better by adding more channels (or averaging models)


Melding modules together
Software 1.0: communicates through public functions, APIs, …

Software 2.0: two modules trained separately can be connected and the weights adjusted by 
back-propagation


Software 1.0: production-level C++ code base Software 2.0: Convolutional Neural Network / Transformers

https://medium.com/@karpathy/software-2-0-a64152b37c35
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Deep Learning: State Of The Art (SOTA)
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Speech
PyTorch.org

Whisper (2022-09): 680,000 hours of multi-lingual speech
Transcription in multiple languages, any-to-English transcription,

Language identification, phrase-level timestamps

Massively Multilingual Speech (MMS) (2023-05)

Speech-to-text, text-to-speech in 1,100+ languages

Natural Language Processing

No Language Left Behind (NLLB) (2022): translation to/from 200 languages

ChatGPT (2022-11)

Image / Video
Stable Diffusion

Stable Diffusion

Large Language Models: Bloom, Llama, GPT, PaLM, …

Segment Anything (2022-09)

Medical

AlphaFold (2020)

https://pytorch.org/audio/0.11.0/transforms.html
https://openai.com/research/whisper
https://ai.facebook.com/blog/multilingual-model-speech-recognition/
https://openai.com/research/whisper
https://chat.openai.com
https://segment-anything.com
https://www.deepmind.com/research/highlighted-research/alphafold
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Huggingface.co
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Deep Neural Networks

9

Deep Neural Networks (10 -150 layers)

Neural Networks (2 - 5 layers) (until 2006)Neuron
weight non-linearity

+1

-1

4

2

-3

2

-1

1

3 0.92

[CS231n Stanford]

Convolutional Neural Networks: deep and narrow

GoogLeNet (2014)

Transformers: “shallow” and wide

Attention Is All You Need (2017) 

https://arxiv.org/abs/1706.03762
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Deep Learning: Change in paradigm

10

Before: Handcrafting features: domain experts: 10s of years

[Yann Le Cun]

[Yann Le Cun]

Now: Learned features: End-to-end Learning

[Zeiler & Fergus 2013]



Didier Guillevic	 	 	 	 	 	 	 	 	                Deep Learning

Why only recently (circa 2012)? Why not sooner?

11

1. A lot more (labeled) data

2. A lot more computing power

3. Knowledge on how to train deep networks
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1. A lot more (labeled) data

12

14 millions images

21000 labels (WordNet)

6 millions articles in the English Wikipedia

3 billion web pages

Data

Labels

Low-cost global, 24x7 workforce

Free global, 24x7 workforce

scale.com

https://www.mturk.com
https://commoncrawl.org
http://scale.com
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2. A lot more computing power

13

CPUs: 20 cores GPUs: 6000 cores Facebook Big Basin (2017) Distributed Computing

[Apple M2]

[NVIDIA A100]

Platforms

https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
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https://github.com/google/jax
https://github.com/google/jax
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https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
https://github.com/google/jax
https://pytorch.org
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3. Knowledge on how to train deep networks
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Learning using (Stochastic) Gradient Descent (“going downhill”)

[Robert Ghrist - Calculus - U. of Penn]

f(x + h) = f(x) + dh

dy
dx

= w

dy
dw

= x

wnew = wold − learning_rate *
dy
dw

( x + h ) w = xw + hw

x ( w + h ) = xw + xh

x y
× w y = xw

𝚌𝚑𝚊𝚗𝚐𝚎 𝚒𝚗 𝚘𝚞𝚝𝚙𝚞𝚝
𝚌𝚑𝚊𝚗𝚐𝚎 𝚒𝚗 𝚒𝚗𝚙𝚞𝚝

=
dy
dx

= lim
h→0

f(x + h) − f(x)
(x + h) − x

= lim
h→0

f(x + h) − f(x)
h

https://en.wikipedia.org/wiki/Stochastic_gradient_descent
https://www.coursera.org/instructor/robghrist
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3. Learning: chain rule of gradients

15

Chain rule of gradients (multiplicative)

