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Aim Of These Lectures

• Merely a broad-band introduction to some aspects 
of the field
• Aimed at:
• Stimulating interest
• Paving the way to understanding the seminars and 

reading further literature
• I am currently learning the field too! J
• NOT meant to be a technical introduction to ML
• NOT meant to be exhaustive
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AI is taking the world by storm… 
and sciences too!



Two DALL.E (OpenAI) pictures of 
`Erwin Schrödinger, Matisse-style’



What is ML? (In a Nutshell)

• An ML algorithm is an algorithm able to ‘learn’ from data 
(i.e. evolve/adapt as more data is provided) in order to 
perform a specific task

• Mitchell (Machine Learning, 1997): `A computer program is 
said to learn from experience E with respect to some class 
of tasks T and performance measure P, if its performance at 
tasks in T, as measured by P, improves with experience E’ 

• We will briefly review: 
• T: Task
• E: Experience/Training Methods
• P: Performance



Some Useful General Refs on ML
• General ML:
• Goodfellow, Bengio and Courville, 

Deep Learning, MIT Press
• Lectures by Stéphane Mallat at the  

Collège de France (online and notes)
• Hasti, Tibshirani and Friedman, The 

elements of Statistical Learning, 
Springer

• Michael Nielsen’s online book 
http://neuralnetworksanddeeplearni
ng.com

• In relation to Physics:
• Mehta et al. A high-bias, low variance 

introduction to Machine Learning for 
physicists Phys. Reports 810, 1 (2019)

• Carleo et al. Machine Learning and 
the Physical Sciences Rev Mod Phys 
91, 045002 (2019)

The website `Papers with Code’ is also very useful: https://paperswithcode.com

http://neuralnetworksanddeeplearning.com/
http://neuralnetworksanddeeplearning.com/
https://paperswithcode.com/


9h00
Accueil café

9h30
Introduction

9h45
BLOOM, un modèle linguistique autorégressif (LLM) 
capable de parler 46 langues et 13 langages de program-
mation.
Lucile Saulnier (Hugging Face), François Yvon (CNRS)

10h15
AlphaFold, virus cachez-vous !
Thibaut Véry (CNRS/IDRIS)

13h30
L'enfer des données : je n'ai pas assez de 
donnée, mes données sont fausses ou mes 
données sont exotiques, que faire ?
Laurent Risser (CNRS/IMT), Achile Mbogol Touye 
(UGA/EFELIA)

14h00
Gérer un tsunami de données : building new 
brains for giant astronomical instruments using AI.
Damien Gratadour (CNRS/OBSPM)

14h30
PlugAI : simplifier l'usage de l'IA pour l'image-
rie médicale.
Michaël Sdika (Creatis)

15h00
Détection de brouillard à Paris : developing 
and using HazeNet to forecast particulate pollu-
tion related low visibility days in Paris.
Chien Wang (CNRS/OBS-MIP)

15h30 
Pause

16h00
IA : qualité, méthode et reproductibilité
Mauricio Diaz (INRIA)

16h30
L'IA d'aujourd'hui et de demain : état de l'art 
et perspectives pour la Science.
Bertrand Cabot (CNRS/IDRIS)

17h00
Mot de la fin
Jean-Luc Parouty (CNRS/SIMaP)
Sylvie Thérond (CNRS/IDRIS)

10h45
Pause

11h15
Flash projet : vos projets en 180s  :-)

11h45
L'IA dans le monde académique en 
France (IDRIS, PNRIA, DevTalk, Fidle, etc.).
Pierre Cornette (INRIA)
Myriam Peyrounette (CNRS/IDRIS)
Jean-Luc Parouty (CNRS/SIMaP)

12h15
Buffet
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FIDLE: Une 
plateforme de 
formation en

français
https://gricad-

gitlab.univ-grenoble-
alpes.fr/talks/fidle/-

/wikis/home

https://gricad-gitlab.univ-grenoble-alpes.fr/talks/fidle/-/wikis/home
https://gricad-gitlab.univ-grenoble-alpes.fr/talks/fidle/-/wikis/home
https://gricad-gitlab.univ-grenoble-alpes.fr/talks/fidle/-/wikis/home
https://gricad-gitlab.univ-grenoble-alpes.fr/talks/fidle/-/wikis/home


Some Useful General Refs on ML 
with a Focus on Quantum Systems
• J.Carrasquilla Machine learning for quantum matter 

Advances in Physics 2020, Vol 5 1797528
• A.Dawid et al. Modern applications of machine 

learning in quantum sciences (Lecture Notes) 
arXiv:2204.04198
• J.Carrasquilla and G.Torlai How To Use Neural 

Networks To Investigate Quantum Many-Body 
Physics PRX Quantum 2, 040201 (2021) (Tutorial)
• J.Schmidt et al. Recent advances and applications of 

machine learning in solid-state materials science 
npj Computational Materials (2019)

