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Introduction

Grâce aux techniques d’apprentissage statistique et à des processeurs de
calcul très puissants, l’Intelligence Artificielle moderne:

• se “programme elle-même”,
• résout réellement des problèmes complexes,
• demande des quantités énormes de données et de calculs,
• est facile à utiliser,
• est difficile à analyser et à interpréter.

Les modèles génératifs récents d’images et de textes semblent marquer le
début d’une ère d’utilisation beaucoup plus importante.
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L’IA se “programme elle-même”
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L’IA se “programme elle-même”

La manière traditionnelle de spécifier à un ordinateur comment résoudre
une tâche consiste à la décomposer explicitement en pas élémentaires.

n = 15345

while n > 1:
for k in range(2, n+1):

if n%k == 0:
print(k)
n = n // k
break
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L’IA se “programme elle-même”

Les premières tentatives de conception de systèmes d’Intelligence
Artificielle, par exemple pour des médicales, des jeux de stratégies, ou de la
vision par ordinateur, reposaient sur le même paradigme.

(Newborn, 1996)
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L’IA se “programme elle-même”

L’idée fondamentale de l’apprentissage statistique est d’adapter
automatiquement un programme pour qu’il fonctionne sur des exemples.
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L’IA se “programme elle-même”

Elle peut être utilisée à grande échelle pour extraire de l’information de
signaux naturels tels qu’une image, un échantillon sonore ou un texte

“Dog”

ou pour produire un signal complexe et réaliste
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L’IA se “programme elle-même”

Les modèles modernes intègrent 105 à 1011 paramètres.
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Convolutions (LeNet, 1989)

. . . 1990–2010 “l’hiver des réseaux de neurones” . . .

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5× 5× 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 × 3 ×
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 × 3 × 192 , and the fifth convolutional layer has 256
kernels of size 3× 3× 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224× 224 patches (and their horizontal reflections) from the
256×256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 × 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224× 224× 3-dimensional.

5

Très gros modèle + GPUs (AlexNet, 2012) Attention (Transformer, 2018)
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L’IA se “programme elle-même”

Entraîner un modèle consiste à modifier progressivement ses paramètres
pour réduire l’erreur qu’il commet sur des exemples.

w

L(w)
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L’IA résout réellement des problèmes

Figure 5. A selection of evaluation results, grouped by human rating.

4.3.7 Analysis of Embeddings

In order to represent the previous word St−1 as input to
the decoding LSTM producing St, we use word embedding
vectors [22], which have the advantage of being indepen-
dent of the size of the dictionary (contrary to a simpler one-
hot-encoding approach). Furthermore, these word embed-
dings can be jointly trained with the rest of the model. It
is remarkable to see how the learned representations have
captured some semantic from the statistics of the language.
Table 4.3.7 shows, for a few example words, the nearest
other words found in the learned embedding space.

Note how some of the relationships learned by the model
will help the vision component. Indeed, having “horse”,
“pony”, and “donkey” close to each other will encourage the
CNN to extract features that are relevant to horse-looking
animals. We hypothesize that, in the extreme case where
we see very few examples of a class (e.g., “unicorn”), its
proximity to other word embeddings (e.g., “horse”) should
provide a lot more information that would be completely
lost with more traditional bag-of-words based approaches.

5. Conclusion

We have presented NIC, an end-to-end neural network
system that can automatically view an image and generate

Word Neighbors
car van, cab, suv, vehicule, jeep
boy toddler, gentleman, daughter, son
street road, streets, highway, freeway
horse pony, donkey, pig, goat, mule
computer computers, pc, crt, chip, compute

Table 6. Nearest neighbors of a few example words

a reasonable description in plain English. NIC is based on
a convolution neural network that encodes an image into a
compact representation, followed by a recurrent neural net-
work that generates a corresponding sentence. The model is
trained to maximize the likelihood of the sentence given the
image. Experiments on several datasets show the robust-
ness of NIC in terms of qualitative results (the generated
sentences are very reasonable) and quantitative evaluations,
using either ranking metrics or BLEU, a metric used in ma-
chine translation to evaluate the quality of generated sen-
tences. It is clear from these experiments that, as the size
of the available datasets for image description increases, so
will the performance of approaches like NIC. Furthermore,
it will be interesting to see how one can use unsupervised
data, both from images alone and text alone, to improve im-
age description approaches.