Exploding gradient

Vanishing gradientw2new = w2old − lr * 0.10 * 0.10 * 0.10 * … * 0.10 * 0.10

w2new = w2old − lr * 10 * 10 * 10 * 10 * 10 * … * 10 * 10

We want all terms to have a norm centred around 1.0 (normally distributed)

w2new = w2old − lr *
dloss
dw2

w2new = w2old − lr *
dloss
dOn

*
dOn

dSn
*

dSn

dOn−1
*

dOn−1

dSn−1
*

dSn−1

dOn−2
* … *

dO2

dS2
* O1

Loss

Function

loss

dloss
dOn

x O1 Σ
S2

dS2

dO1

dO2

dS2

w2

Σ
S1

dS1

dx
dO1

dS1

w1

O2 Σ
Sn

dSn

dOn−1

dOn

dSn

wn

On
σσ

On−1Σ σ
Sn−1

dSn−1

dOn−2

dOn−1

dSn−1

wn−1

On−2
σ

≈ w2old − lr * ∞

≈ w2old − lr * 0 . 0

⇒

https://en.wikipedia.org/wiki/Chain_rule
https://en.wikipedia.org/wiki/Normal_distribution
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3. Tricks: weights initialization, batch norm, ReLU
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Weight initialization:  inversely proportional to number of inputs  (e.g. Xavier’s initialization scheme)

S = w1 * x1 + w2 * x2 + w3 * x3 + … + wn * xn

Non-linearity function: sigmoid have zero gradients —> use ReLU

BatchNorm: scales inputs at each layer to be centred around 0.0 with variance 1.0 (unit Gaussian)

We want the norm of all terms to follow a normal distribution (mean 0, standard deviation 1)⇒

LayerNorm
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3. Tricks: Dropout, update rules, residual (skip) networks, …

17

DropOut: randomly ignore some neurons during training

Update rule: 

w = w − learning_rate * dw

w = w − learning_rate * mb/(sqrt(vb) + eps)

Vanilla update:

Adam update:
(Per parameter adaptive learning rate methods with momentum)

[CS231n - Stanford]

[Adam: ICLR 2015]

Residual (skip) networks
[Deep Residual Learning for Image Recognition - Microsoft 2016]



Didier Guillevic	 	 	 	 	 	 	 	 	                Deep Learning

Meta Learning - Transfer Learning

18

[Andre Esteva - Stanford - Skin Cancer Classification with Deep Learning - 2017]

1. Take a model pre-trained on ImageNet (e.g. available on HuggingFace.co); i.e. Inception V3 model

Classification head

2. Replace classification head and re-train on new smaller smaller data set

http://HuggingFace.co
https://huggingface.co/docs/timm/models/inception-v3
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Network architecture search

19

Google AutoML: cloud.google.com/automl

• Transfer learning + Neural Architecture Search

• Network built layer-wise in search for optimal performance

[ResNet]

[DenseNet]

[GoogLeNet]

[AlexNet]

Manual task: search for optimal model architecture for given dataset

Time consuming - performed by skilled professionals

Efficient Neural Architecture Search (NAS - ENAS) (2018)

http://cloud.google.com/automl/
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Self-supervised (pre-)training
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[The Batch 2023-05]

https://www.deeplearning.ai/the-batch/issue-198/
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Tabula Rasa: Learning from scratch

21

Towards unsupervised (self-supervised) learning

AlphaGo (2015)
• Data: Use thousands of games
• Handcrafted features
• Networks: 2 (policy + evaluation)
• Rollouts: fast random games to predict moves
• Big Data, Big Processing Power

AlphaGo Zero (2017)

deepmind.com/blog/alphago-zero-learning-scratch/

• Data: None
• Handcrafted features: None
• Networks: 1
• Rollouts: None (computed by network)
• No Data, Less Processing Power
• Better algorithms better than power and data
• Not constrained by limits of human knowledge

https://deepmind.com/blog/alphago-zero-learning-scratch/
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Generative Adversarial Networks (GANs) - 2014

22

Karras et al. (NVIDIA) - ICLR 2018

Only two real images (Spolier: Row 1, C and Row 2, D) Vue.ai

• Fashion industry: Alibaba, Amazon, …

Elgammal et al. ICCC 2017

Yanghua Jin et al. - 2017

DiscoGAN

• Music generation, 

Alec Radford et al. - ICLR 2016

Real (MNIST) Generated

https://arxiv.org/abs/1406.2661
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Generative Adversarial Networks (GANs)

23

“What I cannot create, I do not understand.” — Richard P. Feynman

[A
le

c 
Ra

df
or

d 
et

 a
l. 

