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AI : Birth, winter and renaissance
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Supervised big data

Google’s Law of Data : Volume of data double every 
1.5 years.

Eric Schmidt : “Every 2 days we create as much 
information as we did up to 2003.”

Data generation/collection is easy but data labeling 
is challenging.

It is time and money consuming.
It requires humans (machine ability bounded by 
human intelligence).

Why do we need labeled/annotated data? Because 
supervised deep learning is designed to predict labels.
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(Labeled) data available for your specific task

Performance on
your specific task

Traditional algorithms

Medium neural network

Big neural network

Huge neural network

(Big) data
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Self-supervised big data

How much labeled data to achieve super-human 
performances? 

ImageNet for image recognition has 1.4M images 
(machine error is 3% and human error is 5%).
AlphaGo Zero played 4.9 million games.
Self-driving cars : Tesla’s self-driving cars collected 2 
billion miles in 2019 (and no autonomous cars so far).

The next AI revolution will not be supervised !
It will be self-supervised with e.g. LLMs/ChatGPT.
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Computational power

1975 Moore’s Law of Computers : 
100x faster every decade
CPU, GPU/TPU, cloud computing
Brain : 1014 synapses/103 Tflops = (standard) computers 
in 2030 (100 times faster than today)
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=
2030 

1st Nvidia GPU in 1999

1st Amazon Cloud in 2006

1st Intel CPU 1971
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Neural network architectures
Most research works focus on deep learning architectures (along with training and optimization)

Industry labs leverage academic ideas to large-scale/impressive experiments (e.g. generative 
models) 

Still, no architecture can solve simultaneously many tasks like the human brain but progress has 
been made e.g. Transformers.
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Biological Neural Network

Artificial Neural Networks
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The deep learning revolution
Breakthrough in Computer Vision (CNNs)
LeCun, Bottou, Bengio, Haffner 1998
Krizhevsky, Sutskever, Hinton, 2012
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4.1%Human accuracy

Network engineering (End-to-end sys)Feature Engineering (SIFT)

Breakthrough in Speech and Natural Language Processing 
(RNNs/Transformers)
Hochreiter, Schmidhuber, 1997 and Vaswani et-al, 2017
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The power of deep learning

CNNs/RNNs/Transformers are powerful 
architectures to solve high-dimensional learning 
problems.

Curse of dimensionality :
dim(image) = dim(1000 x 1000) = 106

For N=10 samples/dim ⇒ 101,000,000 points 
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Applications
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Computer Vision : Autonomous driving, Face recognition 
Natural Language Processing : Machine Translation, Text generation, Chatbot (ChatGPT)
Speech Recognition : Virtual assistants (Alexa/Siri/Google/Cortana)
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Limitations of deep learning
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Standard DL such as:
CNNs, RNNs, Transformers
Modern DL toolboxes (TensorFlow, PyTorch)
Successful products for CV/NLP/SR (Google, Meta, etc.)

     but limited to work with grid/sequence data.

Do we have data NOT based on grid/sequence?
 Yes, quite a lot! (see next slide)

How to generalize NNs beyond CV/NLP/SR?

How to design universal and broadly applicable architectures?
A solution is Graph Neural Networks (GNNs)
With universal architecture (unified all NNs) – New NN generation

grid
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Computer Vision (CV)

Natural Language Processing (NLP)

Speech Recognition (SR)
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Brain analysis
 (Neuroscience/neuro-diseases)
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j
<latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit>

ij
<latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit>
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2 RT

<latexit sha1_base64="60abWUf96kIh3P+ESEWT65J66ZM="></latexit><latexit sha1_base64="60abWUf96kIh3P+ESEWT65J66ZM="></latexit><latexit sha1_base64="60abWUf96kIh3P+ESEWT65J66ZM="></latexit><latexit sha1_base64="60abWUf96kIh3P+ESEWT65J66ZM="></latexit>
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Quantum Chemistry 
(novel molecules for drugs 

and materials)
 

Atomi

Bondij

i
<latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit>

j
<latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit>

ij
<latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit>
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2 Rde

<latexit sha1_base64="j1AqJOvHFkVK1adBuFYlSGbt+wQ="></latexit><latexit sha1_base64="j1AqJOvHFkVK1adBuFYlSGbt+wQ="></latexit><latexit sha1_base64="j1AqJOvHFkVK1adBuFYlSGbt+wQ="></latexit><latexit sha1_base64="j1AqJOvHFkVK1adBuFYlSGbt+wQ="></latexit>

2

4
type

coordinates
charge

3

5

j

2 Rdv

<latexit sha1_base64="jWfbUWAOv5Km2Y6nWW9FZ8Jfyxg="></latexit><latexit sha1_base64="jWfbUWAOv5Km2Y6nWW9FZ8Jfyxg="></latexit><latexit sha1_base64="jWfbUWAOv5Km2Y6nWW9FZ8Jfyxg="></latexit><latexit sha1_base64="jWfbUWAOv5Km2Y6nWW9FZ8Jfyxg="></latexit>

2

4
type

coordinates
charge

3

5

i

2 Rdv

<latexit sha1_base64="eM9FjXFYt9MdTuvIcqbvfphanyk="></latexit><latexit sha1_base64="eM9FjXFYt9MdTuvIcqbvfphanyk="></latexit><latexit sha1_base64="eM9FjXFYt9MdTuvIcqbvfphanyk="></latexit><latexit sha1_base64="eM9FjXFYt9MdTuvIcqbvfphanyk="></latexit>

Aij =

⇢
1 if ij bond
0 otherwise

<latexit sha1_base64="bTNTV9FCbrI+njHorojZrqu7rQ4="></latexit><latexit sha1_base64="bTNTV9FCbrI+njHorojZrqu7rQ4="></latexit><latexit sha1_base64="bTNTV9FCbrI+njHorojZrqu7rQ4="></latexit><latexit sha1_base64="bTNTV9FCbrI+njHorojZrqu7rQ4="></latexit>

Graph-structured data

Social networks
(Advertisement/ 
recommendation)