Online Journal Club (every 2 weeks): http://ultracold.org/menu/

http://ultracold.org/menu/


Some Code Libraries
• NumPy https://numpy.org
• Scikit https://scikit-learn.org/stable/
• PyTorch: https://github.com/pytorch/pytorch
• Tensorflow (Google): https://github.com/tensorflow
• Jax (Google): https://github.com/google/jax
• NetKet: https://www.netket.org
• See e.g. https://www.coursera.org/articles/python-machine-

learning-library

https://numpy.org/
https://scikit-learn.org/stable/
https://github.com/pytorch/pytorch
https://github.com/tensorflow
https://github.com/google/jax
https://www.netket.org/
https://www.coursera.org/articles/python-machine-learning-library
https://www.coursera.org/articles/python-machine-learning-library


What is ML? (In a Nutshell)

• An ML algorithm is an algorithm able to ‘learn’ from data 
(i.e. evolve/adapt as more data is provided) in order to 
perform a specific task

• Mitchell (Machine Learning, 1997): `A computer program is 
said to learn from experience E with respect to some class 
of tasks T and performance measure P, if its performance at 
tasks in T, as measured by P, improves with experience E’ 

• We will briefly review: 
• T: Task
• E: Experience/Training Methods
• P: Performance



The Task T

• Data: a vector x=(x1,…,xn) in a space of (high) 
dimension n (n=number of `features’) 
• Example: x is an image, n the number of pixels
• We want to `learn’ a function: 
• Example:  classification                          ; or 
• Find a parametrization of this function:

<latexit sha1_base64="SOr2ZjLyXOpJE1JfVuSB9QRSJeY=">AAAB/HicbVDLSsNAFL2pr1pf0S7dBItQoZREfG3EohuXFWwrNKFMppN26OTBzEQMof6KGxeKuPVD3PkXfoKTtAttPTBwOOde7pnjRowKaZpfWmFhcWl5pbhaWlvf2NzSt3faIow5Ji0cspDfuUgQRgPSklQychdxgnyXkY47usr8zj3hgobBrUwi4vhoEFCPYiSV1NPLiV07t2te1faRHLpe+jA+6OkVs27mMOaJNSWVi2/I0ezpn3Y/xLFPAokZEqJrmZF0UsQlxYyMS3YsSITwCA1IV9EA+UQ4aR5+bOwrpW94IVcvkEau/t5IkS9E4rtqMosoZr1M/M/rxtI7c1IaRLEkAZ4c8mJmyNDImjD6lBMsWaIIwpyqrAYeIo6wVH2VVAnW7JfnSfuwbp3Uj2+OKo3LSRtQhF3YgypYcAoNuIYmtABDAk/wAq/ao/asvWnvk9GCNt0pwx9oHz9Na5Vd</latexit>

y = f(x)
<latexit sha1_base64="GuqWfi7AuNaLG1ZDw4Z22PeMn08=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgQkoivnYW3bisYB+QhDKZTtqhk0mYmQgh9DPcuFDErV/jzr/wE5ymXWjrgQuHc+7l3nuChDOlbfvLKi0tr6yuldcrG5tb2zvV3b22ilNJaIvEPJbdACvKmaAtzTSn3URSHAWcdoLR7cTvPFKpWCwedJZQP8IDwUJGsDaSm3lMeLl94njjXrVm1+0CaJE4M1K7/oYCzV710+vHJI2o0IRjpVzHTrSfY6kZ4XRc8VJFE0xGeEBdQwWOqPLz4uQxOjJKH4WxNCU0KtTfEzmOlMqiwHRGWA/VvDcR//PcVIdXfs5EkmoqyHRRmHKkYzT5H/WZpETzzBBMJDO3IjLEEhNtUqqYEJz5lxdJ+7TuXNTP789qjZtpGlCGAziEY3DgEhpwB01oAYEYnuAFXi1tPVtv1vu0tWTNZvbhD6yPH0JLkgo=</latexit>

y 2 {0, 1}
<latexit sha1_base64="B8w2NDnQmH9orU98z17fV7r48so=">AAAB9XicbVC7TsMwFL0pr1JeBUYWiwqJqUoQr40KFsaC6ENqQuW4TmvVcSLbAUVR/4OFAYRY+Rc2/oJPwE07QMuRLB2dc6/u8fFjzpS27S+rsLC4tLxSXC2trW9sbpW3d5oqSiShDRLxSLZ9rChngjY005y2Y0lx6HPa8odXY7/1QKVikbjTaUy9EPcFCxjB2kj3qcuEG2I98P3sdtQtV+yqnQPNE2dKKhffkKPeLX+6vYgkIRWacKxUx7Fj7WVYakY4HZXcRNEYkyHu046hAodUeVmeeoQOjNJDQSTNExrl6u+NDIdKpaFvJscJ1aw3Fv/zOokOzr2MiTjRVJDJoSDhSEdoXAHqMUmJ5qkhmEhmsiIywBITbYoqmRKc2S/Pk+ZR1TmtntwcV2qXkzagCHuwD4fgwBnU4Brq0AACEp7gBV6tR+vZerPeJ6MFa7qzC39gffwAi7aT/w==</latexit>

