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Overview

<latexit sha1_base64="OZ884D0QFr+WEE11XFoDY1weXS8="></latexit>

1 layer
<latexit sha1_base64="uoH27gkJuuVhju8UQj1RJfFdpdM="></latexit>

2 layers
<latexit sha1_base64="M7NOI895HDZUJHlS303hsSBh9cA="></latexit>

Convolutional
<latexit sha1_base64="LwKfK146z90VUHnnB9cnxAvU1G4="></latexit>

ResNet
<latexit sha1_base64="dNNuBWrbMBdD6dAS8qYhZpoVrw8="></latexit>

Transformers

Networks Architectures

Optimization

<latexit sha1_base64="b30Ly7OtJtQ28MWLJWe+EBlzWuE="> </latexit>

non-linear

<latexit sha1_base64="AvaTp5SMmYl27WBErLlPAJVSBCk="></latexit>

structured

<latexit sha1_base64="E8+chwvjoo71RFGLMScWUG7nw0s="></latexit>

very deep

<latexit sha1_base64="xmTR8djI5Zm3wwq+Q5Hvg30pV8c="></latexit>

very non-linear

Machine Learning

<latexit sha1_base64="CrKPesJfN2NPcC07kJ1rxeWDeMk="></latexit>

(xi, yi)
<latexit sha1_base64="8Ow88W7UxhdQcE0MSvkUEWHj3MA="></latexit>

f✓

<latexit sha1_base64="iiEJtbSvnJOEhKlcTJSBVIUKSUs="></latexit>

f✓0

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="></latexit>y

yi = +1

yi = �1



Supervised vs Unsupervised Learning
<latexit sha1_base64="I8r1jo2BiNzWFgtYEKBvick83w0="></latexit>

Un-supervised learning:
<latexit sha1_base64="UwjFjyD/HgpbP/nZSDdMdYT8t5g="></latexit>

Clustering
<latexit sha1_base64="fHX1xpg2l1d48CtAmyQ/3vEzPDQ="></latexit>

Generative modeling
<latexit sha1_base64="CixINnCVv3AvlWnXaUjsgIERYUc="></latexit>

Dimensionality reduction

<latexit sha1_base64="mtEmnCp8fueiTska8TRBnvX1/RU="></latexit>

Supervised learning:
<latexit sha1_base64="K741yuEDdkwn6CfUVDGZSURxokk="></latexit>

Regression

<latexit sha1_base64="45BKdlfRfyLiKlpBWUP4iol3WyE="></latexit>

?

<latexit sha1_base64="BYAJTGI/3atNfquq61+XV3QD3OA="></latexit>

=)
<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="> </latexit>y

<latexit sha1_base64="sAlbO8Ip/7UlgLkrNS15tpo02MA="></latexit>

Classification

<latexit sha1_base64="45BKdlfRfyLiKlpBWUP4iol3WyE="></latexit>

?

<latexit sha1_base64="BYAJTGI/3atNfquq61+XV3QD3OA="></latexit>

=)
<latexit sha1_base64="CHw3V/mfNw0t5UVylbwt0/Q2b2E="></latexit>

y = +1

<latexit sha1_base64="n0zH4ya8fs5PEWFyBrujWnoXITc="></latexit>

y = �1

<latexit sha1_base64="BYAJTGI/3atNfquq61+XV3QD3OA="></latexit>

=)
<latexit sha1_base64="BYAJTGI/3atNfquq61+XV3QD3OA="></latexit>

=) <latexit sha1_base64="BYAJTGI/3atNfquq61+XV3QD3OA="></latexit>

=)

<latexit sha1_base64="gcHYmEXZ8zxCEZfVot3wMHQxytY="></latexit>

VAE, GAN, di↵usion
<latexit sha1_base64="YPvbOx/8H9Am+7sOthxJ+yuFmrw="></latexit>

k-means, DBScan
<latexit sha1_base64="gxZeHqY3WoblqutlGo6P7I/wmZw="></latexit>

PCA, t-SNE, UMAP
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PCA, t-SNE, UMAP

<latexit sha1_base64="GLGcKQE8g7ErGXzhxZ5kIySkExE="></latexit>

Self-supervised learning:

Add noise Denoise Masking Next token prediction



Empirical Risk Minimization

<latexit sha1_base64="qogpSA+iGtyTRT9qW+kaVUzGk7A="></latexit>

Dataset: (xi, yi)ni=1.
<latexit sha1_base64="tWGir/SZ5gr3hTfvCnTCad9+t3s="> </latexit>

xi 2 Rd
<latexit sha1_base64="uVWqgKXBQAi7UMZl2OFkwa8ZMOY="></latexit>

yi 2 R

<latexit sha1_base64="UoFmwd0JwLOkjQgB4Mu1YJpZ/UQ="></latexit>

y ⇡ f✓(x)

<latexit sha1_base64="xucn0KluqiS+2sH431+hghWQ1h0="></latexit>

Empirical risk minimization:
<latexit sha1_base64="lDqsLzbPrMD8XiEdi+sGTF4wS0s="></latexit>

min
✓

1

n

nX

i=1

`(f✓(xi), yi)

<latexit sha1_base64="CrKPesJfN2NPcC07kJ1rxeWDeMk="></latexit>

(xi, yi)
<latexit sha1_base64="8Ow88W7UxhdQcE0MSvkUEWHj3MA="></latexit>

f✓

<latexit sha1_base64="iiEJtbSvnJOEhKlcTJSBVIUKSUs="></latexit>

f✓0

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="> </latexit>y

<latexit sha1_base64="aX9z5xmA0133cT5WhJQAhq2gFyA="> </latexit>

Regression: yi 2 R

<latexit sha1_base64="gMdTA87HFc0PUHTtJpz/s2f3hRY="></latexit>

Least square:
<latexit sha1_base64="GTs/6CYLabKgJFBv6ol/ZD+zFtI="></latexit>

`(y, y0) = (y � y0)2
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<latexit sha1_base64="08r+ETIf/kZ9BgX0cLvVNnahwTE="></latexit>

yi 2 {�1, 1}<latexit sha1_base64="ko4+oxLeYpRSWLgVO+9ho1wq2lQ="></latexit>

Classification:
<latexit sha1_base64="CW+UzCt+gETSXtJ7DHvkDzHfM5s="></latexit>

y ⇡ sign(f✓(x))

yi = +1

yi = �1

<latexit sha1_base64="uPqOy/kCAdKdD0baiPRHVzU3++4="></latexit>

Logistic:
<latexit sha1_base64="YhFRGauKhVgWcYg0cUejUVbCDx8="></latexit>

`(y, y0) = log(1 + e�yy0
)
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Gradient Descent