Userj

Useri

User 
connectionij

2

4
messages
images
videos

3

5

i

2 Rd

<latexit sha1_base64="1/Uep78HsaIwPrl6syD3IdwJCsQ="></latexit><latexit sha1_base64="1/Uep78HsaIwPrl6syD3IdwJCsQ="></latexit><latexit sha1_base64="1/Uep78HsaIwPrl6syD3IdwJCsQ="></latexit><latexit sha1_base64="1/Uep78HsaIwPrl6syD3IdwJCsQ="></latexit>

2

4
messages
images
videos

3

5

j

2 Rd

<latexit sha1_base64="JKJzsU+Q7PTS362hcrFlMMBdKDE="></latexit><latexit sha1_base64="JKJzsU+Q7PTS362hcrFlMMBdKDE="></latexit><latexit sha1_base64="JKJzsU+Q7PTS362hcrFlMMBdKDE="></latexit><latexit sha1_base64="JKJzsU+Q7PTS362hcrFlMMBdKDE="></latexit>

i
<latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit><latexit sha1_base64="RlAIlE5MorzaIuoAsYZUvwE4eUI=">AAAB6nicbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisaD+gDWWznbRLN5uwuxFK6U/w4kERr/4ib/4bN20O2vpg4PHeDDPzwlRwbTzv2ymtrW9sbpW33Z3dvf2DyuFRSyeZYthkiUhUJ6QaBZfYNNwI7KQKaRwKbIfj29xvP6HSPJGPZpJiENOh5BFn1Fjpgbtuv1L1at4cZJX4BalCgUa/8tUbJCyLURomqNZd30tNMKXKcCZw5vYyjSllYzrErqWSxqiD6fzUGTmzyoBEibIlDZmrvyemNNZ6Eoe2M6ZmpJe9XPzP62YmugmmXKaZQckWi6JMEJOQ/G8y4AqZERNLKFPc3krYiCrKjE0nD8FffnmVtC5rvlfz76+q9YsijjKcwCmcgw/XUIc7aEATGAzhGV7hzRHOi/PufCxaS04xcwx/4Hz+ADHkjP8=</latexit>

j
<latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit><latexit sha1_base64="IvN7ZIjsPg5Gkwiu2YyISSTnuhw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJKIoMeCF48V7Qe0oWy2m3btZhN2J0IJ/QlePCji1V/kzX/jps1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzdJWeXtnd2+/cnDYMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb3K//cS1EbF6wEnC/YgOlQgFo2il+8dyuV+pujV3BrJMvIJUoUCjX/nqDWKWRlwhk9SYrucm6GdUo2CST8u91PCEsjEd8q6likbc+Nns1Ck5tcqAhLG2pZDM1N8TGY2MmUSB7Ywojsyil4v/ed0Uw2s/EypJkSs2XxSmkmBM8r/JQGjOUE4soUwLeythI6opQ5tOHoK3+PIyaV3UPLfm3V1W6+dFHCU4hhM4Aw+uoA630IAmMBjCM7zCmyOdF+fd+Zi3rjjFzBH8gfP5AzNqjQA=</latexit>

ij
<latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit><latexit sha1_base64="f8VGxI+5fMbgb8XS6gM2gFgsuvQ=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBg5REBD0WvHisYD+gDWWz3bRrdzdhdyKU0r/gxYMiXv1D3vw3Jm0O2vpg4PHeDDPzwkQKi5737ZTW1jc2t8rb7s7u3v5B5fCoZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB2Ob3O//cSNFbF+wEnCA0WHWkSCUcwl8ei6/UrVq3lzkFXiF6QKBRr9yldvELNUcY1MUmu7vpdgMKUGBZN85vZSyxPKxnTIuxnVVHEbTOe3zshZpgxIFJusNJK5+ntiSpW1ExVmnYriyC57ufif100xugmmQicpcs0Wi6JUEoxJ/jgZCMMZyklGKDMiu5WwETWUYRZPHoK//PIqaV3WfK/m319V6xdFHGU4gVM4Bx+uoQ530IAmMBjBM7zCm6OcF+fd+Vi0lpxi5hj+wPn8AfixjXM=</latexit>

Aij =

⇢
1 if ij friends
0 otherwise

<latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="XmNjvNjNjCnvMqRqnqHTYrXDUkU="></latexit><latexit sha1_base64="XmNjvNjNjCnvMqRqnqHTYrXDUkU="></latexit><latexit sha1_base64="VhfVKpfCiyy+XDZ05WLJJbP4cr8="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit><latexit sha1_base64="YFFfb+0iRyjOOtARB3DU8MK64Q0="></latexit>
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Graph-structured data

Xavier Bresson 16

Brain 
connectivity 

(Neuroscience)

Graph

=

Transportation 
networks

Drug/Material 
molecules 

(Chemistry)

3D Meshes 
(Computer 
Graphics)

Word relationships
(NLP)

Social networks
(Advertisement)

Gene Regulatory 
Network

Neutrino 
detection (High-
energy Physics)

Recommender 
systems (Amazon, 

Netflix)

Scene understanding
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A graph G is defined by :
Vertices V
Edges E
Adjacency matrix A

Graph features :
Node features : hi, hj (atom type)
Edge features : eij (bond type)
Graph features : g (molecule energy)

Graph-structured data

Xavier Bresson 17

=

hi =

2

64 ...

3

75 2 Rdv

<latexit sha1_base64="QWPKAQ5W09RWj9lneydNzjG7eKs="></latexit><latexit sha1_base64="QWPKAQ5W09RWj9lneydNzjG7eKs="></latexit><latexit sha1_base64="QWPKAQ5W09RWj9lneydNzjG7eKs="></latexit><latexit sha1_base64="QWPKAQ5W09RWj9lneydNzjG7eKs="></latexit>

eij =

2

64 ...

3

75 2 Rde

<latexit sha1_base64="xxSF2mjlG89TsfNchohEXBU/le8="></latexit><latexit sha1_base64="xxSF2mjlG89TsfNchohEXBU/le8="></latexit><latexit sha1_base64="xxSF2mjlG89TsfNchohEXBU/le8="></latexit><latexit sha1_base64="xxSF2mjlG89TsfNchohEXBU/le8="></latexit>

hj =

2

64 ...