I: Jane went to the hallway.
I: Mary walked to the bathroom.
I: Sandra went to the garden.
I: Daniel went back to the garden.
I: Sandra took the milk there.
Q: Where is the milk?
A: garden

Analyse de scènes Estimation de pose Estimation géométrique

Planification Description d’image Compréhension de texte

François Fleuret Intelligence Artificielle, entre promesses et enjeux 11 / 34



L’IA résout réellement des problèmes

“Closeup portrait Mark III extravagant male fashion model, skyline in background, top of building,
strong wind, night spotlights, award winner”

“Portrait of an astronaut walking at the at the North pole, the astronaut has a smile on her face, the
astronaut is holding an iced coffee, there are northern lights in the background.”

“Middle aged venture capitalist at burning man festival.”

Lexica model (@sharifshameem on Twitter)
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L’IA résout réellement des problèmes

L’IA permet de surcroît de traiter des tâches que les humains ne peuvent pas
résoudre correctement.

Repliement de protéines.

584 | Nature | Vol 596 | 26 August 2021

Article

for the participating methods, and has long served as the gold-standard 
assessment for the accuracy of structure prediction25,26.

In CASP14, AlphaFold structures were vastly more accurate than 
competing methods. AlphaFold structures had a median backbone 
accuracy of 0.96 Å r.m.s.d.95 (Cα root-mean-square deviation at 95% 
residue coverage) (95% confidence interval = 0.85–1.16 Å) whereas 
the next best performing method had a median backbone accuracy 
of 2.8 Å r.m.s.d.95 (95% confidence interval = 2.7–4.0 Å) (measured on 
CASP domains; see Fig. 1a for backbone accuracy and Supplementary 
Fig. 14 for all-atom accuracy). As a comparison point for this accuracy, 
the width of a carbon atom is approximately 1.4 Å. In addition to very 
accurate domain structures (Fig. 1b), AlphaFold is able to produce 
highly accurate side chains (Fig. 1c) when the backbone is highly accu-
rate and considerably improves over template-based methods even 
when strong templates are available. The all-atom accuracy of Alpha-
Fold was 1.5 Å r.m.s.d.95 (95% confidence interval = 1.2–1.6 Å) compared 
with the 3.5 Å r.m.s.d.95 (95% confidence interval = 3.1–4.2 Å) of the best 
alternative method. Our methods are scalable to very long proteins with 
accurate domains and domain-packing (see Fig. 1d for the prediction 
of a 2,180-residue protein with no structural homologues). Finally, the 
model is able to provide precise, per-residue estimates of its reliability 
that should enable the confident use of these predictions.

We demonstrate in Fig. 2a that the high accuracy that AlphaFold dem-
onstrated in CASP14 extends to a large sample of recently released PDB 

structures; in this dataset, all structures were deposited in the PDB after 
our training data cut-off and are analysed as full chains (see Methods, 
Supplementary Fig. 15 and Supplementary Table 6 for more details). 
Furthermore, we observe high side-chain accuracy when the back-
bone prediction is accurate (Fig. 2b) and we show that our confidence 
measure, the predicted local-distance difference test (pLDDT), reliably 
predicts the Cα local-distance difference test (lDDT-Cα) accuracy of the 
corresponding prediction (Fig. 2c). We also find that the global super-
position metric template modelling score (TM-score)27 can be accu-
rately estimated (Fig. 2d). Overall, these analyses validate that the high 
accuracy and reliability of AlphaFold on CASP14 proteins also transfers 
to an uncurated collection of recent PDB submissions, as would be 
expected (see Supplementary Methods 1.15 and Supplementary Fig. 11 
for confirmation that this high accuracy extends to new folds).

The AlphaFold network
AlphaFold greatly improves the accuracy of structure prediction by 
incorporating novel neural network architectures and training proce-
dures based on the evolutionary, physical and geometric constraints 
of protein structures. In particular, we demonstrate a new architecture 
to jointly embed multiple sequence alignments (MSAs) and pairwise 
features, a new output representation and associated loss that enable 
accurate end-to-end structure prediction, a new equivariant attention 
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Fig. 1 | AlphaFold produces highly accurate structures. a, The performance 
of AlphaFold on the CASP14 dataset (n = 87 protein domains) relative to the top-
15 entries (out of 146 entries), group numbers correspond to the numbers 
assigned to entrants by CASP. Data are median and the 95% confidence interval 
of the median, estimated from 10,000 bootstrap samples. b, Our prediction of 
CASP14 target T1049 (PDB 6Y4F, blue) compared with the true (experimental) 
structure (green). Four residues in the C terminus of the crystal structure are 
B-factor outliers and are not depicted. c, CASP14 target T1056 (PDB 6YJ1).  