Small ⌧` Large ⌧` Optimal ⌧` = ⌧?`

✓`+1 = ✓` � ⌧`rE(✓`)
Gradient descent:

<latexit sha1_base64="bbJMdjCFXVxfhmGqAzIDZjVUKG4="></latexit>

min
✓

E(✓) , 1

n

nX

i=1

`(f✓(xi), yi)



Gradient Descent

Small ⌧` Large ⌧` Optimal ⌧` = ⌧?`

✓`+1 = ✓` � ⌧`rE(✓`)
Gradient descent:

<latexit sha1_base64="bbJMdjCFXVxfhmGqAzIDZjVUKG4="></latexit>

min
✓

E(✓) , 1

n

nX

i=1

`(f✓(xi), yi)

Herbert Robbins

Sutton Monro

<latexit sha1_base64="u3g9xgy/raVJDhDpdPKco9yXGZU="></latexit>

Stochastic gradient descent:
<latexit sha1_base64="ZSqaVha2wnIgUa84kFjFUdjfkk8="></latexit>

✓`+1 = ✓` �
⌧

`
rE`(✓`)

<latexit sha1_base64="HPn1LyyWedF0ms340fYtkVgD6Zg="></latexit>

E`(✓) , `(f✓(xi), yi)

<latexit sha1_base64="tCDQ5AApX+NjK+n5eQGf1bUMhpU="></latexit>

i rand



The Complexity of Gradient Computation

Hypothesis: elementary operations (a⇥ b, log(a),
p
a . . . )

and their derivatives cost O(1).

<latexit sha1_base64="XBU0O16nV93z/lhQgn5HZRGW7gQ="></latexit>

Setup: E : Rd ! R computable in K operations.

<latexit sha1_base64="BLbI91EqNObAlbI/2RJe4xs+gGo="></latexit>

Question: What is the complexity of computing rE : Rd ! Rd?
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rE(✓) ⇡ 1

"
(E(✓ + "�1)� E(✓), . . . E(✓ + "�d)� E(✓))

<latexit sha1_base64="elfmtYFgpa8JKGP5IFiZSMc3eME="></latexit>

K(d+ 1) operations, intractable for large d.



The Complexity of Gradient Computation

Hypothesis: elementary operations (a⇥ b, log(a),
p
a . . . )

and their derivatives cost O(1).

Seppo Linnainmaa

This algorithm is reverse mode
automatic di↵erentiation

[Seppo Linnainmaa, 1970]
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Linear model (1 layer)
<latexit sha1_base64="fpFKG9ItOKdtii1xLRoQrxil3sU="> </latexit>

f✓(x) = hx, ✓i =
P

k xk✓k

x f(x) = 0

x

y y = f(x)

<latexit sha1_base64="+XMTGU2h84i8kefw5ntE/6bvDrk="></latexit>

y = hx, ✓i

<latexit sha1_base64="e28RrObc11sWn0kQ5h8O8+nwJLU="></latexit>x1

<latexit sha1_base64="8fJQ441uQeL54tkhtX/5TOvRTK0="></latexit>xd

<latexit sha1_base64="fE3rdXmbVBpApvDfMbC5u6HdDmI="></latexit>

✓d

<latexit sha1_base64="ki7nwGdAmEGxp6MgNOP55iKvCr8="></latexit>

✓1

<latexit sha1_base64="bndq4rqhHbqPw9mJu61gLB09r4Y="></latexit>

...

<latexit sha1_base64="bUJ02qeI41DxuTDiB2vInHl2EVQ="></latexit>

Regression

<latexit sha1_base64="OlDgU+OKIQz+ynHUitJ8TvkH7r8="></latexit>

Classification:
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<latexit sha1_base64="bndq4rqhHbqPw9mJu61gLB09r4Y="></latexit>

...

<latexit sha1_base64="bUJ02qeI41DxuTDiB2vInHl2EVQ="></latexit>

Regression

<latexit sha1_base64="OlDgU+OKIQz+ynHUitJ8TvkH7r8="></latexit>

Classification:

<latexit sha1_base64="oZtLSn/RQ6q3EYWRSzhaZE3zewI="></latexit>

min
✓

, 1

n

nX

i=1

`(hxi, ✓ii, yi)

<latexit sha1_base64="PvseIPRi4Nf4IH/9H8AceNGnDTM="></latexit>

Convex optimization:



Linear model (1 layer)
<latexit sha1_base64="fpFKG9ItOKdtii1xLRoQrxil3sU="> </latexit>

f✓(x) = hx, ✓i =
P

k xk✓k

<latexit sha1_base64="5ovuZPU8dBWGm61iCoXPGu2QOzU="></latexit>

Deep learning methods: learn '(x)!

<latexit sha1_base64="1XeLXevO/37cS+xzOgmDhuoA57o="></latexit>

Kernel methods: replace x by '(x) 2 RD

<latexit sha1_base64="tiWppV9cOnzGLrlROqmigub8TPo="></latexit>

(D � d, even D = 1!)

x f(x) = 0

x

y y = f(x)

<latexit sha1_base64="+XMTGU2h84i8kefw5ntE/6bvDrk="></latexit>

y = hx, ✓i

<latexit sha1_base64="e28RrObc11sWn0kQ5h8O8+nwJLU="></latexit>x1

<latexit sha1_base64="8fJQ441uQeL54tkhtX/5TOvRTK0="></latexit>xd

<latexit sha1_base64="fE3rdXmbVBpApvDfMbC5u6HdDmI="></latexit>

✓d

<latexit sha1_base64="ki7nwGdAmEGxp6MgNOP55iKvCr8="></latexit>

✓1

<latexit sha1_base64="bndq4rqhHbqPw9mJu61gLB09r4Y="></latexit>

...

