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Welcome to the post-Bayes seminar series !

At a glance/website : Link https://tinyurl.com/postBayesWebsite

Where to subscribe to mailing list : Link

Where to subscribe to calendard : Link

Where to attend the seminars : Link

Where recorded seminars are stored : Link

Please share widely !
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Welcome to the post-Bayes seminar series !

During talk :

Use Q/A function in zoom

Other questions can be upvoted

We will try to monitor questions and ask relevant ones in natural
breaks

After talk :

Raise your hand in zoom

We will do our best to decide who gets to ask a question fairly

We will do our best to resolve remaining questions in Q / A function

Pierre Alquier, ESSEC Business School PAC-Bayes
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Structure of Chapter 3 : PAC-Bayes

Prof. Pierre Alquier Today
PAC-Bayes : an introduction

Prof. Dan Roy 30/09 – Removing models and assump-
tions from Bayesian Decision Making

Prof. Yevgeny Seldin 07/10
Recursive PAC-Bayes

Prof. Pascal Germain 28/10
PAC-Bayes Hypernetworks

Prof. Benjamin Guedj 04/11 Rethinking Generalisation : Beyond
KL with Geometry and Comparators

Dr. Badr-Eddine
Dr. Chérief-Abdellatif

18/11 PAC-Bayes Meets Variational
Inference : Theory and Generalizations
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Generalization bounds and PAC-Bayes
Minimization of the PAC-Bayes bound
References

Objects x ∈ X , labels y ∈ Y .
Predictor : function fθ : X → Y indexed by θ ∈ Θ.

heron

hornbill

kingfisher

swallow

. . .

Pierre Alquier, ESSEC Business School PAC-Bayes
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Generalization bounds and PAC-Bayes
Minimization of the PAC-Bayes bound
References

Prediction error measured through loss function ℓ :

ℓ
(
y , fθ(x)

)
.

Risk :
R(θ) := E(X ,Y )∼P

[
ℓ
(
Y , fθ(X )

)]
.

where P is the probability distribution of pairs
object-label we want to learn to classify.
Objective :

R∗ = inf
θ∈Θ

R(θ).

Data (X1,Y1), . . . , (Xn,Yn) i.i.d. from P. Empirical risk :

Rn(θ) =
1
n

n∑
i=1

ℓ
(
Yi , fθ(Xi)

)
.

Pierre Alquier, ESSEC Business School PAC-Bayes



PAC-Bayes bounds : introduction
Relevance of PAC-Bayes in the post-Bayes community

Generalization bounds and PAC-Bayes
Minimization of the PAC-Bayes bound
References

Toy example :
X uniform on [0, 1],
Y = |2X − 1|+ ϵ.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Prediction by regular histogram with k-bins.
ℓ(y , fθ(x)) = (y − fθ(x))

2.
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Law of large numbers : for a fixed θ,

Rn(θ) =
1
n

n∑
i=1

ℓ
(
Yi , fθ(Xi)

)
−−−→
n→∞

R(θ).

But θ̂ = θ̂((X1,Y1), . . . , (Xn,Yn)) = θ̂(S) learnt from data.

Can we quantify R(θ̂)− Rn(θ̂) when θ̂ is learnt ?

Various approaches :
Vapnik-Chervonenkis theory,
algorithmic stability,
information bounds : MDL, PAC-Bayes, etc.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Assumption for whole lecture
Unless specified otherwise, 0 ≤ ℓ ≤ 1 and data is i.i.d. from P .

Vapnik-Chervonenkis – classification (Y = {0, 1})

With probability at least 1 − δ on the data, for any θ̂ learnt
from the data,

R(θ̂) ≤ Rn(θ̂) +

√
8d log

(
2en
d

)
+ 8 log

(
4
δ

)
n

where d : the VC-dimension of the set of classifiers (fθ, θ ∈ Θ).