3

75 2 Rdv

<latexit sha1_base64="Ec0krwKP/HHMr51ajNWvoKg1wVM="></latexit><latexit sha1_base64="Ec0krwKP/HHMr51ajNWvoKg1wVM="></latexit><latexit sha1_base64="Ec0krwKP/HHMr51ajNWvoKg1wVM="></latexit><latexit sha1_base64="Ec0krwKP/HHMr51ajNWvoKg1wVM="></latexit>

g =

2

64 ...

3

75 2 Rdg

<latexit sha1_base64="bl0qxLKrClBChsCfAREYN8sxcnw="></latexit><latexit sha1_base64="bl0qxLKrClBChsCfAREYN8sxcnw="></latexit><latexit sha1_base64="bl0qxLKrClBChsCfAREYN8sxcnw="></latexit><latexit sha1_base64="bl0qxLKrClBChsCfAREYN8sxcnw="></latexit>

G = (V,E,A)
<latexit sha1_base64="rsFij4wT42FKMyazBZXx3zauZAM=">AAACAHicbVDLSsNAFL3xWesr6sKFm8EiVCglKYJuhIqILivYB7ShTKaTdujkwcxEKCEbf8WNC0Xc+hnu/BsnbRbaeuDC4Zx7ufceN+JMKsv6NpaWV1bX1gsbxc2t7Z1dc2+/JcNYENokIQ9Fx8WSchbQpmKK004kKPZdTtvu+Drz249USBYGD2oSUcfHw4B5jGClpb552POxGhHMk9v0styq3FSuTosafbNkVa0p0CKxc1KCHI2++dUbhCT2aaAIx1J2bStSToKFYoTTtNiLJY0wGeMh7WoaYJ9KJ5k+kKITrQyQFwpdgUJT9fdEgn0pJ76rO7Nz5byXif953Vh5F07CgihWNCCzRV7MkQpRlgYaMEGJ4hNNMBFM34rICAtMlM4sC8Gef3mRtGpV26ra92elei2PowBHcAxlsOEc6nAHDWgCgRSe4RXejCfjxXg3PmatS0Y+cwB/YHz+ANOBk+A=</latexit><latexit sha1_base64="rsFij4wT42FKMyazBZXx3zauZAM=">AAACAHicbVDLSsNAFL3xWesr6sKFm8EiVCglKYJuhIqILivYB7ShTKaTdujkwcxEKCEbf8WNC0Xc+hnu/BsnbRbaeuDC4Zx7ufceN+JMKsv6NpaWV1bX1gsbxc2t7Z1dc2+/JcNYENokIQ9Fx8WSchbQpmKK004kKPZdTtvu+Drz249USBYGD2oSUcfHw4B5jGClpb552POxGhHMk9v0styq3FSuTosafbNkVa0p0CKxc1KCHI2++dUbhCT2aaAIx1J2bStSToKFYoTTtNiLJY0wGeMh7WoaYJ9KJ5k+kKITrQyQFwpdgUJT9fdEgn0pJ76rO7Nz5byXif953Vh5F07CgihWNCCzRV7MkQpRlgYaMEGJ4hNNMBFM34rICAtMlM4sC8Gef3mRtGpV26ra92elei2PowBHcAxlsOEc6nAHDWgCgRSe4RXejCfjxXg3PmatS0Y+cwB/YHz+ANOBk+A=</latexit><latexit sha1_base64="rsFij4wT42FKMyazBZXx3zauZAM=">AAACAHicbVDLSsNAFL3xWesr6sKFm8EiVCglKYJuhIqILivYB7ShTKaTdujkwcxEKCEbf8WNC0Xc+hnu/BsnbRbaeuDC4Zx7ufceN+JMKsv6NpaWV1bX1gsbxc2t7Z1dc2+/JcNYENokIQ9Fx8WSchbQpmKK004kKPZdTtvu+Drz249USBYGD2oSUcfHw4B5jGClpb552POxGhHMk9v0styq3FSuTosafbNkVa0p0CKxc1KCHI2++dUbhCT2aaAIx1J2bStSToKFYoTTtNiLJY0wGeMh7WoaYJ9KJ5k+kKITrQyQFwpdgUJT9fdEgn0pJ76rO7Nz5byXif953Vh5F07CgihWNCCzRV7MkQpRlgYaMEGJ4hNNMBFM34rICAtMlM4sC8Gef3mRtGpV26ra92elei2PowBHcAxlsOEc6nAHDWgCgRSe4RXejCfjxXg3PmatS0Y+cwB/YHz+ANOBk+A=</latexit><latexit sha1_base64="rsFij4wT42FKMyazBZXx3zauZAM=">AAACAHicbVDLSsNAFL3xWesr6sKFm8EiVCglKYJuhIqILivYB7ShTKaTdujkwcxEKCEbf8WNC0Xc+hnu/BsnbRbaeuDC4Zx7ufceN+JMKsv6NpaWV1bX1gsbxc2t7Z1dc2+/JcNYENokIQ9Fx8WSchbQpmKK004kKPZdTtvu+Drz249USBYGD2oSUcfHw4B5jGClpb552POxGhHMk9v0styq3FSuTosafbNkVa0p0CKxc1KCHI2++dUbhCT2aaAIx1J2bStSToKFYoTTtNiLJY0wGeMh7WoaYJ9KJ5k+kKITrQyQFwpdgUJT9fdEgn0pJ76rO7Nz5byXif953Vh5F07CgihWNCCzRV7MkQpRlgYaMEGJ4hNNMBFM34rICAtMlM4sC8Gef3mRtGpV26ra92elei2PowBHcAxlsOEc6nAHDWgCgRSe4RXejCfjxXg3PmatS0Y+cwB/YHz+ANOBk+A=</latexit>