- I
C

LR
 2

01
6]

Real world

images

Latent

random

variable

Sample

Sample

Generator

Discriminator

Real

Fake

Loss

iter 0 iter 3 iter 100 iter 200

100

GANs from Scratch 1: A deep introduction - Diego Gomez Mosquera (2018)

https://medium.com/ai-society/gans-from-scratch-1-a-deep-introduction-with-code-in-pytorch-and-tensorflow-cb03cdcdba0f
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GANs applications

24

https://arxiv.org/abs/1812.01547 (NeurIPS 2018)

https://arxiv.org/abs/1709.00440 (code)

• 3D-ED-GAN - Shape Inpainting using 3D Generative Adversarial Network and Recurrent Convolutional Networks

• 3D-GAN - Learning a Probabilistic Latent Space of Object Shapes via 3D Generative-Adversarial Modeling (github)

• 3D-IWGAN - Improved Adversarial Systems for 3D Object Generation and Reconstruction (github)

• 3D-PhysNet - 3D-PhysNet: Learning the Intuitive Physics of Non-Rigid Object Deformations

• 3D-RecGAN - 3D Object Reconstruction from a Single Depth View with Adversarial Learning (github)

• ABC-GAN - ABC-GAN: Adaptive Blur and Control for improved training stability of Generative Adversarial Networks (github)

• ABC-GAN - GANs for LIFE: Generative Adversarial Networks for Likelihood Free Inference

• AC-GAN - Conditional Image Synthesis With Auxiliary Classifier GANs

• acGAN - Face Aging With Conditional Generative Adversarial Networks

• ACGAN - Coverless Information Hiding Based on Generative adversarial networks

• acGAN - On-line Adaptative Curriculum Learning for GANs

• ACtuAL - ACtuAL: Actor-Critic Under Adversarial Learning

• AdaGAN - AdaGAN: Boosting Generative Models

• Adaptive GAN - Customizing an Adversarial Example Generator with Class-Conditional GANs

• AdvEntuRe - AdvEntuRe: Adversarial Training for Textual Entailment with Knowledge-Guided Examples

• AdvGAN - Generating adversarial examples with adversarial networks

• AE-GAN - AE-GAN: adversarial eliminating with GAN

• AE-OT - Latent Space Optimal Transport for Generative Models

• …..

• Text2Shape - Text2Shape: Generating Shapes from Natural Language by Learning Joint Embeddings

• textGAN - Generating Text via Adversarial Training

• TextureGAN - TextureGAN: Controlling Deep Image Synthesis with Texture Patches

• TGAN - Temporal Generative Adversarial Nets

• TGAN - Tensorizing Generative Adversarial Nets

• TGAN - Tensor-Generative Adversarial Network with Two-dimensional Sparse Coding: Application to Real-time Indoor Localization

• TGANs-C - To Create What You Tell: Generating Videos from Captions

• tiny-GAN - Analysis of Nonautonomous Adversarial Systems

• TP-GAN - Beyond Face Rotation: Global and Local Perception GAN for Photorealistic and Identity Preserving Frontal View Synthesis

• TreeGAN - TreeGAN: Syntax-Aware Sequence Generation with Generative Adversarial Networks

• Triple-GAN - Triple Generative Adversarial Nets

• ….

https://github.com/hindupuravinash/the-gan-zoo (latest update 5 years ago)

https://arxiv.org/abs/1812.01547
https://arxiv.org/abs/1709.00440
https://github.com/brannondorsey/PassGAN
https://arxiv.org/abs/1711.06375
https://arxiv.org/abs/1610.07584
https://github.com/zck119/3dgan-release
https://arxiv.org/abs/1707.09557
https://github.com/EdwardSmith1884/3D-IWGAN
https://arxiv.org/abs/1805.00328
https://arxiv.org/abs/1708.07969
https://github.com/Yang7879/3D-RecGAN
https://drive.google.com/file/d/0B3wEP_lEl0laVTdGcHE2VnRiMlE/view
https://github.com/IgorSusmelj/ABC-GAN
https://arxiv.org/abs/1711.11139
https://arxiv.org/abs/1610.09585
https://arxiv.org/abs/1702.01983
https://arxiv.org/abs/1712.06951
https://arxiv.org/abs/1808.00020
https://arxiv.org/abs/1711.04755
https://arxiv.org/abs/1701.02386v1
https://arxiv.org/abs/1806.10496
https://arxiv.org/abs/1805.04680
https://arxiv.org/abs/1801.02610
https://arxiv.org/abs/1707.05474
https://arxiv.org/abs/1809.05964
https://arxiv.org/abs/1803.08495
https://zhegan27.github.io/Papers/textGAN_nips2016_workshop.pdf
https://arxiv.org/abs/1706.02823
https://arxiv.org/abs/1611.06624v1
https://arxiv.org/abs/1710.10772
https://arxiv.org/abs/1711.02666
https://arxiv.org/abs/1804.08264
https://arxiv.org/abs/1803.05045
https://arxiv.org/abs/1704.04086
https://arxiv.org/abs/1808.07582
https://arxiv.org/abs/1703.02291v2
https://github.com/hindupuravinash/the-gan-zoo
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Stable Diffusion