<latexit sha1_base64="bUJ02qeI41DxuTDiB2vInHl2EVQ="></latexit>

Regression

<latexit sha1_base64="OlDgU+OKIQz+ynHUitJ8TvkH7r8="></latexit>

Classification:

<latexit sha1_base64="oZtLSn/RQ6q3EYWRSzhaZE3zewI="></latexit>

min
✓

, 1

n

nX

i=1

`(hxi, ✓ii, yi)

<latexit sha1_base64="PvseIPRi4Nf4IH/9H8AceNGnDTM="></latexit>

Convex optimization:



Overview

<latexit sha1_base64="OZ884D0QFr+WEE11XFoDY1weXS8="></latexit>

1 layer
<latexit sha1_base64="uoH27gkJuuVhju8UQj1RJfFdpdM="></latexit>

2 layers
<latexit sha1_base64="M7NOI895HDZUJHlS303hsSBh9cA="></latexit>

Convolutional
<latexit sha1_base64="LwKfK146z90VUHnnB9cnxAvU1G4="></latexit>

ResNet
<latexit sha1_base64="dNNuBWrbMBdD6dAS8qYhZpoVrw8="></latexit>

Transformers

Networks Architectures

Optimization

<latexit sha1_base64="b30Ly7OtJtQ28MWLJWe+EBlzWuE="> </latexit>

non-linear

<latexit sha1_base64="AvaTp5SMmYl27WBErLlPAJVSBCk="></latexit>

structured

<latexit sha1_base64="E8+chwvjoo71RFGLMScWUG7nw0s="></latexit>

very deep

<latexit sha1_base64="xmTR8djI5Zm3wwq+Q5Hvg30pV8c="></latexit>

very non-linear

Machine Learning

<latexit sha1_base64="CrKPesJfN2NPcC07kJ1rxeWDeMk="> </latexit>

(xi, yi)
<latexit sha1_base64="8Ow88W7UxhdQcE0MSvkUEWHj3MA="></latexit>

f✓

<latexit sha1_base64="iiEJtbSvnJOEhKlcTJSBVIUKSUs="></latexit>

f✓0

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="></latexit>y

yi = +1

yi = �1



Multi-layer Perceptron

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x <latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="></latexit>x1

<latexit sha1_base64="GRnRPsn94OKpqb7ZTjNsKYuslaQ="></latexit>x2 <latexit sha1_base64="4iBraiC7mAOoU+GJdNETN9ANwgc="></latexit>xD�1

<latexit sha1_base64="dOYOOT/5fa2eobiFCAzCDOjlgQU="></latexit>y = xD

<latexit sha1_base64="UAUdhj6OM+ENH5fDEWE+yCEmOkk="></latexit>. . .

<latexit sha1_base64="Gz1dJIxpaTuYHVp5aGrG385ytPA="></latexit>x0  x

<latexit sha1_base64="MvpB9kr+ZgConnEfyb5rPEhq1kw="></latexit>

Wk 2 Rdk+1⇥dk
<latexit sha1_base64="RRLRmc/8WxknOxGA5oT0BWbjEmk="></latexit>

bk 2 Rdk+1

<latexit sha1_base64="bLSI6mZjCZRHpQh/GShYaMiWsOc="></latexit>

f✓(x0) = xD

<latexit sha1_base64="xxMDEOeNFaQLCwvyofjmtzcjsKY="></latexit>

xk+1 , �(Wkxk + bk)

<latexit sha1_base64="r1VcEwEm2Rhhf8u8mE/qoi2shP4="></latexit>

✓ = {(Wk, bk)}D�1
k=0

Frank Rosenblatt 



Multi-layer Perceptron

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x <latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="></latexit>x1

<latexit sha1_base64="GRnRPsn94OKpqb7ZTjNsKYuslaQ="></latexit>x2 <latexit sha1_base64="4iBraiC7mAOoU+GJdNETN9ANwgc="></latexit>xD�1

<latexit sha1_base64="dOYOOT/5fa2eobiFCAzCDOjlgQU="></latexit>y = xD

<latexit sha1_base64="UAUdhj6OM+ENH5fDEWE+yCEmOkk="></latexit>. . .

<latexit sha1_base64="Gz1dJIxpaTuYHVp5aGrG385ytPA="></latexit>x0  x

<latexit sha1_base64="MvpB9kr+ZgConnEfyb5rPEhq1kw="></latexit>

Wk 2 Rdk+1⇥dk
<latexit sha1_base64="RRLRmc/8WxknOxGA5oT0BWbjEmk="></latexit>

bk 2 Rdk+1

<latexit sha1_base64="bLSI6mZjCZRHpQh/GShYaMiWsOc="></latexit>

f✓(x0) = xD

<latexit sha1_base64="xxMDEOeNFaQLCwvyofjmtzcjsKY="></latexit>

xk+1 , �(Wkxk + bk)

<latexit sha1_base64="r1VcEwEm2Rhhf8u8mE/qoi2shP4="></latexit>

✓ = {(Wk, bk)}D�1
k=0

<latexit sha1_base64="VYcbQZW/piLF26qidCR6ifJjUWI="></latexit>s

<latexit sha1_base64="SK4OdWLE72Ca5FJTp4sr1j5fJrU="></latexit>

�(s)
<latexit sha1_base64="VYcbQZW/piLF26qidCR6ifJjUWI="></latexit>s

<latexit sha1_base64="SK4OdWLE72Ca5FJTp4sr1j5fJrU="></latexit>

�(s)

<latexit sha1_base64="203N+3t9VGlxrXhk9EKQfM1wayY="></latexit>

Sigmoid
<latexit sha1_base64="3U+E1Tshp2wjqIN+4V7hJOTEOEs="></latexit>

ReLu

<latexit sha1_base64="5l068i531rvtROhjU8UjQi74MDA="></latexit>

Non-linearity: � must be non-polynomial to increase expressivity.

