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Plan of the week

• Evaluation: Assiduity + Paper review

• Ressources: - Antoine’s lecture notes on high-d in inference 

- Bruno’s lecture notes on statistical physics of learning.

- Bruno’s lecture notes on scaling limits of SGD

https://anmaillard.github.io/assets/pdf/lecture_notes/2026_Orsay.pdf
https://brloureiro.github.io/assets/pdf/NotesPrinceton_BL.pdf
https://brloureiro.github.io/assets/pdf/psl_week_notes_sgd.pdf
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Statistical physics view of a  
“theory of machine learning”
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Theory of magnetism

HJ,h(s) = − J ∑
(ij)∈E

sisj + h∑
i∈V

si
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Theory of magnetism

HJ,h(s) = − J ∑
(ij)∈E

sisj + h∑
i∈V

si

s ∈ {−1, + 1}Nμβ(s) =
1

Zβ,J,h
e−βHJ,h(s)

a.k.a. the Ising Model

h = 0

βJ = 0 βJ = ∞

βJ

βJc

m =
1

|V | ∑
i∈V

si
Order 

parameter:

m = 0 |m | > 0

[Ising 1925; Onsager 1944]



Theory can mean different things.

How do I build and train a 
state-of-the-art neural net?

Fundamental principles 
that govern learning

Theory Engineering

Theory of machine learning?

Theory can mean different things.
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Supervised Learning

minimise Population 
Risk

Problems: •  In practice, does’t know , only  
• How to minimise over ?

ρ 𝒟
{f : ℝd → ℝ}

Empirical 
Risk

minimise

Learn   from data  fΘ : ℝd → ℝ 𝒟
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1
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Stat. Learning Theory

∀fΘ ∈ ℋ

[Bartlett, Mendelson ’03]

Where Rad(ℋ) =
1
n

𝔼 sup
fΘ∈ℋ ∑

i∈[n]

yi fΘ(xi)

ℛ(Θ) − ℛ̂n(Θ) ≤ Rad(ℋ) +
log(1/δ)

n

Theorem (Uniform convergence): with probability at least 1 − δ

Supervised binary classification (xi, yi) ∈ ℝd × {−1,1}, i = 1,⋯, n



[Zhang, Bengio, Hardt, Recht, Vinyals 17’]

∀fΘ ∈ ℋ ℛ(Θ) − ℛ̂n(Θ) ≤ Rad(ℋ) +
log(1/δ)

n

Theorem (Uniform convergence): with probability at least 1 − δ

Stat. Learning Theory
Supervised binary classification (xi, yi) ∈ ℝd × {−1,1}, i = 1,⋯, n
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Bias-Variance decomposition

f⋆(x) = argmin
f

ℛ( f ) = 𝔼[y |x]

For :ℓ(y, fΘ(x)) = (y − fΘ(x))2

Hence, for  the excess risk is given by: Θ̂ = Θ̂(X, y)

ℛ(Θ̂) − ℛ( f⋆) = 𝔼[( f⋆(x) − f(x; Θ))2]

= 𝔼X[Bias(Θ̂)2] + 𝔼X[Var(Θ̂)]

Bias(Θ̂)2 = 𝔼x [(f⋆(x) − 𝔼y [f(x; Θ̂)])
2

]
Var(Θ̂) = 𝔼x,y [(f(x; Θ̂) − 𝔼y [f(x; Θ̂)])

2

]

Where:
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From [Brown et al 2020]

Bias-variance trade-off



“Double descent”

Figure from [Belkin 21’]

[Belkin ’18]



[Nakkiran et al. ’19]

Parity-MNIST, 5 layers,  
fully-connected, no 

regularisation

zero 
training 	
error

[Geiger et al. ’18]

Number of parameters
CIFAR10, no regularisation

“Double descent” [Belkin ’18]
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Worst case can be hard



Effective dimension?

How many features / samples  needed to correctly learn?



Neural scaling laws [Kaplan et al. ’20]



Many questions, few answers
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Bad minima exist



Breiman’s suggestions

“Reflections after refereeing papers for NIPS”, Leo Breiman, 1995
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“Reflections after refereeing papers for NIPS”, Leo Breiman, 1995

Smells of… physics.

simple, solvable toy models
experiments

flexible maths 
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What about tools?



Physics of glasses

Temperature
“Liquid”

“Solid”

“Melting transition”



Physics of glasses

“Arrhenius law” 

τ ∝ eΔE



J. W. Gibbs 
(1839)



Physics of glasses

Temperature “Liquid”

“Glass”



Physics of glasses



“They make it possible to understand and 
describe many different and apparently 

entirely random materials and 
phenomena, not only in physics but also 

in other, very different areas, such as 
mathematics, biology, neuroscience and 

machine learning.”

Giorgio Parisi



“They make it possible to understand and 
describe many different and apparently 

entirely random materials and 
phenomena, not only in physics but also 

in other, very different areas, such as 
mathematics, biology, neuroscience and 

machine learning.”

“Talagrand used his knowledge of 
statistics and probability to prove 

limits on how spin glass matter can 
behave, and thereby completed 

the proof of Giorgio Parisi’s Nobel 
Prize winning work (2021).”

Giorgio Parisi Michel Talagrand



Other type of “glasses”
Traveling salesman problem: 


“Given a list of cities and the distances between each pair of 
cities, what is the shortest possible route that visits each city 

exactly once and returns to the origin city?” 



1983
Simulated annealing

S. Kirkpatrick C.D.  Gelatt M.P. Vecchi
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1985
The Hopfield Model

D. Amit H. Gutfreund H. Sompolinsky
G. Parisi M. Mézard M. Virasoro



And they were not alone…

"Only physicists were interested in 
neural networks at the time [...] My 

professional life truly shifted in 
February 1985 during a physics 

symposium in Les Houches, in the 
French Alps. There, I met the crème de 

la crème of international research 
interested in neural networks and 

gave my very first talk (in English!).”

From “Quand la Machine Apprend”

1985



And they were not alone…

From “Data Mining History: The 
Invention of Support Vector 

Machines”

I benchmarked neural networks against 
kernel methods with my Ph.D advisors Gerard 
Dreyfus and Leon Personnaz. The same year, 

two physicists working close-by (Marc Mezard 
& Werner Krauth) published a paper on an 
optimal margin algorithm called 'minover,' 

which attracted my attention…. but it was not 
until I joined Bell Labs that I put things 

together and we created support vector 
machines.

1985



1987
The Perceptron

c.f. [Cover 1967]
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1995



Final summary

Physics provide not only a conceptual framework 
to think about the challenges in ML but also a set 

of useful tools to solve them.

This will be subject of our next lectures.