Pierre Alquier, ESSEC Business School PAC-Bayes
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Statistical estimation / ERM etc.

data estimator

(X × Y)n Θ

S θ̂ = θ̂(S)

Randomized estimators :

(X × Y)n M(Θ) Θ

S ρ̂ = ρ̂(S) θ
θ∼ρ̂

Pierre Alquier, ESSEC Business School PAC-Bayes
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McAllester’s PAC-Bayes bound
Fix a prior distribution π ∈ M(Θ). With probability at least
1 − δ on the data S, for any probability distribution ρ learnt
on the data,

Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)] +

√√√√KL(ρ∥π) + log
(

2
√
n

δ

)
2n

.

KL(ρ∥π) = Küllback-Leibler divergence between ρ and π

ρ can be learnt on the data, so if we have a randomized
estimator ρ̂ in mind, we can apply the bound to ρ = ρ̂.
we will see later that the bound is helpful to define good
randomized estimators ρ̂.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Intuition on KL :

π uniform on A

π(θ) =
1A(θ)
V(A)

ρ uniform on B

ρ(θ) =
1B(θ)
V(B)

dρ
dπ

not defined here.

B ⊈ A ⇒ KL(ρ∥π) = +∞.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Intuition on KL :

π uniform on A

π(θ) =
1A(θ)
V(A)

ρ uniform on B

ρ(θ) =
1B(θ)
V(B)

B ⊆ A ⇒ dρ
dπ

(θ) =
V(A)1B(θ)

V(B)

KL(ρ∥π) = Eθ∼ρ

[
log

dρ
dπ

(θ)

]
= log

V(A)
V(B)

.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Intuition on KL :

Bd (x , r) ball centered on x , with radius r in Rd

V(Bd (x , r)) =
rdπ

d
2

Γ( d2 + 1)

π uniform on A = Bd(0,C )
ρ uniform on B = Bd(θ0, ϵ)

KL(ρ∥π) = log
V(A)
V(B)

= d log
C

ϵ
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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McAllester’s PAC-Bayes bound

Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)] +

√√√√KL(ρ∥π) + log
(

2
√
n

δ

)
2n

.

π uniform on Θ = Bd(0,C )
ρ = ρ̂ uniform on Bd(θ̂, ϵ)

Eθ∼ρ̂[R(θ)] ≤ Eθ∼ρ̂[Rn(θ)] +

√√√√d log C
ϵ
+ log

(
2
√
n

δ

)
2n

.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Toy classification example :
Xi ∈ [−1, 1],
classifiers (fθ)θ∈[−1,1] given by

fθ(x) =

{
0 if x ≤ θ
1 if x > θ.

Yi = fθ∗(Xi).

Pierre Alquier, ESSEC Business School PAC-Bayes
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Vapnik-type bound :

R(θ̂) ≤

√
8 log (2en) + 8 log

(
4
δ

)
n

Pierre Alquier, ESSEC Business School PAC-Bayes
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PAC-Bayes :
π uniform on [−1, 1],
ρ̂ uniform on [a, b].

Eθ∼ρ̂[R(θ)] ≤

√√√√ log 2
b−a

+ log
(

2
√
n

δ

)
2n

.

Pierre Alquier, ESSEC Business School PAC-Bayes
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McAllester’s PAC-Bayes bound
Fix prior π ∈ M(Θ). With proba. at least 1 − δ, ∀ρ ∈ M(Θ),

Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)] +

√√√√KL(ρ∥π) + log
(

2
√
n

δ

)
2n

.

√
a

b
= inf

λ>0

{
a

λ
+

λ

4b

}
.

Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)]

+ inf
λ>0

{
KL(ρ∥π) + log

(
2
√
n

δ

)
λ

+
λ

8n

}
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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∀λ > 0, Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)]

+
KL(ρ∥π) + log

(
2
√
n

δ

)
λ

+
λ

8n
.

Definition - Gibbs posterior

π̂λ(dθ) =
exp(−λRn(θ))

Eϑ∼π[exp(−λRn(ϑ))]
π(dθ).

Theorem

π̂λ = argmin
ρ∈M(Θ)

{
Eθ∼ρ[Rn(θ)] +

KL(ρ∥π)
λ

}
.