Frank Rosenblatt 



Multi-layer Perceptron

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x <latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="></latexit>x1

<latexit sha1_base64="GRnRPsn94OKpqb7ZTjNsKYuslaQ="></latexit>x2 <latexit sha1_base64="4iBraiC7mAOoU+GJdNETN9ANwgc="></latexit>xD�1

<latexit sha1_base64="dOYOOT/5fa2eobiFCAzCDOjlgQU="></latexit>y = xD

<latexit sha1_base64="UAUdhj6OM+ENH5fDEWE+yCEmOkk="></latexit>. . .

<latexit sha1_base64="Gz1dJIxpaTuYHVp5aGrG385ytPA="></latexit>x0  x

<latexit sha1_base64="MvpB9kr+ZgConnEfyb5rPEhq1kw="></latexit>

Wk 2 Rdk+1⇥dk
<latexit sha1_base64="RRLRmc/8WxknOxGA5oT0BWbjEmk="></latexit>

bk 2 Rdk+1

<latexit sha1_base64="bLSI6mZjCZRHpQh/GShYaMiWsOc="></latexit>

f✓(x0) = xD

<latexit sha1_base64="xxMDEOeNFaQLCwvyofjmtzcjsKY="></latexit>

xk+1 , �(Wkxk + bk)

<latexit sha1_base64="r1VcEwEm2Rhhf8u8mE/qoi2shP4="></latexit>

✓ = {(Wk, bk)}D�1
k=0

<latexit sha1_base64="6WdkXvfqZW6JbkdAxBtt9AUOfFk="></latexit>

Weight matrix: needs extra constraints (e.g. convolution & sub-sampling)

<latexit sha1_base64="VYcbQZW/piLF26qidCR6ifJjUWI="></latexit>s

<latexit sha1_base64="SK4OdWLE72Ca5FJTp4sr1j5fJrU="></latexit>

�(s)
<latexit sha1_base64="VYcbQZW/piLF26qidCR6ifJjUWI="></latexit>s

<latexit sha1_base64="SK4OdWLE72Ca5FJTp4sr1j5fJrU="></latexit>

�(s)

<latexit sha1_base64="203N+3t9VGlxrXhk9EKQfM1wayY="></latexit>

Sigmoid
<latexit sha1_base64="3U+E1Tshp2wjqIN+4V7hJOTEOEs="></latexit>

ReLu

<latexit sha1_base64="5l068i531rvtROhjU8UjQi74MDA="></latexit>

Non-linearity: � must be non-polynomial to increase expressivity.

Frank Rosenblatt 



Two Layers Perceptron

<latexit sha1_base64="FzREcCf10mYHIDSCa5vfTCGv6hQ="></latexit>

Wx

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="4q707XOseaJG4SEM7kRUBlKiggY="> </latexit>w1
<latexit sha1_base64="dTEPGRjwpObKto22Pdj89jMy0R4="></latexit>a1

p = 6 neurons p = 30 neurons p = 100 neurons
<latexit sha1_base64="v5o5dJsoyPefg3wihB9aJpDhTXc=">AABB0XictVzdchPJFW42fwv5WTa5zM0khhSkCDEOlaRqa6vW2MZ4EWCQbNhdAaWfsRCMNEIjGRutq1K5zSPkNnmOPEfeILnKK+T8dE/3SD1zehxCl+2eVn/nnD7Tffqc0y26k2SYzdbX/3nho+9893vf/8HHFy/98Ec//sknlz/96WGWzqe9+KCXJun0WbeTxclwHB/MhrMkfjaZxp1RN4mfdt9s4edPj+NpNkzHrdnpJH4+6gzGw6NhrzODppeXP9kbT+az6Mrp50fXTq5fiV5eXlu/uU7/otXKLV1ZU/rffvppdKDaqq9S1VNzNVKxGqsZ1BPVURmUb9Q </latexit>

Input y = f(x)

<latexit sha1_base64="ttgglA5lmQEZUY9EO2WF1erSv+8="></latexit>

! sum of “ridge” functions �(hx, wi+ b)

<latexit sha1_base64="ZUzFyuvUCbPFlo/gmg9KYP4mygc="></latexit>

f✓(x) ,
pX

s=1

as�(hx, wsi+ bs)

<latexit sha1_base64="ax7LaFmi/3bdYTxeFckx/E70i7o="> </latexit>wp

<latexit sha1_base64="Tb21R6PdEthdsl9c3KfkRE3g53s="></latexit>ap



Two Layers Perceptron

<latexit sha1_base64="FzREcCf10mYHIDSCa5vfTCGv6hQ="></latexit>

Wx

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="4q707XOseaJG4SEM7kRUBlKiggY="> </latexit>w1
<latexit sha1_base64="dTEPGRjwpObKto22Pdj89jMy0R4="></latexit>a1

p = 6 neurons p = 30 neurons p = 100 neurons
<latexit sha1_base64="v5o5dJsoyPefg3wihB9aJpDhTXc=">AABB0XictVzdchPJFW42fwv5WTa5zM0khhSkCDEOlaRqa6vW2MZ4EWCQbNhdAaWfsRCMNEIjGRutq1K5zSPkNnmOPEfeILnKK+T8dE/3SD1zehxCl+2eVn/nnD7Tffqc0y26k2SYzdbX/3nho+9893vf/8HHFy/98Ec//sknlz/96WGWzqe9+KCXJun0WbeTxclwHB/MhrMkfjaZxp1RN4mfdt9s4edPj+NpNkzHrdnpJH4+6gzGw6NhrzODppeXP9kbT+az6Mrp50fXTq5fiV5eXlu/uU7/otXKLV1ZU/rffvppdKDaqq9S1VNzNVKxGqsZ1BPVURmUb9Q </latexit>

Input y = f(x)

<latexit sha1_base64="ttgglA5lmQEZUY9EO2WF1erSv+8="></latexit>

! sum of “ridge” functions �(hx, wi+ b)

<latexit sha1_base64="ZUzFyuvUCbPFlo/gmg9KYP4mygc="></latexit>

f✓(x) ,
pX

s=1

as�(hx, wsi+ bs)

<latexit sha1_base64="ax7LaFmi/3bdYTxeFckx/E70i7o="> </latexit>wp

<latexit sha1_base64="Tb21R6PdEthdsl9c3KfkRE3g53s="></latexit>ap



Universality of Perceptrons

George Cybenko

<latexit sha1_base64="1cPL0hVAAPSTiGgmemX25s2L0wU="> </latexit>

Theorem:
<latexit sha1_base64="MP3/RiWYOhtA+n0bvU1LGtOpdp8="></latexit>

If f is continuous on a compact ⌦, for all " > 0

<latexit sha1_base64="uvCA28W4YytRhUCzr+wZy5dsPHE="></latexit>

! non quantitative . . . no free lunch.