25

Generated with Stable Diffusion

https://course.fast.ai/Lessons/part2.html

Stable Diffusion

OpenAI Dall-E

[https://stability.ai/stable-diffusion]

midjourney.com

https://course.fast.ai/Lessons/part2.html
https://stability.ai/stable-diffusion
http://midjourney.com
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Natural Language Processing (NLP)

26

Word embeddings

Recurrent Neural Networks

Transformers

Large Language Models

Latest “programming” language: natural language e.g. French (prompt engineering)
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NLP: word representations

27

Vocabulary: [__unk__, apple, bicycle, car, cherry, google, ibm, truck, starbucks, strawberry]

Word IDs: [ ]0, 1, 2, 3, 4, 5, 6, 7, 8, 9

Ecoding schemes

truck
__unk__

0 1 2 3 4 5 6 7 8 9

apple
bicycle

car
cherry

google
ibm

starbucks

strawberry

Option 0: Using the word IDs

Option 1: one-hot encoding

__unk__ (0, 0, 0, 0, 0, 0, 0, 0, 0, 0)

apple (0, 1, 0, 0, 0, 0, 0, 0, 0, 0)

bicycle (0, 0, 1, 0, 0, 0, 0, 0, 0, 0)

car

cherry

(0, 0, 0, 1, 0, 0, 0, 0, 0, 0)

(0, 0, 0, 0, 1, 0, 0, 0, 0, 0)

google (0, 0, 0, 0, 0, 1, 0, 0, 0, 0)

ibm (0, 0, 0, 0, 0, 0, 1, 0, 0, 0)

truck (0, 0, 0, 0, 0, 0, 0, 1, 0, 0)

starbucks

strawberry

(0, 0, 0, 0, 0, 0, 0, 0, 1, 0)

(0, 0, 0, 0, 0, 0, 0, 0, 0, 1)

Issue: false sense of ordering

Issues:

• Does not scale (vocab. size 10^6)

• No notion of word semantic similarity


e.g. (car, truck, strawberry)

https://en.wikipedia.org/wiki/One-hot
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NLP: word embeddings

28

“word embedding” refers to a technique used to represent words or phrases as dense numerical vectors in a high-dimensional space (ChatGPT) 

Vocabulary: [__unk__, apple, bicycle, car, cherry, google, ibm, truck, starbucks, strawberry]

__unk__ = (-0.9, -0.9)

apple = ?

bicycle = (-0.6, 0.8)

car = (-0.8, 0.5)

cherry = (0.4, 0.8)

google = (0.6, -0.9)

ibm = (0.3, -0.6)

truck = (-0.8, 0.6)

starbucks = (0.2, -0.9)

strawberry = (0.7, 0.7)

Where should we embed the word “apple”?

truck

__unk__

bicycle

car

cherry

google

ibm

starbucks

strawberry

-1.0

-1.0

1.0

1.0
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NLP: word2vec, GloVe, fastText, …

29

[word2vec (2013)]

Enriching Word Vectors with Subword Information (2017)

word2vec (2013)

Revolutionary, simple, self-supervised, only 2 matrices of size (vocab size, embedding dimension)

Getting embeddings even for “unseen” words. No more __unk__ symbol.

All unseen words are still matched to the same embedding vector

unadvised = {<unadvised> + <un + una + nad + adv + dvi + vis + ise + sed + ed>}

Ambiguous words (e.g. “apple”, “run”) get a single embedding vector

[Source: ?]

https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/1607.04606
https://arxiv.org/abs/1301.3781
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Word2vec algorithm

30

[https://arxiv.org/abs/1301.3781]

embedding size (e.g. 100)

vo
ca

b 
si

ze
 (e

.g
. 5

0,
00

0)

__unk__

be

and

of

a

in

to

have

too

0.24, -0.12, 0.37, …

Context word embeddings

embedding size (e.g. 100)

vo
ca

b 
si

ze
 (e

.g
. 5

0,
00

0)