y 2 R
<latexit sha1_base64="lKxLYJdj6XJUKbHFzNTD2FjbvVg="></latexit>

y = f (x;✓)
• Learning: optimize the parameters θ
• Architecture of neural network 

+ Trained parameters = `Model’ 



Increase of the neural network size over time
Doubling every ~ 2.4 years
(Figure from Goodfellow, Bengio and Courville `Deep Learning’ MIT Press)
Sizes of biological NNs from Wikipedia (2015)



Increase of the number of connections per neuron
(Figure from Goodfellow, Bengio and Courville `Deep Learning’ MIT Press)



Examples of Tasks (Classic ML Examples)



Training (The experience E)

• Supervised Learning. A data set (yi,xi) is provided to 
train the model (training set)
• Unsupervised learning. No `labeled/tagged’ data 

set is provided. The model must identify patterns 
by itself. 
• Reinforcement learning. No tagged data set, but a 

performance indicator is provided along the  
optimization process.
• Frontier between these different strategies 

somewhat blurred.



Increase of dataset sizes over time
(Figure from Goodfellow, Bengio and Courville `Deep Learning’ MIT Press)



Why Use Machine Learning in the 
Context of Quantum Physics ?

• ML is applied linear algebra in a large vector space
• Quantum physics is also formulated as linear 

algebra in a large vector space of functions (Hilbert 
space)
• Both ML and QM use probabilistic/statistical 

concepts and methods
• Hence, at a general level, it is natural to use ML for 

QM problems involving a large number of degrees 
of freedom



Tasks in the Context of Quantum 
Physics (appetizer! – more at the end of the lecture)

• Phase recognition [C]
• Quantum State Tomography [DE]*
• Hamiltonian Certification [DE]
• Control of Quantum Systems [RL] 
• Neural Quantum States: Parametrization of Variational 

Wave Function [R, self-generative unsupervised]*
• Density Functionals from ML [R, supervised]*
• Molecular Dynamics: Force Fields from ML [R, 

supervised]*
• Applications of ML to Materials Informatics/Databases 

C=Classification; DE=(Probability) Density Estimation; 
RL=Reinforcement Learning; R=Regression. 
(*): Topic of one of the lectures or seminars 



Performance Metrics
• To be evaluated on the test set. 
• Aim: Evaluate generalization performance
• Not to be  confused with the loss function 

optimized during training. If differentiable, a 
performance metric can also be used as the loss 
function. 
• Below, yi is the predicted value, ai the `ground 

truth’ (exact) value. 
• Examples of performance metrics: 
• 0-1 Loss error rate (in classification):<latexit sha1_base64="D+G3248b6a9ZlQ0MCi64v6VEkN8="></latexit>

1

N

NX

j=1

(1� �yj ,aj ) Warning: non differentiable!



• Mean Square Error (MSE)

• Widely used and quite natural. The MSE has the reputation to be more 
sensitive to outliers (because of the squaring)

• Mean Absolute Error (MAE), Mean Absolute 
Percentage Error (MAPE), Mean Percentage Error 
(MPE):

<latexit sha1_base64="pF8n++5ZjrbDTkDoRNoEsU7+PWg="></latexit>

MSE =
1

N

NX

j=1

(aj � yj)
2 ⌘ (RMSE)2

<latexit sha1_base64="WjUn15TOxk85olalsk4MRNhplJA="></latexit>

MAE =
1

N

NX

j=1

|aj � yj | ,

MAPE =
100%

N

NX

j=1

��aj � yj
aj

��

MPE =
100%

N

NX

j=1

aj � yj
aj



Density Estimation: Kullback-Leibler Divergence
(or `Relative Entropy’)
Set X of samples/events/messages/measurements xi drawn according to P(x)