<latexit sha1_base64="Jz0OwNMv5k//RDHXco0G6196vK0="></latexit>

for p large enough, there exists ✓ such that
<latexit sha1_base64="xfYOcK/7SLaT3sOdjnYPuyrhJIM="></latexit>

8x 2 ⌦, |f✓(x)� f(x)| 6 "



Universality of Perceptrons

George Cybenko

Andrew Barron

<latexit sha1_base64="1cPL0hVAAPSTiGgmemX25s2L0wU="> </latexit>

Theorem:
<latexit sha1_base64="MP3/RiWYOhtA+n0bvU1LGtOpdp8="></latexit>

If f is continuous on a compact ⌦, for all " > 0

<latexit sha1_base64="uvCA28W4YytRhUCzr+wZy5dsPHE="></latexit>

! non quantitative . . . no free lunch.

<latexit sha1_base64="Jz0OwNMv5k//RDHXco0G6196vK0="></latexit>

for p large enough, there exists ✓ such that
<latexit sha1_base64="xfYOcK/7SLaT3sOdjnYPuyrhJIM="></latexit>

8x 2 ⌦, |f✓(x)� f(x)| 6 "

Barron’s functions:
<latexit sha1_base64="k4sTmhCqujFpVq19B6P4+EzKpuA="></latexit>

||f ||B ,
R
Rd ||!|||f̂(!)|d! < +1

<latexit sha1_base64="c112VMMd2KkERraDFf/EfcYKYEY="></latexit>

||f � f✓||L2(⌦) 6
2diam(⌦)||f ||Bp

p

<latexit sha1_base64="hO/zv54wxyh8DCE0R1zGL/84DG0="></latexit>

Theorem: for p large, there exists ✓ such that



Universality of Perceptrons

George Cybenko

Andrew Barron

<latexit sha1_base64="1cPL0hVAAPSTiGgmemX25s2L0wU="> </latexit>

Theorem:
<latexit sha1_base64="MP3/RiWYOhtA+n0bvU1LGtOpdp8="></latexit>

If f is continuous on a compact ⌦, for all " > 0

<latexit sha1_base64="uvCA28W4YytRhUCzr+wZy5dsPHE="></latexit>

! non quantitative . . . no free lunch.

<latexit sha1_base64="s9k6UtUgH+pv1dkhpeXsgrOYHks="></latexit>

! non-constructive.
<latexit sha1_base64="YA0C2VTu3oKxlkzI9uPSWEQrTFk="></latexit>

||f � f✓||

<latexit sha1_base64="Jz0OwNMv5k//RDHXco0G6196vK0="></latexit>

for p large enough, there exists ✓ such that
<latexit sha1_base64="xfYOcK/7SLaT3sOdjnYPuyrhJIM="></latexit>

8x 2 ⌦, |f✓(x)� f(x)| 6 "

Barron’s functions:
<latexit sha1_base64="k4sTmhCqujFpVq19B6P4+EzKpuA="></latexit>

||f ||B ,
R
Rd ||!|||f̂(!)|d! < +1

<latexit sha1_base64="c112VMMd2KkERraDFf/EfcYKYEY="></latexit>

||f � f✓||L2(⌦) 6
2diam(⌦)||f ||Bp

p

<latexit sha1_base64="hO/zv54wxyh8DCE0R1zGL/84DG0="></latexit>

Theorem: for p large, there exists ✓ such that

<latexit sha1_base64="h3UjZpHYqKKTnXvhALF0qypbZ8I="></latexit>

! for p “large enough”
<latexit sha1_base64="/m0/di2x7AI63xWFQWd8JnplAjc="></latexit>

gradient descent works
<latexit sha1_base64="nL7SJOfFW3+TXarEFrbAcqeMKqg="></latexit>

[Chizat-Bach 2018]
<latexit sha1_base64="iF6Fpv1MHzBX5NiOJjiYfYAc+aU="></latexit>

f✓

<latexit sha1_base64="fF2PPWSzbfCdHr4VM9aT3EanWT0="></latexit>

f



Overview

<latexit sha1_base64="OZ884D0QFr+WEE11XFoDY1weXS8="></latexit>

1 layer
<latexit sha1_base64="uoH27gkJuuVhju8UQj1RJfFdpdM="></latexit>

2 layers
<latexit sha1_base64="M7NOI895HDZUJHlS303hsSBh9cA="></latexit>

Convolutional
<latexit sha1_base64="LwKfK146z90VUHnnB9cnxAvU1G4="></latexit>

ResNet
<latexit sha1_base64="dNNuBWrbMBdD6dAS8qYhZpoVrw8="></latexit>

Transformers

Networks Architectures

Optimization

<latexit sha1_base64="b30Ly7OtJtQ28MWLJWe+EBlzWuE="> </latexit>

non-linear

<latexit sha1_base64="AvaTp5SMmYl27WBErLlPAJVSBCk="></latexit>

structured

<latexit sha1_base64="E8+chwvjoo71RFGLMScWUG7nw0s="></latexit>

very deep

<latexit sha1_base64="xmTR8djI5Zm3wwq+Q5Hvg30pV8c="></latexit>

very non-linear

Machine Learning

<latexit sha1_base64="CrKPesJfN2NPcC07kJ1rxeWDeMk="> </latexit>

(xi, yi)
<latexit sha1_base64="8Ow88W7UxhdQcE0MSvkUEWHj3MA="></latexit>

f✓

<latexit sha1_base64="iiEJtbSvnJOEhKlcTJSBVIUKSUs="></latexit>

f✓0

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="></latexit>y

yi = +1

yi = �1



Convolutional CNN

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x <latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="> </latexit>x1