i
<latexit sha1_base64="5YP62cqhTEZE4/44WrXhRx4PZp4=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fjw4rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4aXPQ1gcDj/dmmJkXpoJr47rfzsbm1vbObmWvun9weHRcOznt6CRTDH2WiET1QqpRcIm+4UZgL1VI41BgN5zeFX73CZXmiXw0sxSDmI4ljzijxko+r1oMa3W34S5A1olXkjqUaA9rX4NRwrIYpWGCat333NQEOVWGM4Hz6iDTmFI2pWPsWyppjDrIF8fOyaVVRiRKlC1pyEL9PZHTWOtZHNrOmJqJXvUK8T+vn5noNsi5TDODki0XRZkgJiHF52TEFTIjZpZQpri9lbAJVZQZm08Rgrf68jrpNBue2/AeruutZhlHBc7hAq7AgxtowT20wQcGHJ7hFd4c6bw4787HsnXDKWfO4A+czx+c2I0t</latexit><latexit sha1_base64="5YP62cqhTEZE4/44WrXhRx4PZp4=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fjw4rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4aXPQ1gcDj/dmmJkXpoJr47rfzsbm1vbObmWvun9weHRcOznt6CRTDH2WiET1QqpRcIm+4UZgL1VI41BgN5zeFX73CZXmiXw0sxSDmI4ljzijxko+r1oMa3W34S5A1olXkjqUaA9rX4NRwrIYpWGCat333NQEOVWGM4Hz6iDTmFI2pWPsWyppjDrIF8fOyaVVRiRKlC1pyEL9PZHTWOtZHNrOmJqJXvUK8T+vn5noNsi5TDODki0XRZkgJiHF52TEFTIjZpZQpri9lbAJVZQZm08Rgrf68jrpNBue2/AeruutZhlHBc7hAq7AgxtowT20wQcGHJ7hFd4c6bw4787HsnXDKWfO4A+czx+c2I0t</latexit><latexit sha1_base64="5YP62cqhTEZE4/44WrXhRx4PZp4=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fjw4rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4aXPQ1gcDj/dmmJkXpoJr47rfzsbm1vbObmWvun9weHRcOznt6CRTDH2WiET1QqpRcIm+4UZgL1VI41BgN5zeFX73CZXmiXw0sxSDmI4ljzijxko+r1oMa3W34S5A1olXkjqUaA9rX4NRwrIYpWGCat333NQEOVWGM4Hz6iDTmFI2pWPsWyppjDrIF8fOyaVVRiRKlC1pyEL9PZHTWOtZHNrOmJqJXvUK8T+vn5noNsi5TDODki0XRZkgJiHF52TEFTIjZpZQpri9lbAJVZQZm08Rgrf68jrpNBue2/AeruutZhlHBc7hAq7AgxtowT20wQcGHJ7hFd4c6bw4787HsnXDKWfO4A+czx+c2I0t</latexit><latexit sha1_base64="5YP62cqhTEZE4/44WrXhRx4PZp4=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fjw4rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4aXPQ1gcDj/dmmJkXpoJr47rfzsbm1vbObmWvun9weHRcOznt6CRTDH2WiET1QqpRcIm+4UZgL1VI41BgN5zeFX73CZXmiXw0sxSDmI4ljzijxko+r1oMa3W34S5A1olXkjqUaA9rX4NRwrIYpWGCat333NQEOVWGM4Hz6iDTmFI2pWPsWyppjDrIF8fOyaVVRiRKlC1pyEL9PZHTWOtZHNrOmJqJXvUK8T+vn5noNsi5TDODki0XRZkgJiHF52TEFTIjZpZQpri9lbAJVZQZm08Rgrf68jrpNBue2/AeruutZhlHBc7hAq7AgxtowT20wQcGHJ7hFd4c6bw4787HsnXDKWfO4A+czx+c2I0t</latexit>

j
<latexit sha1_base64="uzkOcVO/X53iwhYbLz3tS4wrJBE=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeCF48VTFtoQ9lsJ+3azSbsboRS+hu8eFDEqz/Im//GTZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXBym/udJ1SaJ/LBTFMMYjqSPOKMGiv5jxWLQbXm1t0FyDrxClKDAq1B9as/TFgWozRMUK17npuaYEaV4UzgvNLPNKaUTegIe5ZKGqMOZotj5+TCKkMSJcqWNGSh/p6Y0VjraRzazpiasV71cvE/r5eZ6CaYcZlmBiVbLooyQUxC8s/JkCtkRkwtoUxxeythY6ooMzafPARv9eV10m7UPbfu3V/Vmo0ijjKcwTlcggfX0IQ7aIEPDDg8wyu8OdJ5cd6dj2VrySlmTuEPnM8fnmCNLg==</latexit><latexit sha1_base64="uzkOcVO/X53iwhYbLz3tS4wrJBE=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeCF48VTFtoQ9lsJ+3azSbsboRS+hu8eFDEqz/Im//GTZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXBym/udJ1SaJ/LBTFMMYjqSPOKMGiv5jxWLQbXm1t0FyDrxClKDAq1B9as/TFgWozRMUK17npuaYEaV4UzgvNLPNKaUTegIe5ZKGqMOZotj5+TCKkMSJcqWNGSh/p6Y0VjraRzazpiasV71cvE/r5eZ6CaYcZlmBiVbLooyQUxC8s/JkCtkRkwtoUxxeythY6ooMzafPARv9eV10m7UPbfu3V/Vmo0ijjKcwTlcggfX0IQ7aIEPDDg8wyu8OdJ5cd6dj2VrySlmTuEPnM8fnmCNLg==</latexit><latexit sha1_base64="uzkOcVO/X53iwhYbLz3tS4wrJBE=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeCF48VTFtoQ9lsJ+3azSbsboRS+hu8eFDEqz/Im//GTZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXBym/udJ1SaJ/LBTFMMYjqSPOKMGiv5jxWLQbXm1t0FyDrxClKDAq1B9as/TFgWozRMUK17npuaYEaV4UzgvNLPNKaUTegIe5ZKGqMOZotj5+TCKkMSJcqWNGSh/p6Y0VjraRzazpiasV71cvE/r5eZ6CaYcZlmBiVbLooyQUxC8s/JkCtkRkwtoUxxeythY6ooMzafPARv9eV10m7UPbfu3V/Vmo0ijjKcwTlcggfX0IQ7aIEPDDg8wyu8OdJ5cd6dj2VrySlmTuEPnM8fnmCNLg==</latexit><latexit sha1_base64="uzkOcVO/X53iwhYbLz3tS4wrJBE=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeCF48VTFtoQ9lsJ+3azSbsboRS+hu8eFDEqz/Im//GTZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXBym/udJ1SaJ/LBTFMMYjqSPOKMGiv5jxWLQbXm1t0FyDrxClKDAq1B9as/TFgWozRMUK17npuaYEaV4UzgvNLPNKaUTegIe5ZKGqMOZotj5+TCKkMSJcqWNGSh/p6Y0VjraRzazpiasV71cvE/r5eZ6CaYcZlmBiVbLooyQUxC8s/JkCtkRkwtoUxxeythY6ooMzafPARv9eV10m7UPbfu3V/Vmo0ijjKcwTlcggfX0IQ7aIEPDDg8wyu8OdJ5cd6dj2VrySlmTuEPnM8fnmCNLg==</latexit>