Quantity of information associated with each event, according to Shannon:
<latexit sha1_base64="SmV6bt+6ksOV06sdEEka9qCkgzo=">AAAB8nicbVDJSgNBEK1xjXGLevTSGIR4MMyI282gF48RzAKTIfR0epImPd1Dd48YhnyGFw+KePVrvPkXfoKd5aCJDwoe71VRVS9MONPGdb+chcWl5ZXV3Fp+fWNza7uws1vXMlWE1ojkUjVDrClngtYMM5w2E0VxHHLaCPs3I7/xQJVmUtybQUKDGHcFixjBxkr+cYsLVC09ttlRu1B0y+4YaJ54U1K8+oYxqu3CZ6sjSRpTYQjHWvuem5ggw8owwukw30o1TTDp4y71LRU4pjrIxicP0aFVOiiSypYwaKz+nshwrPUgDm1njE1Pz3oj8T/PT010GWRMJKmhgkwWRSlHRqLR/6jDFCWGDyzBRDF7KyI9rDAxNqW8DcGbfXme1E/K3nn57O60WLmepAE52IcDKIEHF1CBW6hCDQhIeIIXeHWM8+y8Oe+T1gVnOrMHf+B8/AB0tpGF</latexit>

� lnP (xi)

Hence, average quantity of information contained in X – the Shannon entropy:
<latexit sha1_base64="X+n4arpA1vHlt6gcwMncntjPuF0=">AAACCHicbVC7TgJBFL2LL8QXamnhRGKChWTX+GqMRBtKTOSRsITMDgNMmJ3dzMwayIbSxl+xsdAYWz/Bzr/wExwWCkVPcnNPzrk3M/d4IWdK2/anlZqbX1hcSi9nVlbX1jeym1tVFUSS0AoJeCDrHlaUM0ErmmlO66Gk2Pc4rXn967Ffu6NSsUDc6mFImz7uCtZhBGsjtbK7JXSBDl0V+a144DKB6iNUzg8OXC6S3srm7IKdAP0lzpTkLr8gQbmV/XDbAYl8KjThWKmGY4e6GWOpGeF0lHEjRUNM+rhLG4YK7FPVjJNDRmjfKG3UCaQpoVGi/tyIsa/U0PfMpI91T816Y/E/rxHpznkzZiKMNBVk8lAn4kgHaJwKajNJieZDQzCRzPwVkR6WmGiTXcaE4Mye/JdUjwrOaeHk5jhXvJqkAWnYgT3IgwNnUIQSlKECBO7hEZ7hxXqwnqxX620ymrKmO9vwC9b7NwGUmN8=</latexit>

H = �
X

x2X

P (x) lnP (x)

We do not have access to P (the data generator), only to some data generated with P. 
If we have an approximate determination Q(x) of P, the average amount of 
Information that we will estimate for X will be: <latexit sha1_base64="CdfWXc9JM1tDNAN58GMcIFn0wlw=">AAACBHicbVC7TgJBFL2LL8TXqiXNRGKChWTX+Ook2lhCIo+EJWR2GGDC7OxmZtZANhQ2/oqNhcbY+hF2/oWf4PAoFDzJzT05597M3ONHnCntOF9Waml5ZXUtvZ7Z2Nza3rF396oqjCWhFRLyUNZ9rChnglY005zWI0lx4HNa8/s3Y792T6ViobjTw4g2A9wVrMMI1kZq2dljT8VBKxl4TKD6CJXygyOPC1Q2vWXnnIIzAVok7ozkrr5hglLL/vTaIYkDKjThWKmG60S6mWCpGeF0lPFiRSNM+rhLG4YKHFDVTCZHjNChUdqoE0pTQqOJ+nsjwYFSw8A3kwHWPTXvjcX/vEasO5fNhIko1lSQ6UOdmCMdonEiqM0kJZoPDcFEMvNXRHpYYqJNbhkTgjt/8iKpnhTc88JZ+TRXvJ6mAWnIwgHkwYULKMItlKACBB7gCV7g1Xq0nq036306mrJmO/vwB9bHDy1ll/M=</latexit>

�
X

x2X

P (x) lnQ(x)

The difference between this estimated amount and the actual amount of information 
is the Kullback-Leibler divergence: 

<latexit sha1_base64="F1zozhsDMKli4jrOmGGCWRRhIXs="></latexit>

�
X

x2X

P (x) [lnQ(x)� lnP (x)] =
X

x2X

P (x) ln
P (x)

Q(x)
⌘ DKL(P ||Q)

Extra amount of info to send message drawn according to P using a transmission channel  optimized for Q



Properties of the Kullback-Leibler Divergence:
<latexit sha1_base64="T9f5D1GM38YYryWKACsDUuTKvfU="></latexit>

DKL(P ||Q) =
X

x2X

P (x) ln
P (x)

Q(x)
, DKL(P ||Q) =

Z
dx p(x) ln

p(x)

q(x)

<latexit sha1_base64="g0YP/T0XDViipdvW4Hh+fDNdy0I="></latexit>

DKL(P ||Q) � 0 , DKL(P ||Q) = 0 , P = Q

But the KL divergence it is not a distance 
(not symmetric, triangle inequality not satisfied) 

For the last equivalence to hold: X = {all values that the random variable x can take}