<latexit sha1_base64="dOYOOT/5fa2eobiFCAzCDOjlgQU="></latexit>y = xD

<latexit sha1_base64="UAUdhj6OM+ENH5fDEWE+yCEmOkk="></latexit>. . .
<latexit sha1_base64="xxMDEOeNFaQLCwvyofjmtzcjsKY="></latexit>

xk+1 , �(Wkxk + bk)

<latexit sha1_base64="k1rZZfblzcGSWDva0EZxS8SBPlc="></latexit>

! Leverage translation invariance of images.
<latexit sha1_base64="Nz+CDjAByD39QLOSiLMnQuuLgrE="></latexit>

! Sub-sampling: breaks invariance but increase receptive fields.

<latexit sha1_base64="WEUTquxRfdZNLCDmyPONakEOelo="></latexit>

Pool

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="></latexit>x1



Convolutional CNN

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x <latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="> </latexit>x1

<latexit sha1_base64="dOYOOT/5fa2eobiFCAzCDOjlgQU="></latexit>y = xD

<latexit sha1_base64="UAUdhj6OM+ENH5fDEWE+yCEmOkk="></latexit>. . .
<latexit sha1_base64="xxMDEOeNFaQLCwvyofjmtzcjsKY="></latexit>

xk+1 , �(Wkxk + bk)

<latexit sha1_base64="k1rZZfblzcGSWDva0EZxS8SBPlc="></latexit>

! Leverage translation invariance of images.
<latexit sha1_base64="Nz+CDjAByD39QLOSiLMnQuuLgrE="></latexit>

! Sub-sampling: breaks invariance but increase receptive fields.

<latexit sha1_base64="zWzanSgDvIVsOb/tbzCGmnOH7X4="></latexit>

AlexNet, 2011

<latexit sha1_base64="WEUTquxRfdZNLCDmyPONakEOelo="></latexit>

Pool

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="135kWn/CLsnTiTDZs6S5TJYhcuk="></latexit>x1



Example of Activations



Overview

<latexit sha1_base64="OZ884D0QFr+WEE11XFoDY1weXS8="></latexit>

1 layer
<latexit sha1_base64="uoH27gkJuuVhju8UQj1RJfFdpdM="></latexit>

2 layers
<latexit sha1_base64="M7NOI895HDZUJHlS303hsSBh9cA="></latexit>

Convolutional
<latexit sha1_base64="LwKfK146z90VUHnnB9cnxAvU1G4="></latexit>

ResNet
<latexit sha1_base64="dNNuBWrbMBdD6dAS8qYhZpoVrw8="></latexit>

Transformers

Networks Architectures

Optimization

<latexit sha1_base64="b30Ly7OtJtQ28MWLJWe+EBlzWuE="> </latexit>

non-linear

<latexit sha1_base64="AvaTp5SMmYl27WBErLlPAJVSBCk="></latexit>

structured

<latexit sha1_base64="E8+chwvjoo71RFGLMScWUG7nw0s="></latexit>

very deep

<latexit sha1_base64="xmTR8djI5Zm3wwq+Q5Hvg30pV8c="></latexit>

very non-linear

Machine Learning

<latexit sha1_base64="CrKPesJfN2NPcC07kJ1rxeWDeMk="> </latexit>

(xi, yi)
<latexit sha1_base64="8Ow88W7UxhdQcE0MSvkUEWHj3MA="></latexit>

f✓

<latexit sha1_base64="iiEJtbSvnJOEhKlcTJSBVIUKSUs="></latexit>

f✓0

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="></latexit>y

yi = +1

yi = �1



ResNet-type Architectures [He et al’ 16]
R
es
N
et
-3
4

<latexit sha1_base64="hGNaHRogJoszxpvRv/VDNWjykms="></latexit>

image



ResNet-type Architectures [He et al’ 16]
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<latexit sha1_base64="hGNaHRogJoszxpvRv/VDNWjykms="></latexit>

image

<latexit sha1_base64="bIraTUCmzk4phmx2qsYmd3hjMZs="></latexit>

changes
<latexit sha1_base64="TbU3LkeRVqo1XG4dGj38rekATMk="></latexit>

dimension

<latexit sha1_base64="EeuGo0g6Nh2Z7H62NbOQkyQFCIA="></latexit>

skip-connexion
<latexit sha1_base64="Rv0zJz4pzD6Ong7U911+V2gV4aM="></latexit>

xt = xt�1 + v✓t(xt�1)



ResNet-type Architectures [He et al’ 16]
R
es
N
et
-3
4

<latexit sha1_base64="hGNaHRogJoszxpvRv/VDNWjykms="></latexit>

image

<latexit sha1_base64="T6b9HaNHHjCNOHzV6onUoURA+iA=">AABFInictVzdc9TIER8uXxfyxSWPedHFkONSnGMc8lF1lSrAC8aHAcOuDXcscNpd7VpYu1q0WhvY83+Tyr+R91ReUqmkKlV5TVXylH8hPd0zmtHuSD1yCCrbo9H8untaMz3dPSN60ySe5Rsbfz/33te+/o1vfuv9b5//zne/9/0fXPjghwezdJ71o/1+mqTZk144i5J4Eu3ncZ5ET6ZZFI57SfS4d7Qlnz8+jrJZnE46+Ztp9G </latexit>

! Makes the “infinite depth” limit non-degenerate.