ij
<latexit sha1_base64="Tr3beZzVs88HzT/+beb54y3QhJs=">AAAB7XicbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHgxWMF+wHtUrJptk2bTZYkK5Sl/8GLB0W8+n+8+W/MtnvQ1gcDj/dmmJkXJoIb63nfaGNza3tnt7RX3j84PDqunJy2jUo1ZS2qhNLdkBgmuGQty61g3UQzEoeCdcLpXe53npg2XMlHO0tYEJOR5BGnxDqpzSdlh0Gl6tW8BfA68QtShQLNQeWrP1Q0jZm0VBBjer6X2CAj2nIq2LzcTw1LCJ2SEes5KknMTJAtrp3jS6cMcaS0K2nxQv09kZHYmFkcus6Y2LFZ9XLxP6+X2ug2yLhMUsskXS6KUoGtwvnreMg1o1bMHCFUc3crpmOiCbUuoDwEf/XlddKu13yv5j9cVxv1Io4SnMMFXIEPN9CAe2hCCyhM4Ble4Q0p9ILe0ceydQMVM2fwB+jzB2SMjaE=</latexit><latexit sha1_base64="Tr3beZzVs88HzT/+beb54y3QhJs=">AAAB7XicbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHgxWMF+wHtUrJptk2bTZYkK5Sl/8GLB0W8+n+8+W/MtnvQ1gcDj/dmmJkXJoIb63nfaGNza3tnt7RX3j84PDqunJy2jUo1ZS2qhNLdkBgmuGQty61g3UQzEoeCdcLpXe53npg2XMlHO0tYEJOR5BGnxDqpzSdlh0Gl6tW8BfA68QtShQLNQeWrP1Q0jZm0VBBjer6X2CAj2nIq2LzcTw1LCJ2SEes5KknMTJAtrp3jS6cMcaS0K2nxQv09kZHYmFkcus6Y2LFZ9XLxP6+X2ug2yLhMUsskXS6KUoGtwvnreMg1o1bMHCFUc3crpmOiCbUuoDwEf/XlddKu13yv5j9cVxv1Io4SnMMFXIEPN9CAe2hCCyhM4Ble4Q0p9ILe0ceydQMVM2fwB+jzB2SMjaE=</latexit><latexit sha1_base64="Tr3beZzVs88HzT/+beb54y3QhJs=">AAAB7XicbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHgxWMF+wHtUrJptk2bTZYkK5Sl/8GLB0W8+n+8+W/MtnvQ1gcDj/dmmJkXJoIb63nfaGNza3tnt7RX3j84PDqunJy2jUo1ZS2qhNLdkBgmuGQty61g3UQzEoeCdcLpXe53npg2XMlHO0tYEJOR5BGnxDqpzSdlh0Gl6tW8BfA68QtShQLNQeWrP1Q0jZm0VBBjer6X2CAj2nIq2LzcTw1LCJ2SEes5KknMTJAtrp3jS6cMcaS0K2nxQv09kZHYmFkcus6Y2LFZ9XLxP6+X2ug2yLhMUsskXS6KUoGtwvnreMg1o1bMHCFUc3crpmOiCbUuoDwEf/XlddKu13yv5j9cVxv1Io4SnMMFXIEPN9CAe2hCCyhM4Ble4Q0p9ILe0ceydQMVM2fwB+jzB2SMjaE=</latexit><latexit sha1_base64="Tr3beZzVs88HzT/+beb54y3QhJs=">AAAB7XicbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHgxWMF+wHtUrJptk2bTZYkK5Sl/8GLB0W8+n+8+W/MtnvQ1gcDj/dmmJkXJoIb63nfaGNza3tnt7RX3j84PDqunJy2jUo1ZS2qhNLdkBgmuGQty61g3UQzEoeCdcLpXe53npg2XMlHO0tYEJOR5BGnxDqpzSdlh0Gl6tW8BfA68QtShQLNQeWrP1Q0jZm0VBBjer6X2CAj2nIq2LzcTw1LCJ2SEes5KknMTJAtrp3jS6cMcaS0K2nxQv09kZHYmFkcus6Y2LFZ9XLxP6+X2ug2yLhMUsskXS6KUoGtwvnreMg1o1bMHCFUc3crpmOiCbUuoDwEf/XlddKu13yv5j9cVxv1Io4SnMMFXIEPN9CAe2hCCyhM4Ble4Q0p9ILe0ceydQMVM2fwB+jzB2SMjaE=</latexit>