Sampling from π̂λ by Monte-Carlo techniques...
Pierre Alquier, ESSEC Business School PAC-Bayes
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Approximate minimization of the PAC-Bayes bound.
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∀λ > 0, Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)]

+
KL(ρ∥π) + log

(
2
√
n

δ

)
λ

+
λ

8n
.

Alternative approach : optimize ρ in a smaller set F ⊊M(Θ).

Definition - variational approximation of Gibbs posterior

ρ̃λ = argmin
ρ∈F

{
Eθ∼ρ[Rn(θ)] +

KL(ρ∥π)
λ

}
.

Example : ρ = N (µ,Σ), optimize (µ,Σ).

Pierre Alquier, ESSEC Business School PAC-Bayes
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Example : Gaussian prior π, and we optimize a Gaussian
posterior ρ :

π = N (µ0,Σ0) and ρ = N (µ1,Σ1) in Rd .

KL(ρ∥π) = 1
2

[
tr(Σ1Σ0

−1)− d

+ (µ1 − µ0)
TΣ0

−1(µ1 − µ0) + log
detΣ0

detΣ1

]
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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π = N (µ0,Σ0) and ρ = N (µ1,Σ1) in R.

KL(ρ∥π) = 1
2

[
Σ1

Σ0
− 1 +

(µ0 − µ1)
2

Σ0
+ log

Σ0

Σ1

]
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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If µ1 goes far away from µ0 to ∞,

KL(ρ∥π) ∼ (µ0 − µ1)
2

2Σ0
→ ∞.

Pierre Alquier, ESSEC Business School PAC-Bayes
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If Σ1 → 0,

KL(ρ∥π) ∼ 1
2
log

Σ0

Σ1
→ ∞.

Pierre Alquier, ESSEC Business School PAC-Bayes
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With a sharp minimum, to keep

Eθ∼N (θ̂,Σ1)
[Rn(θ)] ∼ Rn(θ̂),

Σ1 should be small, and thus KL(ρ∥π) will be large.
Pierre Alquier, ESSEC Business School PAC-Bayes
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With a flat minimum,

Eθ∼N (θ̂,Σ1)
[Rn(θ)] ∼ Rn(θ̂)

for Σ1 “not so small”, thus KL(ρ∥π) does not have to be large.
Pierre Alquier, ESSEC Business School PAC-Bayes
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Application : generalization bounds for deep learning.
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Train a neural network for
classification (0-1 loss).

Vapnik-type bound usually
lead to something larger
than 1, for example :

R(θ̂) ≤ 35.4

As R(θ̂) = P(Y ̸= fθ̂(X )),
the bound brings no infor-
mation (vacuous).

Pierre Alquier, ESSEC Business School PAC-Bayes
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Results taken from :

Dzuigaite, G. K. and Roy, D. M. (2017). Computing Nonvacuous Generalization Bounds for Deep
(Stochastic) Neural Networks with Many More Parameters than Training Data. UAI.
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Seminal paper, that
contains the bound stated
earlier today.

Since then, various bounds
published :

tighter,
with less assumptions
(i.i.d, bounded loss),
easier to optimize,
...

Pierre Alquier, ESSEC Business School PAC-Bayes
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Seeger, M. (2002). PAC-Bayesian generalisation error bounds for Gaussian process classification.
Journal of Machine Learning Research.

Maurer, A. (2004). A note on the PAC-Bayesian theorem. Arxiv preprint arXiv :cs/0411099.

Tolstikhin, I. and Seldin, Y. (2013). PAC-Bayes-empirical-Bernstein inequality. NeurIPS.

Tolstikhin and Seldin’s PAC-Bayes bound, 2013
With proba. at least 1 − δ, for any ρ,

Eθ∼ρ[R(θ)] ≤ Eθ∼ρ[Rn(θ)]

+

√
2Eθ∼ρ[Rn(θ)]

KL(ρ∥π) + log 2
√
n

δ

n

+ 2
KL(ρ∥π) + log 2

√
n

δ

n
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Eθ∼ρ[R(θ)] ≤������������
√√√√ log 2

b−a
+ log

(
2
√
n

δ

)
2n

.

Eθ∼ρ[R(θ)] ≤ 2
log 2

b−a
+ log

(
2
√
n

δ

)
n

.