An example of a well-predicted zinc-binding site (AlphaFold has accurate side 
chains even though it does not explicitly predict the zinc ion). d, CASP target 
T1044 (PDB 6VR4)—a 2,180-residue single chain—was predicted with correct 
domain packing (the prediction was made after CASP using AlphaFold without 
intervention). e, Model architecture. Arrows show the information flow among 
the various components described in this paper. Array shapes are shown in 
parentheses with s, number of sequences (Nseq in the main text); r, number of 
residues (Nres in the main text); c, number of channels.

(Jumper et al., 2021)
Optimisation de formes.
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L’IA demande d’énormes quantités
de données et de calculs
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L’IA demande d’énormes quantités de données et de calculs

La dernière décennie de progrès en IA correspond à une augmentation
énorme de la taille des “ensembles d’apprentissage”.

Jeu de données Année Nb. images Taille
MNIST 1998 60K 12Mb
Caltech 256 2007 30K 1.2Gb
ImageNet 2012 1.2M 150Gb
LAION-5B 2022 5.85MM 240Tb

jeu de données Année Nb. livres (250p) Taille∗

SST2 2013 40K 20Mb
WMT-18 2018 14M 7Gb
The Pile 2020 1.6MM 825Gb
OSCAR 2020 12MM 6Tb

(∗ tout Wikipedia en anglais correspond à 45Gb)
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L’IA demande d’énormes quantités de données et de calculs

La puissance de calcul utilisée a augmenté de manière similaire.

Un accélérateur graphique disponible en grands magasins pour 1’650.- peut
effectuer ≃ 35’000 milliards de multiplications à virgules par seconde.

3.2 Trends in the Large-Scale era

Our data suggests that around 2015-2016 a new trend of large-scale models emerged, see Figure 3. This new trend
began with AlphaGo in late 2015 and continues up to the present day. These large-scale models were trained by large
corporations, whose larger training budgets presumably enabled them to break the previous trend.

Note that we made an intuitive decision in deciding which systems belong to this new large-scale trend. We justified it
post hoc as the systems that exceed a certain Z-value threshold with respect to nearby models, see Appendix A for
details on our method. See Appendix F for discussion on what makes large-scale models categorically different. There
is room for alternative interpretations of the data.

Separately, the trend of regular-scale models continued unperturbed. This trend before and after 2016 is continuous
and has the same slope, doubling every 5 to 6 months, see Table 4.4

The trend of increasing compute in large-scale models is apparently slower, doubling every 9 to 10 months. Since we
have limited data on these models, the apparent slow-down might be the result of noise.5

Our results contrast with Amodei & Hernandez (2018), who find a much faster doubling period of 3.4 months between
2012 and 2018, and with Lyzhov (2021), who finds a much longer doubling period of >2 years between 2018 and 2020.
We make sense of these discrepancies by noting that their analyses have limited data samples and assume a single trend
6, while ours studies large-scale and regular-scale models separately. Since the large-scale trend only recently emerged,
previous analyses could not differentiate these two distinct trends.7
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Figure 3: Trends in training compute of n102 milestone ML systems between 2010 and 2022. Notice the emergence of a possible
new trend of large-scale models around 2016. The trend in the remaining models stays the same before and after 2016.

4Among other reasons, this reinforces our belief that the trend of large-scale models is a separate one.
5In Appendix G we discuss some possible causes for this potential slowdown. In Appendix B we also show that the trend is

equally fast before and after September 2015 if we look only at record-setting models.
7We discuss this in more depth in Appendix E.
7Arguably we should pay most attention to the most compute-intensive models overall – these are the ones most likely to advance

the frontier. We do so in Appendix B, where we look at trends in record-setting models and find results consistent with those
presented in this section.

5

Énergie≃
2’000km en voiture

(Sevilla et al., 2022)
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L’IA demande d’énormes quantités de données et de calculs

Cette croissance ne semble pas ralentir.

Figure 3.1: Smooth scaling of performance with compute. Performance (measured in terms of cross-entropy
validation loss) follows a power-law trend with the amount of compute used for training. The power-law behavior
observed in [KMH+20] continues for an additional two orders of magnitude with only small deviations from the
predicted curve. For this figure, we exclude embedding parameters from compute and parameter counts.