V = {1, .., n}
<latexit sha1_base64="uyVdbziOGHiCtZZ2/+CXtVUELUQ=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBQwlJEfQiFLx4rGBroQlls920SzebsLsplNB/4sWDIl79J978N27aHLT1wcDjvRlm5oUpZ0q77rdV2djc2t6p7tb29g8Oj+zjk65KMklohyQ8kb0QK8qZoB3NNKe9VFIch5w+hZO7wn+aUqlYIh71LKVBjEeCRYxgbaSBbXdv/dxrOE5D+POawcCuu467AFonXknqUKI9sL/8YUKymApNOFaq77mpDnIsNSOczmt+pmiKyQSPaN9QgWOqgnxx+RxdGGWIokSaEhot1N8TOY6VmsWh6YyxHqtVrxD/8/qZjm6CnIk001SQ5aIo40gnqIgBDZmkRPOZIZhIZm5FZIwlJtqEVYTgrb68TrpNx3Md7+Gq3mqWcVThDM7hEjy4hhbcQxs6QGAKz/AKb1ZuvVjv1seytWKVM6fwB9bnD5twkPk=</latexit><latexit sha1_base64="uyVdbziOGHiCtZZ2/+CXtVUELUQ=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBQwlJEfQiFLx4rGBroQlls920SzebsLsplNB/4sWDIl79J978N27aHLT1wcDjvRlm5oUpZ0q77rdV2djc2t6p7tb29g8Oj+zjk65KMklohyQ8kb0QK8qZoB3NNKe9VFIch5w+hZO7wn+aUqlYIh71LKVBjEeCRYxgbaSBbXdv/dxrOE5D+POawcCuu467AFonXknqUKI9sL/8YUKymApNOFaq77mpDnIsNSOczmt+pmiKyQSPaN9QgWOqgnxx+RxdGGWIokSaEhot1N8TOY6VmsWh6YyxHqtVrxD/8/qZjm6CnIk001SQ5aIo40gnqIgBDZmkRPOZIZhIZm5FZIwlJtqEVYTgrb68TrpNx3Md7+Gq3mqWcVThDM7hEjy4hhbcQxs6QGAKz/AKb1ZuvVjv1seytWKVM6fwB9bnD5twkPk=</latexit><latexit sha1_base64="uyVdbziOGHiCtZZ2/+CXtVUELUQ=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBQwlJEfQiFLx4rGBroQlls920SzebsLsplNB/4sWDIl79J978N27aHLT1wcDjvRlm5oUpZ0q77rdV2djc2t6p7tb29g8Oj+zjk65KMklohyQ8kb0QK8qZoB3NNKe9VFIch5w+hZO7wn+aUqlYIh71LKVBjEeCRYxgbaSBbXdv/dxrOE5D+POawcCuu467AFonXknqUKI9sL/8YUKymApNOFaq77mpDnIsNSOczmt+pmiKyQSPaN9QgWOqgnxx+RxdGGWIokSaEhot1N8TOY6VmsWh6YyxHqtVrxD/8/qZjm6CnIk001SQ5aIo40gnqIgBDZmkRPOZIZhIZm5FZIwlJtqEVYTgrb68TrpNx3Md7+Gq3mqWcVThDM7hEjy4hhbcQxs6QGAKz/AKb1ZuvVjv1seytWKVM6fwB9bnD5twkPk=</latexit><latexit sha1_base64="uyVdbziOGHiCtZZ2/+CXtVUELUQ=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBQwlJEfQiFLx4rGBroQlls920SzebsLsplNB/4sWDIl79J978N27aHLT1wcDjvRlm5oUpZ0q77rdV2djc2t6p7tb29g8Oj+zjk65KMklohyQ8kb0QK8qZoB3NNKe9VFIch5w+hZO7wn+aUqlYIh71LKVBjEeCRYxgbaSBbXdv/dxrOE5D+POawcCuu467AFonXknqUKI9sL/8YUKymApNOFaq77mpDnIsNSOczmt+pmiKyQSPaN9QgWOqgnxx+RxdGGWIokSaEhot1N8TOY6VmsWh6YyxHqtVrxD/8/qZjm6CnIk001SQ5aIo40gnqIgBDZmkRPOZIZhIZm5FZIwlJtqEVYTgrb68TrpNx3Md7+Gq3mqWcVThDM7hEjy4hhbcQxs6QGAKz/AKb1ZuvVjv1seytWKVM6fwB9bnD5twkPk=</latexit>
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Graph Neural Networks (GNNs)

Xavier Bresson 19

Why generalizing Deep Learning to graphs is hard ?

Irregular grid/topology: the size of graphs varies and the number of neighbors changes
No node ordering: no coordinates/directions on graphs like up, down, right or left
Lots of symmetries: 

Permutation equivariance/invariance
Isomorphic nodes, i.e. nodes with the same neighborhood structures

Dynamic topology: node/edge can appear and be discarded

+ GNNs
f(G) +

G

Node-level prediction

Edge-level prediction

Graph-level prediction
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GNNs in research

Xavier Bresson 20

One of the hottest machine learning topics since 2021 !
Standard toolkit for analyzing and learning from data on graphs
Flexible to adapt to complex data structure and combine distinct modalities

ICLR
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My research

Xavier Bresson 21

Design minimalist and mathematically sound GNNs for a wide range of applications
Co-inventor of Graph Convolutional Networks in 2016 (10th most cited paper at NeurIPS)
Popularized GNNs w/ Michael Bronstein (Oxford), Yann LeCun (NYU/Meta/Turing)                     
with tutorials at NeurIPS’17, CVPR’17, SIAM AM’18
Developed with Yoshua Bengio’20’21 (MILA/Turing) and Yann LeCun’22’23 new classes of GNNs
Invited speaker at KDD’23, NeurIPS’22, AAAI’21, KDD’21’23, ICLR’20, ICML’20 (AI conferences)
Conference/workshop organizer at LoG’23’22, UCLA’23’21’19’18, ICLR’22, MLSys’21
Awarded the US$2M NRF Fellowship in 2017 (largest individual grant in Singapore)
16,000+ citations, 60+ articles, 70,000+ YouTube views, 8,000+ Twitter followers

NeurIPS’17
1,000-2,000 
participants

CVPR’17
500-1,000 

participants
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GNN case studies

Xavier Bresson 23

Chip design (Google)
Resource management 
Scene reasoning (Meta)
Recommendation (UberEats/ Pinterest/ Alibaba)
Fake news detection
Finance
Natural Language Processing
Knowledge graphs (Amazon)
Transportation (Google Map ETA)
Autonomous driving (NVIDIA)
Protein & drug design (Google DeepMind/ Microsoft/ AstraZeneca)
Energy physics & simulations (Google DeepMind)
Code bug detection
Genomics
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GNNs for chip design

Xavier Bresson 24

https://ai.googleblog.com/2020/04/chip-design-with-deep-reinforcement.html 

https://www.theverge.com/2021/6/10/22527476/google-machine-learning-chip-design-tpu-floorplanning 

https://ai.googleblog.com/2020/04/chip-design-with-deep-reinforcement.html
https://www.theverge.com/2021/6/10/22527476/google-machine-learning-chip-design-tpu-floorplanning


25

GNNs for resource allocation

Operations Research/Combinatorial 
Optimization s.a. assignment, routing, 
planning, supply chain, scheduling are used 
every day in revenue management, 
transportation, manufacturing, supply chain, 
public policy, hardware design, etc.