Note: in minimizing DKL over a trial Q, only the second term -P lnQ matters 
<latexit sha1_base64="6tzKX7I6o/8vSEtv9PPKmScRU6k="></latexit>

�DKL =
X

x

P ln
Q

P


X

x

P [
Q

P
� 1] =

X

x

[Q(x)� P (x)] = 0

Proof of DKL=0 à P=Q. If g(x) strictly convex (i.e. above its tangent for all values of x) then 
we have the strict inequality: <g(x)> > g(<x>) [Jensen’s inequality]
Hence if P and Q are different (except on a zero measure set) DKL is strictly positive:

<latexit sha1_base64="rgiuUdg3FpSJma5B3kO0DsRWnz0="></latexit>

DKL = h� ln
Q

P
iP > � lnhQ

P
iP = 0



ChatGPT did not pass the exam…
L

This is correct, and the logic is fine
but…



Errare humanum mechanicum est… perseverare diabolicum mechanicum J



A Key Learning Algorithm: Minimizing  
a Loss Function by 
(Stochastic) Gradient Descent (SGD)
Simple Gradient Descent:
Define Loss Function (e.g. MSE, KL divergence etc.) - additive over data in the 
training set:

Taylor expand around a point in parameter space:

with:
<latexit sha1_base64="6POjGqTxY1beLUT3vmskRyIwYBM="></latexit>

[r✓L]i ⌘
@L
@✓i

(Gradient) , Hij ⌘
@
2L

@✓i@✓j
(Hessian)



Make a (small) move in parameter space: 

Eta is the learning rate. 
It should be chosen small enough, 

so that the quadratic term is negligible 
and one effectively lowers the loss function 

- but not too small to avoid slow convergence 
and wasting computing time…

Gradient Descent can (and does) of course get stuck in local minima etc.
Improvements on the simple GD method are available and commonly used, 
such as the ADAM optimizer for example (Adaptative Moment Estimation)

- see Kingma and Ba arXiv:1412.6980 (2014) and textbooks/reviews

Computation of the Gradient in practice: Automatic Differentiation, Back Propagation
(based on the chain rule of differentiation) – not described here, see references

< 0



A Key Learning Algorithm: Minimizing  
a Loss Function by 
(Stochastic) Gradient Descent (SGD)
Gradient Descent:

Augustin Louis Cauchy
1789 - 1857

`Cauchy and the gradient method’
https://www.math.uni-bielefeld.de/documenta/vol-ismp/40_lemarechal-claude.pdf

https://www.math.uni-bielefeld.de/documenta/vol-ismp/40_lemarechal-claude.pdf


Choosing the Learning Rate

Image Credit: A.Dawid et al. arXiv:2204.04198

∇θ > 0 
à Move Left

∇θ < 0 
à Move Right



Stochastic Gradient Descent (SGD)
Recall that the loss function is a sum over the training data set:

Hence, computing the gradient can be very costly when this set is large
Instead, we can compute this stochastically over a randomly chosen subset (`mini-batch’) 
of the training set. This also helps not getting stuck in local minima.

Mini-batch contains mb data points, 
σ denotes  a permutation of 1…m:

Pseudocode credit: 
A.Dawid et al. 
arXiv:2204.04198



Natural Gradient and the Metric 
in Parameter Space

Also related to
`Stochastic Reconfiguration’ 
in Variational MC 



Idea: The Euclidean distance in parameter space may not be the `natural’ one. 
Derive a learning/descent rule for a general distance

Distance specified by a metric tensor g:

Minimize the loss function under the constraint that one travels a distance d=𝟄 and hence 
introduce a Lagrange multiplier μ and (keeping a first-order estimator for the  
loss function) minimize Lagrangian:

Leads to:

Remarks: Adapts learning procedure to local metric
- Euclidean distance g=1 à recover simple steepest descent
- Change of loss function can be shown to be invariant under change of coordinates 

in parameter space (reparametrizations)

Note: the inversion of g 
may require a regularization 



Additional remarks on NGD – Adaptative 
Methods

This can be extended to second-order schemes 
– damped Newton-Raphson (then 
involves the Hessian in the learning rate)

The Lagrange multiplier is obtained from the constraint d2=𝟄2: 

We can keep the distance constant by adapting the learning rate at each step:

<latexit sha1_base64="V0aS0Bt9KvSthsqvOcpIvtT+AA0="></latexit>

✏2 =
1

4µ2

X

lm

@L
@✓l

[g�1]lm
@L
@✓m

=
1

4µ2
hr✓L|g�1|r✓Li

<latexit sha1_base64="0EaT/rhWgJTlzeOFnYqT+B7n2lg="></latexit>

�✓ = �✏
g�1r✓Lp

hr✓L|g�1|r✓Li
, �L = �✏

p
hr✓L|g�1|r✓Li

State of the art adaptative methods:  
e.g. ADADELTA , ADAM etc.
see M. Zeiler arXiv:1212.5701
(involves gradients from previous steps)



NGD for (Probability) Density 
Estimation
Choose the KL divergence as a measure of distance:

A simple calculation leads to: <latexit sha1_base64="gIr+5vhisnTGZ5O0jaxnfID5CsA="></latexit>

d2(✓, ✓ + �✓) =
X

lm

glm�✓l�✓m

glm =
X

x2X

P✓(x)
@ lnP✓(x)

@✓l

@ lnP✓(x)

@✓m
Fisher information matrix/metric

Fisher information: how much information about a given parameter θ
we can get from a sample X?