Pierre Alquier, ESSEC Business School PAC-Bayes
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References

Bound on Eθ∼ρ[R(θ)] → bound on R[Eθ∼ρ(θ)] :

Germain, P., Lacasse, A., Laviolette, F., Marchand, M. and Roy, J.-F. (2015). Risk bounds for the
majority vote : from a PAC-Bayesian analysis to a learning algorithm. Journal of Machine
Learning Research.

Masegosa, A., Lorenzen, S., Igel, C. and Seldin, Y. (2020). Second order PAC-Bayesian bounds
for the weighted majority vote. NeurIPS.

Tight bound that allows to recover all the above, and more :

Germain, P., Lacasse, A., Laviolette, F. and Marchand, M. (2009). PAC-Bayesian learning of
linear classifiers. ICML.

François Laviolette (1962-2021).
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Classical references :

Connections with information theory
and MDL, oracle inequalities, rates of

convergence.

Tighter bounds, oracle inequalities,
applications to Support Vector

Machines.
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Both available on arXiv...

Pierre Alquier, ESSEC Business School PAC-Bayes



PAC-Bayes bounds : introduction
Relevance of PAC-Bayes in the post-Bayes community

Rates of convergence
Analysis of generalized posteriors
Mutual Information bounds : optimizing the prior

1 PAC-Bayes bounds : introduction
Generalization bounds and PAC-Bayes
Minimization of the PAC-Bayes bound
References

2 Relevance of PAC-Bayes in the post-Bayes community
Rates of convergence
Analysis of generalized posteriors
Mutual Information bounds : optimizing the prior

Pierre Alquier, ESSEC Business School PAC-Bayes



PAC-Bayes bounds : introduction
Relevance of PAC-Bayes in the post-Bayes community

Rates of convergence
Analysis of generalized posteriors
Mutual Information bounds : optimizing the prior

Catoni’s PAC-Bayes bound, 2003
Fix λ > 0 and π. With proba. at least 1 − δ on S, for any ρ̂,

Eθ∼ρ̂[R(θ)] ≤ Eθ∼ρ̂[Rn(θ)] +
KL(ρ̂∥π) + log 1

δ

λ
+

λ

8n
.

Catoni’s PAC-Bayes bound in expectation, 2003
Fix λ > 0, π and a randomized estimator ρ̂.

ES

[
Eθ∼ρ̂[R(θ)]

]
≤ ES

[
Eθ∼ρ̂[Rn(θ)] +

KL(ρ̂∥π)
λ

+
λ

8n

]
.

Catoni, O. (2003). A PAC-Bayesian approach to adaptive classification. Preprint LPMA 840.

Zhang, T. (2006). Information-theoretic upper and lower bounds for statistical estimation IEEE
Transactions on Information Theory.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Reminder – Gibbs posterior

π̂λ = argmin
ρ∈M(Θ)

{
Eθ∼ρ[Rn(θ)] +

KL(ρ∥π)
λ

}
π̂λ(dθ) =

exp(−λRn(θ))

Eϑ∼π[exp(−λRn(ϑ)]
π(dθ).

Consequence of PAC-Bayes bound in expectation :

Catoni’s PAC-Bayes oracle bound, 2003
Fix λ > 0, π, and let π̂λ be the Gibbs posterior.

ES

[
Eθ∼π̂λ

[R(θ)]
]
≤ inf

ρ∈M(Θ)

[
Eθ∼ρ[R(θ)] +

KL(ρ∥π)
λ

+
λ

8n

]
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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ρ = πδ := restriction of π to {θ : R(θ) ≤ R∗ + δ}.

Pierre Alquier, ESSEC Business School PAC-Bayes



PAC-Bayes bounds : introduction
Relevance of PAC-Bayes in the post-Bayes community

Rates of convergence
Analysis of generalized posteriors
Mutual Information bounds : optimizing the prior

Definition : the prior mass condition is satisfied if there are
C , d > 0 such that, for any δ > 0 small enough,

log
1

π{θ : R(θ) ≤ R∗ + δ}
≤ d log

C

δ
.