Most OR problems are NP-hard.

Traditional OR solvers are hand-crafted 
algorithms with years of research work and 
significant specialized knowledge. 

DL can learn universal high-quality 
algorithms to solve OR problems with GNNs 
and RL.

Xavier Bresson 25
Amazon warehouse 

management

Hardware pieces placement Uber taxis allocation

https://towardsdatascience.com/can-transformers-solve-this-90-year-
old-classic-computer-science-problem-better-than-human-

8ef78bb2e9d8 

https://towardsdatascience.com/can-transformers-solve-this-90-year-old-classic-computer-science-problem-better-than-human-8ef78bb2e9d8
https://towardsdatascience.com/can-transformers-solve-this-90-year-old-classic-computer-science-problem-better-than-human-8ef78bb2e9d8
https://towardsdatascience.com/can-transformers-solve-this-90-year-old-classic-computer-science-problem-better-than-human-8ef78bb2e9d8
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GNNs for scene reasoning

Xavier Bresson 26

xxx

https://deepmind.com/blo
g/article/neural-approach-
relational-reasoning 

https://deepmind.com/blog/article/neural-approach-relational-reasoning
https://deepmind.com/blog/article/neural-approach-relational-reasoning
https://deepmind.com/blog/article/neural-approach-relational-reasoning
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GNNs for autonomous driving

Xavier Bresson 27

xxx

https://slideslive.com/38930570/graph-
neural-networks-for-selfdriving 

https://slideslive.com/38930570/graph-neural-networks-for-selfdriving
https://slideslive.com/38930570/graph-neural-networks-for-selfdriving
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GNNs for autonomous driving

Computer Vision with visual common sense

Reasoning on scene graph

Xavier Bresson 28

Scene graph understanding

A. Karpathy (Tesla AI 
Autopilot Director)

https://youtu.be/2PpN
mSdFP7Q?t=3369 

https://youtu.be/2PpNmSdFP7Q?t=3369
https://youtu.be/2PpNmSdFP7Q?t=3369
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GNNs for recommendation

Xavier Bresson 29

xxx

https://eng.uber.com/uber-eats-graph-learning 

https://medium.com/pinterest-engineering/pinsage-a-new-graph-convolutional-
neural-network-for-web-scale-recommender-systems-88795a107f48 

https://eng.uber.com/uber-eats-graph-learning
https://medium.com/pinterest-engineering/pinsage-a-new-graph-convolutional-neural-network-for-web-scale-recommender-systems-88795a107f48
https://medium.com/pinterest-engineering/pinsage-a-new-graph-convolutional-neural-network-for-web-scale-recommender-systems-88795a107f48
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GNNs for fake news detection
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Social networks : 
Fake News (2016 US Presidential Election) 
/(human) adversarial attacks

Twitter network
Facebook network
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GNNs for finance
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Financial networks model financial entities and their relationships.
Applications :

client/bank/company
$100, date

Credit: You et-al, Arxiv 2021
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GNNs for knowledge graphs
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xxx

https://www.amazon.science/blog/combining-knowledge-
graphs-quickly-and-accurately 

Knowledge graphs represent large-
scale data information in the form of 
triples.

Triples are two entities and their 
type of relationship.

https://www.amazon.science/blog/combining-knowledge-graphs-quickly-and-accurately
https://www.amazon.science/blog/combining-knowledge-graphs-quickly-and-accurately
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GNNs for knowledge graphs
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Reasoning on KGs can provide critical new information.
Predict drugs that target proteins associated to Covid-19.
Where did Canadian Turing Award winners graduate?

Limitations of non-ML reasoning on KG :
KGs are incomplete, noisy.
Answer query on large graphs can become intractable with standard graph search 
algorithms.

GNNs can represent complex queries in a continuous embedding space.
Answer is given by the closest entity (w.r.t. the Euclidean distance).

Credit: Amazon Neptune ML

Credit: Hamilton et al, NeurIPS 2018

First-order logic Query 
Formula
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GNNs for NLP
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xxx

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

https://thegradient.pub/transformers-are-graph-neural-networks 
Transformers are (fully-connected) Graph Neural Networks.

https://openai.com/blog/better-language-models
https://thegradient.pub/transformers-are-graph-neural-networks
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Limitation of Transformers
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Impressive results at large-scale 
2020 GPT-3, 175B parameters, 285,000 CPUs, 10,000 GPUs, 400Gb/sec network 
connectivity, 500 billion tokens, US$12 Million to train
Transformers capture dynamic word representation depending on the context.
Example : The vase broke. The news broke. Sandy broke the world record. Sandy 
broke the law. We broke even. The burglar broke into the house. Etc. 
DL has not yet reached human performance (no common sense).

What is missing to get to human’s level?
More data? Yes but not sufficient.
Reasoning, but with what inductive bias?

Knowledge graphs 

Credit: Antoine Bosselut, EPFL
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GNNs for NLP
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Transformers vs GNNs with knowledge graphs

Credit: Yasunaga et al, NAACL, 2021
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GNNs for transportation
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https://deepmind.com/blog/article/traffic-prediction-with-advanced-
graph-neural-networks 

https://deepmind.com/blog/article/traffic-prediction-with-advanced-graph-neural-networks
https://deepmind.com/blog/article/traffic-prediction-with-advanced-graph-neural-networks
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GNNs for protein folding
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https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-
old-grand-challenge-in-biology 

Graph Transformers

https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
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GNNs for protein function & interaction
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xxx
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GNNs for drug design
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https://www.sciencedirect.com/science/article/pii/S0092867420301021 

https://www.sciencedirect.com/science/article/pii/S0092867420301021
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GNNs for energy physics
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xxx

https://news.fnal.gov/2020/09/the-next-big-thing-the-
use-of-graph-neural-networks-to-discover-particles 

https://news.fnal.gov/2020/09/the-next-big-thing-the-use-of-graph-neural-networks-to-discover-particles
https://news.fnal.gov/2020/09/the-next-big-thing-the-use-of-graph-neural-networks-to-discover-particles
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GNNs for energy physics

High-energy physics with neutrino detection (hard to detect 
because they have a very small chance of interacting with 
regular matter).