__unk__

be

and

of

a

in

to

have

too

0.91, 0.65, -0.29, …

“Masked” word embeddings

Dot product (cosine similarity) of context and “masked” words

https://arxiv.org/abs/1301.3781
https://en.wikipedia.org/wiki/Cosine_similarity
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NLP: word embeddings: multilingual alignment

31

The Procrustes problem

https://en.wikipedia.org/wiki/Orthogonal_Procrustes_problem
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(Neural) Language Models

32
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Neural Machine Translation: RNN, LSTM (2014)

33

[Socher - CS224 - Stanford]

[Socher - CS224 - Stanford]
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(Neural) Machine Translation: Attention (2015) 

34

Source sentence: English 

G
en

er
at

ed
 tr

an
sl

at
io

n:
 F

re
nc

h

[Chris Olah & Shan Crater 2016 https://distill.pub/2016/augmented-rnns/]

https://distill.pub/2016/augmented-rnns/
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Attention is all you need - Transformers (2017)

35

First application: machine translation

https://arxiv.org/abs/1706.03762

Great resources to understand the transformer architecture: 

CS25 v2 2023-05

https://arxiv.org/abs/1706.03762
https://youtu.be/kCc8FmEb1nY
https://youtu.be/XfpMkf4rD6E
https://youtu.be/bZQun8Y4L2A
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Transformer architecture: 2017—2023—

36

@karpathy: “The Transformer is a … general-purpose differentiable computer” (2022)

Vision: (2020) Transformer for image recognition at scale

https://arxiv.org/abs/2010.11929

Speech: (2020) Convolution-augmented Transformer for Speech Recognition

Speech: (2022) Whisper

Protein folding: (2020) AlphaFold

Safety-Enhanced Autonomous Driving Using Interpretable Sensor Fusion Transformer (2022)


https://arxiv.org/abs/2207.14024

https://twitter.com/karpathy/status/1582807367988654081
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2005.08100
https://openai.com/research/whisper
https://www.deepmind.com/research/highlighted-research/alphafold
https://arxiv.org/abs/2207.14024
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[https://notes.kateva.org/2023/04/large-language-models-evolutionary-tree.html]

Decoder onlyEncoder / decoder

https://notes.kateva.org/2023/04/large-language-models-evolutionary-tree.html
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[Andrej Karpathy - State of GPT - 2023-05]

https://youtu.be/bZQun8Y4L2A
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1. Large Language Model (pre-training)
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BLOOM (BigScience Large Open-science Open-access Multilingual) language model (blog, model) - 2022
176B parameters, 46 natural languages, 13 programming languages

GPT-3 Language Models are Few-Shot Learners (paper) - 2020
175B parameters, 96 layers, 96 heads, trained on 300B tokens, 2,408 tokens context length

LLaMA (Large Language Model Meta AI) (paper) - 2023

7B to 65B parameters, 64 heads, 80 layers, trained on 1.4T tokens, 2,048 tokens context length

1 month training on thousands of GPUs, token vocabulary size approx. 50,000

21 days training on 2,048 of A100 GPUs, token vocabulary size approx. 30,000

Red Pajama (together.xyz - UdeM, ETH, Stanford, …)

7B parameters, trained on 1.2T tokens

https://bigscience.huggingface.co/blog/bloom
https://huggingface.co/bigscience/bloom
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2302.13971
https://www.together.xyz/blog/redpajama
http://together.xyz
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Tokenization: transforms some text into a long list of integers…
Token dictionary: A LLM uses a fixed token dictionary representing most common character sequences in training corpora.
Most common tokenizers: Byte-Pair-Encoding, WordPiece (see HuggingFace’s tokenizers)

Typical token vocabulary size: 10 to 100K

Raw text

Tokens

Token IDs

100 tokens equals approx. 75 words

Raw text

Tokens

Token IDs

platform.openai.com/tokenizer

https://huggingface.co/docs/tokenizers/components
https://platform.openai.com/tokenizer
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Tokens

Token IDs

n_embd (e.g. 100)

vo
ca

b 
si

ze
 (e

.g
. 5

0,
00

0)

0.24, -0.12, 0.37, …

token embeddings

head_size

n_
em

bd

0.23, -0.77, 0.83, …

query

head_size

n_
em

bd

0.39, -1.31,  -0.48, …

Key

head_size

n_
em

bd

-1.05, -0.61, -0.94, …

Value

n_embd (e.g. 100)

bl
oc

k 
si

ze
 (m

ax
 c

on
te

nt
 le

ng
th

) (
e.

g.
 2

,0
48

)

