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. entered our Al models in five STEM Olympiad competitions.
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NewScientist

Mathematics

DeepMind and OpenAl claim gold in
International Mathematical Olympiad

Two Al models have achieved gold medal standard for the first time in a prestigious competition for young
mathematicians — and their developers claim these Als could soon crack tough scientific problems



Cognition and learning can be engineered
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Cognition and learning can be engineered



1949 - Donald Hebb proposes the Hebbian Learning principle (Hebb, 1949).
1951 - Marvin Minsky creates the first ANN (Hebbian learning, 40 neurons).
1958 - Frank Rosenblatt creates a perceptron to classify 20 x 20 images.

1959 - David H. Hubel and Torsten Wiesel demonstrate orientation
selectivity and columnar organization in the cat’s visual cortex
(Hubel and Wiesel, 1962).

1982 - Paul Werbos proposes back-propagation for ANNs (Werbos, 1981).

Cognition and learning can be engineered



(Fukushima, 1980)

Cognition and learning can be engineered
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Stupid learning leads to smart models
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In the general case, computing the proper parameters has to be done
numerically through gradient descent.
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Stupid learning leads to smart models



model = nn.Sequential(
nn.Conv2d( 1, 32, 5), nn.MaxPool2d(3), nn.ReLU(),
nn.Conv2d (32, 64, 5), nn.MaxPool2d(2), nn.ReLU(),
Model nn.Flatten(),
nn.Linear (256, 200), nn.ReLU(Q),
nn.Linear (200, 10)

criterion = nn.CrossEntropyLoss()
optimizer = torch.optim.SGD(model.parameters(), 1lr = le-2)

for e in range(nb_epochs):

Training for input, target in data_loader_iterator(train_loader):
output = model (input)

loss = criterion(output, target)
optimizer.zero_grad()

loss.backward ()

optimizer.step()

Stupid learning leads to smart models 10



Quantity has a quality of its own



Quantity has a quality of its own
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Very large models + GPUs (AlexNet, 2012)



Quantity has a quality of its own
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The last decade of progress in Al corresponds to a vast increase in the
size of the “training sets”. The most successful deployed methods rely on
human-labeled data.

Quantity has a quality of its own

Data-set Year Nb. images Size

MNIST 1998 60K 12Mb
Caltech 256 2007 30K 1.2Gb
ImageNet 2012 1.2M 150Gb
LAION-5B 2022 5.85B 240Tb
Data-set Year Nb. books (250p) Size*
SST2 2013 40 20Mb
WMT-18 2018 14K 7Gb

The Pile 2020 1.6M 825Gb
OSCAR 2020 12M 6Tb

(* all the text of Wikipedia is 45Gb)



A $1'500 GPU executes ~ 35’000 billion operations per second.

Training compute (FLOPs) of milestone Machine Learning systems over time
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The performance of large models when the amount of compute and
data set size increase follows very regular scaling laws.
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The performance of large models when the amount of compute and
data set size increase follows very regular scaling laws.
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Optimizability trumps optimality



Using deeper architectures has been key in improving performance in
many applications.

Optimizability trumps optimality




Four key elements allow the design of extremely deep architectures:
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+ Smart initialization to normalize all activations.
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Four key elements allow the design of extremely deep architectures:

. —H Linear
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+ Smart initialization to normalize all activations.
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+ Better non-linearities to prevent gradient vanishing.

+ Normalization layers to keep the activation moments under control.

+ Skip connections, to add the computed component to the current

activations.

Optimizability trumps optimality



Attention is all you need



A convolution applies the same operation everywhere in the signal.
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A convolution applies the same operation everywhere in the signal.
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Such mechanisms are very efficient when

+ the signal is stationary, and
+ local structures are very informative.

Attention is all you need
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Some tasks involve more than local structures, e.g. translation:

“An apple that had been on the tree in the garden for
weeks had finally been picked up.”

“Une pomme qui était sur I'arbre du jardin depuis des se-
maines avait finalement été ramassée.”

Attention is all you need
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Some tasks involve more than local structures, e.g. translation:

“An apple that had been on the tree in the garden for
weeks had finally been picked up.”

“Une pomme qui était sur I'arbre du jardin depuis des se-
maines avait finalement été ramassée.”

It has motivated attention-based processing to transport information
from parts of the signal to other parts dynamically identified.
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Attention is all you need
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Autoregression is smarter than expected



ﬁz?ﬂf’yj\ﬁ:ﬁ’g% In a shocking finding, scientist discovered a herd of unicorns living in a remote,
- previously unexplored valley, in the Andes Mountains. Even more surprising to the
researchers was the fact that the unicorns spoke perfect English.

( Moﬁe\comgwugg The scientist named the population, after their distinctive horn,
machine-written,
Uk5> ovid’s Unicorn. These four-horned, silver-white unicorns were

previously unknown to science.

Now, after almost two centuries, the mystery of what sparked this
odd phenomenon is finally solved.

Dr. Jorge Pérez, an evolutionary biologist from the University of
La Paz, and several companions, were exploring the Andes
Mountains when they found a small valley, with no other animals
or humans. Pérez noticed that the valley had what appeared to be
a natural fountain, surrounded by two peaks of rock and silver
Snow.

Pérez and the others then ventured further into the valley. “By
the time we reached the top of one peak, the water looked blue,
with some crystals on top,” said Pérez

Pérez and his friends were astonished to see the unicorn herd.
These creatures could be seen from the air without having to move
too much to see them - they were so close they could touch their
horns.

Autoregression is smarter than expected 27



Such a “base model”, trained only to generate text, can already be put to
use for instance for classification.

I: water boils at 100 degrees, 0: physics. I: the square root of two is irratiomal, O:
mathematics. I: the set of prime numbers is infinite, 0: mathematics. I: gravity is
proportional to the mass, O:
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For ChatGPT, for instance, base training is followed by “Reinforcement
Learning from Human Feedback” (RLHF) to create an assistant.

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
Explain the moon
prompt dataset. landing to a 6 year old
!
\J
Alabeler
demonstrates the @
desired output ;
behavior. -

Some people went
tothe moon...

This data is used
to fine-tune GPT-3
with supervised
learning.

Autoregression is smarter than expected

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

Alabeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

i ™
is sampled from e
the dataset. about frogs
|
\
The policy D
enerates 252
J RS
an output. \}SX./
!
\J

The reward model :M

calcul:;esa ./-)?.7{\.

reward for

the output. Rt
\

The reward is

used to update I

the policy

using PPO.

29



Standard Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Model Output
A:The answer is 27. 9

Autoregression is smarter than expected

It was then discovered that prompting the model with “step-by-step”
reasoning examples dramatically improved its performance.

Chain-of-Thought Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answeris 9. ¢/

This can be scaled up to complex reasoning, e.g. mathematics, with
reinforcement learning to boost the generation of chains of thought.
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Conclusion

+ Large language models are extraordinary general-purpose

“cognitive engines” well suited to modern computational devices.

+ The current trend focuses on improving training procedures to
leverage text generation for reasoning and agentic behavior.

+ We have probably passed the “data peak” and need new ways to
keep improving. Synthetic data and self play are probably key.

+ Architectures are lacking fundamental capabilities such as
continuous and multi-modal reasoning.
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