<latexit sha1_base64="xc/mr8JXoT/gQGQ1PZGc89bKnGQ="></latexit>x0

<latexit sha1_base64="0dxtvNQQRtfOJmCsOLowkxaF8K0="></latexit>x1

<latexit sha1_base64="jEv8i/6Blo/H2kf1hf8QaHROhC0="></latexit>xT

<latexit sha1_base64="wXRZd77eIvbjikgHeI/sNMhcQB4=">AABFI3ictVxfc9u4EUeu/67pv1z72Bde7XRyHdd13PTPzM3NXGI5iS9O4kSyk7so8VASLTOhRIWU5CQ6f5xOP0Y/QKcvnU47fehjZ9qnfoXuLgAClEAu6F7DsQ2C+O0ulsBidwGmN0nifLq19fdL733t69/45rfe//bl73z3e9//wZUPfniUp7OsHx320yTNnvbCPEricXQ4jadJ9HSSReGol0RPeq928PmTeZTlcTruTN9Oou </latexit>

! Enable v✓ = 0 initialization, i.e. identity map.

<latexit sha1_base64="xc/mr8JXoT/gQGQ1PZGc89bKnGQ="></latexit>x0

<latexit sha1_base64="0dxtvNQQRtfOJmCsOLowkxaF8K0="></latexit>x1

<latexit sha1_base64="xc/mr8JXoT/gQGQ1PZGc89bKnGQ="></latexit>x0

<latexit sha1_base64="0dxtvNQQRtfOJmCsOLowkxaF8K0="></latexit>x1 <latexit sha1_base64="sQt5wYBIm/ZinD5uHdCFlfiw6CM="></latexit>x2T

<latexit sha1_base64="jRKRD72QIYs9zXR8hrwByKPyYXU="></latexit>x4T

<latexit sha1_base64="bIraTUCmzk4phmx2qsYmd3hjMZs="></latexit>

changes
<latexit sha1_base64="TbU3LkeRVqo1XG4dGj38rekATMk="></latexit>

dimension

<latexit sha1_base64="EeuGo0g6Nh2Z7H62NbOQkyQFCIA="></latexit>

skip-connexion
<latexit sha1_base64="Rv0zJz4pzD6Ong7U911+V2gV4aM="></latexit>

xt = xt�1 + v✓t(xt�1)



Infinite Depth and Neural-ODEs

<latexit sha1_base64="c+kKnAxKjdK3kNTUmMbn0Klm8uI="></latexit>

where

<latexit sha1_base64="qhSLJgQq/yuorQiDFfjqGL3B6xk="></latexit>

ResNet [He et al, 2016]

<latexit sha1_base64="GMVz3QnQvknvjijnaBEeqAZxyOU="></latexit>

�✓(x0) , xT

<latexit sha1_base64="qbpiB4MRNcTm1Jd0Cno/ONu/uAc="></latexit>

xt+1 = xt +
1
T v✓t(xt)

<latexit sha1_base64="xc/mr8JXoT/gQGQ1PZGc89bKnGQ="></latexit>x0

<latexit sha1_base64="0dxtvNQQRtfOJmCsOLowkxaF8K0="></latexit>x1

<latexit sha1_base64="jEv8i/6Blo/H2kf1hf8QaHROhC0="></latexit>xT



Infinite Depth and Neural-ODEs

<latexit sha1_base64="c+kKnAxKjdK3kNTUmMbn0Klm8uI="></latexit>

where

<latexit sha1_base64="qhSLJgQq/yuorQiDFfjqGL3B6xk="></latexit>

ResNet [He et al, 2016]

<latexit sha1_base64="GMVz3QnQvknvjijnaBEeqAZxyOU="></latexit>

�✓(x0) , xT

<latexit sha1_base64="qbpiB4MRNcTm1Jd0Cno/ONu/uAc="></latexit>

xt+1 = xt +
1
T v✓t(xt)

<latexit sha1_base64="xc/mr8JXoT/gQGQ1PZGc89bKnGQ="></latexit>x0

<latexit sha1_base64="0dxtvNQQRtfOJmCsOLowkxaF8K0="></latexit>x1

<latexit sha1_base64="jEv8i/6Blo/H2kf1hf8QaHROhC0="></latexit>xT

<latexit sha1_base64="Y/FWR56miGIeVz1js6wqk5+HlBA="></latexit>

x(0)
<latexit sha1_base64="FTjzG8AvJSNptB7mm2sFyGcwy8I="></latexit>

x(1)

<latexit sha1_base64="4gzHTBnB5qJro3BfrdlF6uX+h20="></latexit>

Neural ODE [Chen et al, 2018]

<latexit sha1_base64="c+kKnAxKjdK3kNTUmMbn0Klm8uI="></latexit>

where
<latexit sha1_base64="GFMN5WsKuC7XcTdsIKUIHSxvlI8="></latexit>

T ! +1
<latexit sha1_base64="42FcIc+HA/QIeZk6s6SV75/MpYs="></latexit>

dx(t)
dt = v✓(t)(x(t))

<latexit sha1_base64="CJOv1Tn8Q0JzF0AWk7AZymbgZ9g="></latexit>

�✓(x(0)) , x(1)



Infinite Depth and Neural-ODEs

<latexit sha1_base64="c+kKnAxKjdK3kNTUmMbn0Klm8uI="></latexit>

where

<latexit sha1_base64="qhSLJgQq/yuorQiDFfjqGL3B6xk="></latexit>

ResNet [He et al, 2016]

<latexit sha1_base64="GMVz3QnQvknvjijnaBEeqAZxyOU="></latexit>

�✓(x0) , xT

<latexit sha1_base64="qbpiB4MRNcTm1Jd0Cno/ONu/uAc="></latexit>

xt+1 = xt +
1
T v✓t(xt)

<latexit sha1_base64="xc/mr8JXoT/gQGQ1PZGc89bKnGQ="></latexit>x0

<latexit sha1_base64="0dxtvNQQRtfOJmCsOLowkxaF8K0="></latexit>x1

<latexit sha1_base64="jEv8i/6Blo/H2kf1hf8QaHROhC0="></latexit>xT

<latexit sha1_base64="Y/FWR56miGIeVz1js6wqk5+HlBA="></latexit>

x(0)
<latexit sha1_base64="FTjzG8AvJSNptB7mm2sFyGcwy8I="></latexit>

x(1)