Theorem - excess risk bound
Assume the prior mass condition with C , d > 0.
Fix λ =

√
n/d log(d/n), and let π̂λ be the Gibbs

posterior.

ES

[
Eθ∼π̂λ

[R(θ)]
]
≤ R∗ +O

(√
d

n
log

n

d

)
.

Conditions for faster rates : see Catoni’s book...
Pierre Alquier, ESSEC Business School PAC-Bayes
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θ̂MLE = argmax
θ∈Θ

n∏
i=1

pθ(Xi)

= argmax
θ∈Θ

∏n
i=1 pθ(Xi)∏n
i=1 pθ0(Xi)

= argmin
θ∈Θ

1
n

n∑
i=1

log
pθ0(Xi)

pθ(Xi)
.

The MLE can be seen a special case of ERM with the risk

Rn(θ) :=
1
n

n∑
i=1

log
pθ0(Xi)

pθ(Xi)
a.s.−−−→

n→∞
KL(Pθ0∥Pθ) =: R(θ).

Notation : “log-likelihood ratio”

LRn(θ0, θ) :=
1
n

n∑
i=1

log
pθ0(Xi)

pθ(Xi)
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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As LRn(θ0, θ) is not bounded in general, we cannot apply
McAllester’s bound.

PAC-Bayes bound for statistical inference
Fix α ∈ (0, 1) and a prior π,

ESEθ̂Dα(Pθ̂∥Pθ0) ≤
ES

[
Eθ̂∼ρ̂

[
α LRn(θ0, θ̂)

]
+ KL(ρ̂∥π)

n

]
1 − α

where Dα is the Rényi divergence.

Bhattacharya, A., Pati, D. and Yang, Y. (2019). Bayesian fractional posteriors. The Annals of
Statistics.
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ESEθ̂Dα(Pθ̂∥Pθ0) ≤
ES

[
Eθ̂∼ρ̂

[
α LRn(θ0, θ̂)

]
+ KL(ρ̂∥π)

n

]
1 − α

.

The right-hand side is minimized by

ρ̂(dθ) ∝ exp (−αnLRn(θ0, θ))π(dθ)

=
( n∏
i=1

pθ(Xi)
)α

π(dθ).

Used by
Alquier, P. and Ridgway, J. (2020). Concentration of tempeblack posteriors and of their
variational approximations. The Annals of Statistics.

to prove rates of convergence for tempered posteriors and
variational approximations.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Reminder – Catoni’s PAC-Bayes bound, 2003
Fix λ > 0 and π. With proba. at least 1 − δ on S, for any
randomized estimator ρ̂,

Eθ∼ρ̂[R(θ)] ≤ Eθ∼ρ̂[Rn(θ)] +
KL(ρ̂∥π) + log 1

δ

λ
+

λ

8n
.

For λ and π are fixed, this motivated the introduction of the
Gibbs posterior ρ̂ = π̂λ, that minimizes the r.h.s. Then, we
applied the bound in expectation to derive rates of
convergence :

ES

[
Eθ∼π̂λ

[R(θ)]
]
≤ ES

[
Eθ∼π̂λ

[Rn(θ)] +
KL(π̂λ∥π)

λ
+

λ

8n

]
.

But... why did we keep the same λ and π ?
Pierre Alquier, ESSEC Business School PAC-Bayes
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PAC-Bayes bound in expectation – v2.0
Fix Λ > 0, Π and the randomized estimator ρ̂ (for
example ρ̂ = π̂λ).

ES

[
Eθ∼ρ̂[R(θ)]

]
≤ ES

[
Eθ∼ρ̂[Rn(θ)] +

KL(ρ̂∥Π)
Λ

+
Λ

8n

]
.

Thus,

ES

[
Eθ∼ρ̂[R(θ)]

]
≤ inf

Λ>0
inf

Π∈M(Θ)
ES

[
Eθ∼ρ̂[Rn(θ)] +

KL(ρ̂∥Π)
Λ

+
Λ

8n

]

= ES

[
Eθ∼ρ̂[Rn(θ)]

]
+ inf

Λ>0
inf

Π∈M(Θ)
ES

[
KL(ρ̂∥Π)

Λ
+

Λ

8n

]
.