Setting PTB

SOTA (Zero-Shot) 35.8a

GPT-3 Zero-Shot 20.5

Table 3.1: Zero-shot results on PTB language modeling dataset. Many other common language modeling datasets
are omitted because they are derived from Wikipedia or other sources which are included in GPT-3’s training data.
a[RWC+19]

3.1 Language Modeling, Cloze, and Completion Tasks

In this section we test GPT-3’s performance on the traditional task of language modeling, as well as related tasks
that involve predicting a single word of interest, completing a sentence or paragraph, or choosing between possible
completions of a piece of text.

3.1.1 Language Modeling

We calculate zero-shot perplexity on the Penn Tree Bank (PTB) [MKM+94] dataset measured in [RWC+19]. We omit
the 4 Wikipedia-related tasks in that work because they are entirely contained in our training data, and we also omit the
one-billion word benchmark due to a high fraction of the dataset being contained in our training set. PTB escapes these
issues due to predating the modern internet. Our largest model sets a new SOTA on PTB by a substantial margin of 15
points, achieving a perplexity of 20.50. Note that since PTB is a traditional language modeling dataset it does not have
a clear separation of examples to define one-shot or few-shot evaluation around, so we measure only zero-shot.

3.1.2 LAMBADA

The LAMBADA dataset [PKL+16] tests the modeling of long-range dependencies in text – the model is asked to
predict the last word of sentences which require reading a paragraph of context. It has recently been suggested that the
continued scaling of language models is yielding diminishing returns on this difficult benchmark. [BHT+20] reflect on
the small 1.5% improvement achieved by a doubling of model size between two recent state of the art results ([SPP+19]

11

(Brown et al., 2020)
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L’IA est facile à utiliser
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L’IA est facile à utiliser

Réseau de classification de caractères + procédure d’apprentissage.

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

)

criterion = nn.CrossEntropyLoss()

optimizer = torch.optim.SGD(model.parameters(), lr = 1e-2)

for e in range(nb_epochs):
for input, target in data_loader_iterator(train_loader):

output = model(input)
loss = criterion(output, target)
optimizer.zero_grad()
loss.backward()
optimizer.step()

Modèle

Apprentissage

L’entraînement prend <10s, et l’erreur de test ≃1%
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L’IA est facile à utiliser

alexnet = torchvision.models.alexnet(pretrained = True).eval()
output = alexnet(img)

#1 (12.26) Weimaraner
#2 (10.95) Chesapeake Bay retriever
#3 (10.87) Labrador retriever
#4 (10.10) Staffordshire bullterrier, Staffordshire bull terrier
#5 (9.55) flat-coated retriever
#6 (9.40) Italian greyhound
#7 (9.31) American Staffordshire terrier, Staffordshire terrier
#8 (9.12) Great Dane
#9 (8.94) German short-haired pointer
#10 (8.53) Doberman, Doberman pinscher

Weimaraner Chesapeake Bay retriever
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#7 (9.31) American Staffordshire terrier, Staffordshire terrier
#8 (9.12) Great Dane
#9 (8.94) German short-haired pointer
#10 (8.53) Doberman, Doberman pinscher

Weimaraner Chesapeake Bay retriever
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Les modèles d’IA sont des “boîtes noires”

Les modèles d’IA peuvent apprendre m’importe quelle fonction, et sont en
pratique très complexes.

Le fonctionnement d’un modèle d’IA entraîné n’est que très
partiellement compréhensible.

De nombreuses techniques ont été développées pour analyser les quantités
calculées dans un modèle et le processus global qui en résulte.
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Les modèles d’IA sont des “boîtes noires”

(Zeiler and Fergus, 2014)
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Les modèles d’IA sont des “boîtes noires”

 

Head 9-6 
 

- Prepositions attend to their objects 
 

- 76.3% accuracy at the pobj relation 

Head 8-11 
 

- Noun modifiers (e.g., determiners) attend 
  to their noun 
 

- 94.3% accuracy at the det relation 

Head 8-10 
 

- Direct objects attend to their verbs 
 

- 86.8% accuracy at the dobj relation 

Head 7-6 
 

- Possessive pronouns and apostrophes 
  attend to the head of the corresponding NP 
 

- 80.5% accuracy at the poss relation 

Head 4-10 
 

- Passive auxiliary verbs attend to the 
  verb they modify 
 

- 82.5% accuracy at the auxpass relation 

Head 5-4 
 

- Coreferent mentions attend to their antecedents 
 

- 65.1% accuracy at linking the head of a  
  coreferent mention to the head of an antecedent 

Figure 5: BERT attention heads that correspond to linguistic phenomena. In the example attention maps, the
darkness of a line indicates the strength of the attention weight. All attention to/from red words is colored red;
these colors are there to highlight certain parts of the attention heads’ behaviors. For Head 9-6, we don’t show
attention to [SEP] for clarity. Despite not being explicitly trained on these tasks, BERT’s attention heads perform
remarkably well, illustrating how syntax-sensitive behavior can emerge from self-supervised training alone.
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Les modèles d’IA sont des “boîtes noires”

Les modèles de traitement d’images sont extrêmement sensibles à des
perturbations optimales.