Variance of the derivative of the log-likelihood:
<latexit sha1_base64="AHp4OBZXyd64MuyJbnoint5wAGQ="></latexit>

FI[✓] = VarX


@

@✓
lnP✓(x)

�
=

X

x2X

P✓(x)

✓
@ lnP✓(x)

@✓

◆2



Computation of Gradients in 
Practice
• Automatic Differentiation 
• Backpropagation (based on recursive application of 

the chain rule for derivatives)
• Not covered in detail in these lectures – see 

references and code docs. 



Neural Networks: 
Parametrizing f(x;θ)
• Different NN architectures correspond to different 

ways of constructing and parametrizing f(x,θ). 
• During the course of these lectures, we will  

encounter several different architectures:
• Multilayer Perceptrons
• Restricted Boltzmann Machines (RBM)
• Convolutional Neural Networks (CNN)
• Autoregressive Recurrent NNs (RNN) 
• And more…



Archetypal Feed-Forward NN: 
The Multilayer Perceptron
• Basic unit: an `artificial neuron’ which: 
• Aggregates inputs by weighting the different components xi

• Adds a bias b
• And returns an output signal (or activation) by applying to 

the result a non-linear function

x1

xn

x2 Weights wi
Bias b

Output (activation)
Input

<latexit sha1_base64="Lx85y3cXQKfH174qa4vfDo7lwLs=">AAACCnicbVDJSgNBFHzjGuMW9eilNQiKEGbE7SIGvXiMYKKQGYaeTk/SpGeh+40aQs5e/BUvHhTx6hd48y/8BDvLwa2goKh6j+5XQSqFRtv+sMbGJyanpnMz+dm5+YXFwtJyTSeZYrzKEpmoq4BqLkXMqyhQ8qtUcRoFkl8G7dN+fnnNlRZJfIGdlHsRbcYiFIyisfzCGj3SruQhbro6i3xBbgxvDbcDV4lmC7f8QtEu2QOQv8IZieLxJwxQ8QvvbiNhWcRjZJJqXXfsFL0uVSiY5L28m2meUtamTV43MqYR1153cEqPbBinQcJEGcZIBu73jS6NtO5EgZmMKLb076xv/pfVMwwPva6I0wx5zIYPhZkkmJB+L6QhFGcoO0ZQpoT5K2EtqihD017elOD8PvmvqO2UnP3S3vlusXwybANysArrsAkOHEAZzqACVWBwBw/wBM/WvfVovVivw9Exa7SzAj9gvX0BhVya9g==</latexit>

a = s

 
X

i

wixi + b

!

`Neuron’Input 
from n `axons’

Output
`axon’



Typical choices for the function s:

Image Credit: Mehta et al. Physics Reports 810 1 (2019)



Image Credit: Javier Robledo-Moreno

Multilayer Perceptron
Example with:
1 input layer, 1 output layer
1 hidden layer

<latexit sha1_base64="+Fm9OOgXQ5EHjxPD4tM5CqZd+RI="></latexit>

yi2 =
X

i121

ai1w
(1)
i1i2

+ b(1)i2

=
X

i121

s

 
X

i020

xi0w
(0)
i0i1

+ b(0)i1

!
w(1)

i1i2
+ bi2

Can continue this recursively by composing successive units, 
e.g with 2 hidden units: 

Layer 0
(Input)

Layer 1
(Hidden) Layer 2

(Output)

<latexit sha1_base64="hYIRRFwcLFin60x/TepST4mrF3Q="></latexit>

s

 
X

i121

s

 
X

i020

xi0w
(0)
i0i1

+ b(0)i1

!
w(1)

i1i2
+ bi2

!
w(2)

i2i3
+ b(2)i3

Welcome to the world of Deep Learning ! 



NNs as Universal Approximators

Math. Control Signals Systems 2, 303 (1989)
Neural Networks 4, 251 (1991)

See Stéphane Mallat’s Collège de 
France Lectures (videos on website)
especially the February 20, 2019 
Lecture.