Pierre Alquier, ESSEC Business School PAC-Bayes
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ES

[
Eθ∼ρ̂[Rn(θ)]

]
+ inf

Λ>0
inf

Π∈M(Θ)
ES

[
KL(ρ̂∥Π)

Λ
+

Λ

8n

]
,

the infimum is reached, as shown by :
Catoni, O. (2007). PAC-Bayesian supervised learning : the thermodynamics of statistical learning.
IMS lecture notes – monograph series.

ESKL(ρ̂∥Π) = ESKL(ρ̂∥ES ρ̂) + KL(ES ρ̂∥Π)︸ ︷︷ ︸
=0 if Π=ES ρ̂

.

ES ρ̂ ∈ M(Θ) defined by [ES ρ̂](E ) = ES [ρ̂(E )].
the first term in the r.h.s. has a nice interpretation...

Pierre Alquier, ESSEC Business School PAC-Bayes
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Let (U ,V ) ∼ P . Let PU and PV denote their marginals. If U
and V were independent, P = PU ⊗ PV .

Mutual information between two random variables

I(U ,V ) := KL(P∥PU ⊗ PV ).

Note : I(U,V ) depends on the distribution P of (U,V ), not on (U,V ). This is

confusing... remember that E(U) is not a function of U !

Proposition

I(U ,V ) = EU

[
KL(PV |U∥PV )

]
.

Thus,

ESKL(ρ̂∥Π) = ESKL(ρ̂∥ES ρ̂)︸ ︷︷ ︸
=:I(θ,S)

+KL(ES ρ̂∥Π)︸ ︷︷ ︸
=0 if Π=ES ρ̂

.

Pierre Alquier, ESSEC Business School PAC-Bayes
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ES

[
Eθ∼ρ̂[R(θ)]

]
≤ ES

[
Eθ∼ρ̂[Rn(θ)]

]
+ inf

Λ>0
inf

Π∈M(Θ)
ES

[
KL(ρ̂∥Π)

Λ
+

Λ

8n

]

= ES

[
Eθ∼ρ̂[Rn(θ)]

]
+ inf

Λ>0

[
I(θ,S)

Λ
+

Λ

8n

]
.

Mutual information bound

ES

[
Eθ∼ρ̂[R(θ)]

]
≤ ES

[
Eθ∼ρ̂[Rn(θ)]

]
+

√
I(θ,S)

2n
.

Russo, D. and Zou, J. (2019). How much does your data exploration overfit ? controlling bias via
information usage. IEEE Transactions on Information Theory.

Pierre Alquier, ESSEC Business School PAC-Bayes
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Mutual information bound

ES

[
Eθ∼ρ̂[R(θ)]

]
≤ ES

[
Eθ∼ρ̂[Rn(θ)]

]
+

√
I(θ,S)

2n
.

MI :

.
√

I(θ,S)
2n ..

PAC-Bayes :√
ESKL(ρ̂∥π)

2n

I(θ,S) = ESKL(ρ̂∥ES ρ̂) ≤ ESKL(ρ̂∥π)

Catoni :
optimize w.r.t. π

Pierre Alquier, ESSEC Business School PAC-Bayes
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Example

Assume a prior mass condition. Apply ������PAC-Bayes mutual
information bound :

ES

[
Eθ∼π̂λ

[R(θ)]
]
≤ R∗ +O

(√
d

n�
�
�

log
n

d

)
.

For classification : see Catoni’s book.

For log-likelihood and tempered posteriors :

EL Mahdi Khribch, Pierre Alquier (2024). Convergence of Statistical Estimators via Mutual
Information Bounds. Preprint arXiv :2412.18539.

Pierre Alquier, ESSEC Business School PAC-Bayes
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THANK YOU !

Contact information :
contact : alquier@essec.edu
webpage : https ://pierrealquier.github.io/

Many thanks to Richard III Cariño who helped with the drawings !

Pierre Alquier, ESSEC Business School PAC-Bayes
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