Originale

“Weimaraner” “desktop computer”

Perturbée

“sundial” “desk”

Perturbation
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Développements récents
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Développements récents

Lesmodèles de langages estiment la probabilités du prochain mots d’un
texte, étant donnés les mots qui précèdent.

GPT2 (14.02.2019)
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Développements récents

Les modèles de langage incorporent des biais qui sont présents dans les
exemples sur lesquels ils sont entraînés.

“The best for a man’s career is to be the best in his own skill.”

“The best for a woman’s career is to be a housewife.”

“Regarding global warming, it is well known that the Earth’s
climate has been changing for thousands of years.”

“Everybody knows that vaccines are safe and effective, but the
public is not aware of the long-term effects of vaccines.”

“Switzerland has a long history of being a haven for the rich and
famous.”
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Développements récents

Les gros modèles de ce type peuvent résoudre des problèmes à partir d’un
“prompt” (Brown et al., 2020). Un exemple simple avec le modèle gpt2 de
Hugging Face (120M de paramètres).

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: gravity is proportional to the mass, O:

physics,

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: squares are rectangles, O:mathematics,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas are awesome, O: positive,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas taste like cardboard, O: negative,

François Fleuret Intelligence Artificielle, entre promesses et enjeux 29 / 34



Développements récents

Les gros modèles de ce type peuvent résoudre des problèmes à partir d’un
“prompt” (Brown et al., 2020). Un exemple simple avec le modèle gpt2 de
Hugging Face (120M de paramètres).

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: gravity is proportional to the mass, O: physics,

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: squares are rectangles, O:mathematics,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas are awesome, O: positive,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas taste like cardboard, O: negative,

François Fleuret Intelligence Artificielle, entre promesses et enjeux 29 / 34



Développements récents

Les gros modèles de ce type peuvent résoudre des problèmes à partir d’un
“prompt” (Brown et al., 2020). Un exemple simple avec le modèle gpt2 de
Hugging Face (120M de paramètres).

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: gravity is proportional to the mass, O: physics,

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: squares are rectangles, O:mathematics,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas are awesome, O:

positive,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas taste like cardboard, O: negative,

François Fleuret Intelligence Artificielle, entre promesses et enjeux 29 / 34



Développements récents

Les gros modèles de ce type peuvent résoudre des problèmes à partir d’un
“prompt” (Brown et al., 2020). Un exemple simple avec le modèle gpt2 de
Hugging Face (120M de paramètres).

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: gravity is proportional to the mass, O: physics,

I: water boils at 100 degrees, O: physics, I: the square root of two is irra-
tional, O: mathematics, I: the set of prime numbers is infinite, O: mathe-
matics, I: squares are rectangles, O:mathematics,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas are awesome, O: positive,

I: I love apples, O: positive, I: music is my passion, O: positive, I: my job is
boring, O: negative, I: frozen pizzas taste like cardboard, O: negative,

François Fleuret Intelligence Artificielle, entre promesses et enjeux 29 / 34



Développements récents

ChatGPT repose sur ce principe. Il a de plus été optimisé pour générer des
réponses qui satisfont des utilisateurs.

https://chat.openai.com/chat

François Fleuret Intelligence Artificielle, entre promesses et enjeux 30 / 34

https://chat.openai.com/chat


Développements récents
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Futur

Problèmes légaux et sociétaux:

• responsabilité légale,
• propriété intellectuelle des modèles et de ce qu’ils produisent,
• automatisation de métiers de “cols blancs”,
• dégradation de la confiance dans les médias,
• déséquilibres entre nations et méga-corporations,
• militarisation, course à l’armement.

Probables développements à moyen terme:

• continuer à augmenter la taille des modèles / machines,
• amélioration des “grand modèles de languages”,
• gestion des situations “hors distribution”, modèles de causalité,
• sûreté et interprétabilité.
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