See also more recent:
Lu et al. 
arXiv:1709.02540

https://www.college-de-france.fr/agenda/cours/apprentissage-par-reseaux-de-neurones-profonds/approximation-universelle-par-un-reseau-une-couche-cachee
https://www.college-de-france.fr/agenda/cours/apprentissage-par-reseaux-de-neurones-profonds/approximation-universelle-par-un-reseau-une-couche-cachee


Theorem: (Cybenko, 1989) 
Arbitrary sigmoidal function s(x) – such as 1/(1+e-x) but need not be monotonous

<latexit sha1_base64="KZGfHhahIKL2qDWj5VDL4XVvFss=">AAACQXicbVBLTwIxGPzWJ+IL9eilkZhgVLJrfN00evGIiSgJS0i3dKGh292036qE+Ne8+A+8effiQUO8erGAB0WmaTqZ+SZtJ0ikMOi6L87E5NT0zGxmLju/sLi0nFtZvTZxqhkvs1jGuhJQw6VQvIwCJa8kmtMokPwmaJ/3/Ztbro2I1RV2El6LaFOJUDCKVqrnKqZw72vRbCHVOr4ju75QIXa2yG/R9Xf6a2d4ZEci2+MiXj2Xd4vuAOQ/8X5I/qQHA5TquWe/EbM04gqZpMZUPTfBWpdqFEzyh6yfGp5Q1qZNXrVU0YibWnfQwAPZtEqDhLG2WyEZqL8TXRoZ04kCOxlRbJlRry+O86ophse1rlBJilyx4UVhKgnGpF8naQjNGcqOJZRpYd9KWItqytCWnrUleKNf/k+u94reYfHgcj9/ejZsAzKwDhtQAA+O4BQuoARlYPAIr/AOH86T8+b0nM/h6ITzk1mDP3C+vgE3A7BL</latexit>

s(x ! �1) ! 0 , s(x ! +1) ! 1

Arbitrary function to be approximated
<latexit sha1_base64="S0FqhaZUf0QMnuHltG6Bi/XLJTc="></latexit>

f(x) : [0, 1]Di ! RDo

Single hidden layer:
<latexit sha1_base64="ydufhHx1bTdVLiVxzPLEoJmPmaw="></latexit>

j 2 Out ; N(x)j =
X

k2H

s

 
X

i2In

xiwik + bk

!
hkj

weights w weights h
biases b

For all ε > 0, there is a 1-hidden layer NN approximant N(x) such that:
<latexit sha1_base64="FRWVJpDMLnxfxi1AkyLbgpyU3s8="></latexit>

|N(x)� f(x)| < " , 8x 2 [0, 1]Di



Intuitive view of universal 
approximation theorem
See M.Nielsen’s online book Chap 4
and Javier Robledo-Moreno (PhD thesis, in preparation) –
- gratefully acknowledged for discussions and pictures

One unit à step behavior: w controls width, s=-b/w controls location of step
Here the sigmoid 1/(1+e-x) is used

Image Credit: Javier Robledo-Moreno



2 Neurons with opposite output weights  
à `Crenel’ function

Image Credit: Javier Robledo-Moreno

Pairwise 
(h,-h) 
Weights à

<latexit sha1_base64="Jj6QclxTtTPrvl2Iy2FFeI1jKng=">AAACEnicbVDLTgIxFL3jE/GFunTTSEwgKs4QXzuJblxiIo8EJqRTCjR0OpO2oxDCN7jxV9y40Bi3rtz5F36C5RGj4EmanHvOvbm9xws5U9q2P62Z2bn5hcXYUnx5ZXVtPbGxWVRBJAktkIAHsuxhRTkTtKCZ5rQcSop9j9OS174c+KVbKhULxI3uhtT1cVOwBiNYG6mWSFdxGMqgU91HLVRRrClSnT2v5hzepQ9+qqyp3FoiaWfsIdA0ccYkef4FQ+RriY9qPSCRT4UmHCtVcexQuz0sNSOc9uPVSNEQkzZu0oqhAvtUub3hSX20a5Q6agTSPKHRUP090cO+Ul3fM50+1i016Q3E/7xKpBtnbo+JMNJUkNGiRsSRDtAgH1RnkhLNu4ZgIpn5KyItLDHRJsW4CcGZPHmaFLMZ5yRzfH2UzF2M0oAYbMMOpMCBU8jBFeShAATu4RGe4cV6sJ6sV+tt1DpjjWe24A+s92+ul50E</latexit>

⇡ h[sign(x+ b1/w)� sign(x+ b2/w)]



Better approximants for increasing 
hidden layer width:

Image Credit: Javier Robledo-Moreno



The approximation theorem says nothing about how 
many parameters we need to reach a given precision!

Cybenko, 1989

cf. Ergodicity in Statistical Mechanics: good to know when it applies, 
But its not the fundamental reason why the Boltzmann/Gibbs equilibrium 
ensemble works! 