0.89, 0.35, -0.41, …

position embeddings

token embeddings

n_embd

position embeddings

n_embd

n_embd

X

head_size

queries
head_size

keys

dot product

attention scores
1

softmax scores
1

values
head_size weighted sum

prediction head 0

concatenate

prediction head 1 prediction head 2 prediction head 3

additional attention heads

head_size = n_embd // n_heads

Feed Forward MLP
n_embd

1 attention layer

n_embd

Output of the last attention layer

head_size

Linear (n_embd x vocab_size
vocab_size

Softmax
vocab_size

torch.multinomial(probs, num_samples=1)

711

(Omitting residual connections, layer norms, dropouts, … for simplicity :-) )
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Pre-trained LLM -> supervised fine-tuning -> reward modelling -> reinforcement learning
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Self-supervised pre-trained LLMs “only” auto-complete text… (predicting next most likely words) 

Pre-trained LLMs (e.g. GPT-3, BLOOM, LlAMA, …) are not (yet) (chat) assistants

[Andrej Karpathy - State of GPT - 2023-05]

https://youtu.be/bZQun8Y4L2A
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November 30, 2022

Other chat interfaces to LLMs

chat.lmsys.org

open-assistant.io/dashboard

chat.openai.com

gpt4all.io

perplexity.ai

you.com

https://chat.lmsys.org
https://open-assistant.io/dashboard
https://chat.openai.com
https://gpt4all.io
https://www.perplexity.ai
https://you.com
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In fact, any language: French, Japanese, …

learn.deeplearning.ai/chatgpt-prompt-eng

Assume you are writing to a subcontractor who cannot call you back for more info… 
Use delimiters to clearly indicate distinct parts of the input; e.g. ```, """, < >, <tag>, </tag>, :

1. Write clear and specific instructions

https://learn.deeplearning.ai/chatgpt-prompt-eng
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Prompt engineering: extracting information / infer topics
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learn.deeplearning.ai/chatgpt-prompt-eng

https://learn.deeplearning.ai/chatgpt-prompt-eng
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Prompt engineering: transforming
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learn.deeplearning.ai/chatgpt-prompt-eng

https://learn.deeplearning.ai/chatgpt-prompt-eng


Didier Guillevic	 	 	 	 	 	 	 	 	                Deep Learning

Prompt engineering: designing a chatbot
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learn.deeplearning.ai/chatgpt-prompt-eng

https://learn.deeplearning.ai/chatgpt-prompt-eng
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LLM: in-context learning / adding information
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LLMs can only extract information from their context window size: 2,048 tokens (approx. 1,000 words) for GPT-3 

LLMs have information from the web up to a given date: GPT 3.5 (ChatGPT) cut-off date is September 2021

Jerry Liu - twitter.com/jerryjliu0/status/1643998635984818178

https://twitter.com/jerryjliu0/status/1643998635984818178
https://github.com/imartinez/privateGPT
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LLM: give them a second chance
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They cannot backtrack… But they can review in a subsequent response
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LLMs: making them smaller / faster
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Several sizes trained: reducing the number of heads and layers

Bit quantization: trained with 16 bits floating values (bfloat16 “brain float point 16)… reduced to 4 bits.

LLMs running on iPhone mlc.ai/mlc-llm/

https://en.wikipedia.org/wiki/Bfloat16_floating-point_format
https://mlc.ai/mlc-llm
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PyG (PyTorch Geometric) 

blogs.nvidia.com/blog/2022/10/24/what-are-graph-neural-networks/

https://pytorch-geometric.readthedocs.io/en/latest/
https://blogs.nvidia.com/blog/2022/10/24/what-are-graph-neural-networks/
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cs231n.stanford.edu, cs224n.stanford.edu, fast.ai, Andrej Karpathy (Youtube) 

News:

Blogs: karpathy.github.io 

Tools: pytorch.org, Huggingface.co

Courses:

Papers: arxiv.org

deeplearning.ai/thebatch, @karpathy (Twitter)

Podcast: Lex Fridman, The Robot Brains (Pieter Abdeel) 

Free GPU: Google Colab

http://cs231n.stanford.edu
http://cs224n.stanford.edu
https://www.fast.ai
http://karpathy.github.io
http://pytorch.org
https://huggingface.co
https://arxiv.org
https://www.deeplearning.ai/thebatch/
https://twitter.com/karpathy
https://lexfridman.com/ai/
https://www.therobotbrains.ai
https://colab.research.google.com