Xavier Bresson 425,160 sensors

IceCube Neutrino Observatory
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GNNs for physics simulation
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xxx

https://deepmind.com/research/open-
source/Learning-to-Simulate-Complex-Physics-with-
Graph-Networks 

https://deepmind.com/research/open-source/Learning-to-Simulate-Complex-Physics-with-Graph-Networks
https://deepmind.com/research/open-source/Learning-to-Simulate-Complex-Physics-with-Graph-Networks
https://deepmind.com/research/open-source/Learning-to-Simulate-Complex-Physics-with-Graph-Networks
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GNNs for code bug detection
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Experiments conducted on a large dataset 
with 4.9M methods in 92 different project 
versions show that GNNs have a relative 
improvement up to 160% on F-score when 
comparing with the state-of-the-art bug 
detection approaches.

https://dl.acm.org/doi/pdf/10.1145/3360588 

https://dl.acm.org/doi/pdf/10.1145/3360588
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GNNs for genomics
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We proposed to use GNN to replace human 
heuristics ⇒ AI-based genome assembler
Advantage : Solve genome assembly 
independently of any type of sequencing 
machine and no hand-crafting of genome 
assemblers.
Given a state-of-the-art genome assembler 
(Raven), we demonstrated that learned 
heuristics with GNN outperforms human 
engineered rules.

https://arxiv.org/pdf/2206.00668.pdf 

2001 2022

+

Biological 
sample

Genome

(Unordered) reads

Overlapping reads

Assembly graph
(directed graph)

+ Graph construction
(Overlap phase)

Longest path /
Human genome

https://arxiv.org/pdf/2206.00668.pdf
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The Deep Learning (DL) revolution
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GNNs for industry
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Market potential has a large landscape : 
 GNN is a general technology that can be applied to several tasks

Finance: fraud/anomaly detection, forecast prediction for e.g. sales, investments, credit risk
Recommendation: better targeted ads, improved user experience/loyalty
Knowledge graphs: enhanced CRM, query relationships/interactions with company and 
customers
Healthcare: drug design, new diagnostic tools for doctors s.a. brain analysis
Robotics: better 3D point representation, planning and reasoning
NLP: improved Q&A chatbot with contextual graphs
Resource management: supply chain and warehouse/inventory optimization
Transportation: more accurate and dynamic delivery time
Etc.
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GNNs for industry
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Recent technology

Kumo : https://kumo.ai  
Start-up raised $18.5 Million in July 2022
A co-funder is Jure Leskovec (Stanford)

Amazon Neptune: 
https://aws.amazon.com/neptune/machine-learning 

https://kumo.ai/
https://aws.amazon.com/neptune/machine-learning
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GNN pipeline
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Collect data (user/customer features, product features, etc.)

Generate graphs from data relationships and features

Train/validate GNN for given predictive tasks

Cloud storage, security, computing and deployment

Customers query an API to get predictions
 Easy to use for non-expert DL/GNN customers
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Outline
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The Deep Learning (DL) revolution

Limitations of DL

Graph-Structured data

Graph Neural Networks (GNNs)

GNN case studies

GNN for industry

GNN books and libraries

Conclusion
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Books

Graph Representation Learning Book, Springer, 2020
William Hamilton, McGill University
https://link.springer.com/book/10.1007/978-3-031-01588-5
https://github.com/RHxW/CV-DL-Docs/blob/master/GRL_Book.pdf 

Geometric Deep Learning: Grids, Groups, Graphs, Geodesics, and Gauges, 
2021

Michael M. Bronstein (Oxford), Joan Bruna (NYU), Taco Cohen 
(Qualcomm), Petar Veličković (DeepMind)
https://arxiv.org/pdf/2104.13478.pdf 

Graph Neural Networks: Foundations, Frontiers, Applications, Springer, 
2022

Lingfei Wu (Pinterest), Peng Cui (Tsinghua), Jian Pei, (Duke), Liang 
Zhao (Emory University)
https://graph-neural-networks.github.io (English and Chinese versions)
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https://link.springer.com/book/10.1007/978-3-031-01588-5
https://github.com/RHxW/CV-DL-Docs/blob/master/GRL_Book.pdf
https://arxiv.org/pdf/2104.13478.pdf
https://graph-neural-networks.github.io/
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Libraries
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Amazon DGL (Deep Graph Library)
First released in Dec 2018 (11k+ stars)
PyTorch / TensorFlow / MxNet
https://www.dgl.ai 

Kumo PyG (PyTorch Geometric)
First released in Mar 2019 (16k+ stars)
PyTorch
https://www.pyg.org 

TensorFlow GNNs
First released in Nov 2021 (1k+ stars)
https://github.com/tensorflow/gnn 

https://www.dgl.ai/
https://www.pyg.org/
https://github.com/tensorflow/gnn
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The Deep Learning (DL) revolution

Limitations of DL

Graph-Structured data

Graph Neural Networks (GNNs)

GNN case studies

GNN for industry

GNN libraries

Conclusion
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Conclusion
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Graph Neural Networks are a breakthrough in Machine Learning.

GNNs have become the standard toolkit for analyzing graph-structured data.

They generalize CNNs/RNNs/Transformers from grids/sequences to complex relational 
data structures.

Graphs are everywhere because everything is connected.

GNNs are highly flexible and have been/will be applied to a large variety of applications.

Large-scale training (linear complexity) with distributed computing.

Supervised, reinforcement and self-supervised training.

GNNs will boost business analytics.
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Tentative Lectures

Introduction to Graph Machine Learning
Part 1: GML without feature learning 
(before 2014)

Introduction to Graph Science
Graph Analysis Techniques without 
Feature Learning

Graph clustering
Classification
Recommendation
Dimensionality reduction

Part 2 : GML with shallow feature learning 
(2014-2016)

Shallow graph feature learning

Part 3 : GML with deep feature learning, 
a.k.a. GNNs (after 2016)

Graph Convolutional Networks 
(spectral and spatial)
Weisfeiler-Lehman GNNs
Graph Transformer & Graph 
ViT/MLP-Mixer
Benchmarking GNNs
Molecular science and generative GNNs
GNNs for combinatorial optimization
GNNs for recommendation
GNNs for knowledge graphs
Integrating GNNs and LLMs
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Questions?
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