For recent progress and conjectures on this, see Lu et al. arXiv:1709.02540



Underfitting and Overfitting:
The Bias-Variance Trade-Off

Image Credit: A.Dawid et al. arXiv:2204.04198

Outlier 
(noise)

High Bias High Variance



Underfitting and Overfitting:
The Bias-Variance Trade-Off
Function to be approximated (ground-truth): f(x)
Approximant for a given set of parameters: fθ(x)

Parameters optimized over noisy training sets
<latexit sha1_base64="GmwwHe55DOUqj2m/i3b5Qlde7MQ="></latexit>

D = {(yi, xi)} , yi = f(xi) + "

In the following averages <…> are taken over both the training sets and 
the random noise. 

Estimate the generalization error by averaging over many training sets
Prediction error for a given value of x:

<latexit sha1_base64="rZECuDFYbKvuk2YXxHmonZNZw0s="></latexit>

Err(x) = h[f(x) + "� f✓(x)]
2i



Underfitting and Overfitting:
The Bias-Variance Trade-Off
An easy calculation yields:

<latexit sha1_base64="kfRYLg8R1hSyLE3VAvBLt8V6sPM="></latexit>

Err(x) = Bias2 +Var + h"2i
<latexit sha1_base64="zA2YkfzB0J3vahORA9s5haQEa18="></latexit>

Bias = hf✓(x)i � f(x)

Var =
⌦
(f✓(x)� hf✓(x)i)2

↵



Underfitting 
and 
Overfitting:
The Bias-
Variance 
Trade-Off

The bias-variance trade-off: conventional view

Image Credit: A.Dawid et al. arXiv:2204.04198
Adapted from Hasti et al. (Springer) 

Generalization

Training

Optimal Capacity



Over-Parametrization Is Good! 
`Double Descent’

Belkin et al. arXiv:1812.111118, PNAS 116 (2019)
See comment by Loog et al. PNAS 117 (2020)

Our intuition is biased by polynomial fitting: in ML, higher capacity may lead to 
smoother interpolation – hence better generalization



Optimisation Landscape: Topology of 
the space of parameters?
Much yet to be understood…

• Many nearly-degenerate minima with zero or low 
training error
• Some have poor generalization properties (non-

smooth interpolation in the space of data)
• Some have good generalization (smooth 

interpolations)
• Minima disconnected à Glassy
• Minima actually connected by valleys ?

Discussions on these points with Javier Robledo-Moreno 
gratefully acknowledged





Applications of ML to Quantum 
Physics (Selected Examples – with some of the 
papers to be discussed during these lectures)

• Neural Quantum States:
• Parametrize the (ground-state) wave-function of a many-

body quantum system ψ(x1,…,xN) by a NN and optimize the 
parameters to lower the energy

• Loss function: variational energy

Science 355, 602 (2017)

à Lectures 2 and 4
Seminars by F.Vicentini, 
G.Carleo, J.Carrasquilla



Reconstructing The Wave-Function From a 
Sequence of (Projective) Measurements: 
`Quantum Tomography’
à Lecture 3
and seminar by J.Carrasquilla



Learning the Hamiltonian from 
Measurements (not covered in these lectures)

arXiv:2209.14328

For reference - most likely, we won't have time to discuss this in these lectures



Phase Classification
(not covered in these lectures)

Classical Ising Model

Antiferromagnetic 
Transition in the 
Hubbard Model

In those examples:
From Monte Carlo Data



Control of Quantum Systems
(not covered in these lectures)

For reference only - we won't have time to discuss this in these lectures



Better Density Functionals from ML
(Lectures 5-6, time permitting…)

Nature Reviews 4, 357 (2022)

Science 374, 1385 (2021)

Nature Communications (2020)



Accelerating Molecular Dynamics by 
Learning Force Fields from DFT
Seminar by Ambroise van Roekeghem, June 6

Online lecture by Gabor Csanyi:
https://www.youtube.com/watch?v=ZjBff6-5amo

https://www.youtube.com/watch?v=ZjBff6-5amo


Some Useful General Refs on ML 
with a Focus on Quantum Systems
• J.Carrasquilla Machine learning for quantum matter 

Advances in Physics 2020, Vol 5 1797528
• A.Dawid et al. Modern applications of machine 

learning in quantum sciences (Lecture Notes) 
arXiv:2204.04198
• J.Carrasquilla and G.Torlai How To Use Neural 

Networks To Investigate Quantum Many-Body 
Physics PRX Quantum 2, 040201 (2021) (Tutorial)
• J.Schmidt et al. Recent advances and applications of 

machine learning in solid-state materials science 
npj Computational Materials (2019)

Online Journal Club (every 2 weeks): http://ultracold.org/menu/

http://ultracold.org/menu/