<latexit sha1_base64="4gzHTBnB5qJro3BfrdlF6uX+h20="></latexit>

Neural ODE [Chen et al, 2018]

<latexit sha1_base64="c+kKnAxKjdK3kNTUmMbn0Klm8uI="></latexit>

where
<latexit sha1_base64="GFMN5WsKuC7XcTdsIKUIHSxvlI8="></latexit>

T ! +1
<latexit sha1_base64="42FcIc+HA/QIeZk6s6SV75/MpYs="></latexit>

dx(t)
dt = v✓(t)(x(t))

<latexit sha1_base64="CJOv1Tn8Q0JzF0AWk7AZymbgZ9g="></latexit>

�✓(x(0)) , x(1)

<latexit sha1_base64="StbFJtaVJbwWumZ06tVNtqAkGMo="></latexit>

T ! +1 is a singular limit (✓ can “explodes” during training)

<latexit sha1_base64="iw4wUbfjRLRkZ5wh9moDb5YGF3I="></latexit>

Trajectories cannot cross: �✓ defines a di↵eomorphism.



Overview

<latexit sha1_base64="OZ884D0QFr+WEE11XFoDY1weXS8="></latexit>

1 layer
<latexit sha1_base64="uoH27gkJuuVhju8UQj1RJfFdpdM="></latexit>

2 layers
<latexit sha1_base64="M7NOI895HDZUJHlS303hsSBh9cA="></latexit>

Convolutional
<latexit sha1_base64="LwKfK146z90VUHnnB9cnxAvU1G4="></latexit>

ResNet
<latexit sha1_base64="dNNuBWrbMBdD6dAS8qYhZpoVrw8="></latexit>

Transformers

Networks Architectures

Optimization

<latexit sha1_base64="b30Ly7OtJtQ28MWLJWe+EBlzWuE="> </latexit>

non-linear

<latexit sha1_base64="AvaTp5SMmYl27WBErLlPAJVSBCk="></latexit>

structured

<latexit sha1_base64="E8+chwvjoo71RFGLMScWUG7nw0s="></latexit>

very deep

<latexit sha1_base64="xmTR8djI5Zm3wwq+Q5Hvg30pV8c="></latexit>

very non-linear

Machine Learning

<latexit sha1_base64="CrKPesJfN2NPcC07kJ1rxeWDeMk="> </latexit>

(xi, yi)
<latexit sha1_base64="8Ow88W7UxhdQcE0MSvkUEWHj3MA="></latexit>

f✓

<latexit sha1_base64="iiEJtbSvnJOEhKlcTJSBVIUKSUs="></latexit>

f✓0

<latexit sha1_base64="uXxDXWoc2gqpv2jLi87+0t6ESQs="></latexit>x

<latexit sha1_base64="WI2HEUK7U7Ib1a7UKFHMW+OpF90="></latexit>y

yi = +1

yi = �1



Les transformers et le méchanisme d’attention

Convolutions remplacées par des attentions

…
+

<latexit sha1_base64="aTL0Qvb1dLhAur6wfZM9PGylzLY="></latexit>x1

<latexit sha1_base64="7Z/IumRXp79HdyogVfnC2DA+LeM="></latexit>x2

<latexit sha1_base64="Fgw+vWgPriclgLxpVoHDEicBDLw="></latexit>

{xi}i
Nuage de points

Positional 
encoding

Token 
encoding

Tokenize

…
next token 

probabilities

<latexit sha1_base64="BPzSAVCtthknQ1pXjrNPwVzaIyE="></latexit>xi

<latexit sha1_base64="Z7Rj29tlYwYzn6VgK9Cg5HgF0Ow="></latexit>xj

<latexit sha1_base64="2WTwz1PaVtte6H++sZGdjQev30g="></latexit>

Residual
<latexit sha1_base64="DEaZOhbGguW9+VsX01WKScnznR4="></latexit>

x̃i = xi +

P
j e

hKxi, QxjiV xjP
j e

hKxi, Qxji

N ×

L e l y c é e M a r c e l i n 
Berthelot étant situé sur le 
parcours touristique de 
« la boucle de la Marne », 
est connu de tous ceux qui 
ont visité les environs de 
Paris. « Ah, c’est cet 
i m m e n s e b â t i m e n t 
moderne » dit-on.

Le lycée Marcelin Berthelot 
étant situé sur le parcours 
touristique de « la boucle de 
la Marne », est connu de 
tous ceux qui ont visité les 
environs de Paris. « Ah, 
c’est cet immense bâtiment 
moderne » dit-on.



Large Language Models (LLM)

But:

Pas seulement générer des données! 
Répondre à des questions

Faire « tourner » des « algorithmes ».

Modéliser et comprendre le phénomène de 
« in context learning ».

Question:

Un transformer entrainé uniquement à faire 
du « next token prediction » est-il capable 
de raisonner?   

Enjeu mathématique:

14/20



Large Language Models (LLM)

But:

Pas seulement générer des données! 
Répondre à des questions

Faire « tourner » des « algorithmes ».

Modéliser et comprendre le phénomène de 
« in context learning ».

Question:

Un transformer entrainé uniquement à faire 
du « next token prediction » est-il capable 
de raisonner?   

Enjeu mathématique:

14/20
Theorem [Sander, Peyré 2024]:

If one trains a transformer on geometric sequences  {(x1, x2 = Ax1, …xt = Axt−1) : A, x1}

then for an input , the transformer:(x1, x2 = Bx1, …, xt = Bxt−1)

1) estimates B 2) predicts xt+1 = Bxt



Flash A
ttention

Au delà de l’attention 
(meilleures scaling laws) ?

High performance computing
Numérique

Le futur ?

Industrie
Open weights v.s. open source (données d’entrainement?)

Interface avec la vie quotidienne?

Le machine learning (IA) change à toute 
vitesse. Impossible de faire des prédictions à 5 
ans …

Connecter modèles de diffusion (continue) et LLM (discret)
Théorie

Comprendre le processus de « in context learning ».

[Mensch et al 2023]

Applications AI for science : au delà du next token prediction
Vers le multimodal (video, 3D, etc).

scGPT


