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Le site web est en ligne
DatInG : Data Intelligence Group La science en marche!
Equipe SIGMA (Signals, Models and Applications)

Les compétences de I'équipe SIGMA reposant sur des fondements solides en statistiques et en géométrie, ses membres s'intéressent aux objets
mathématiques extraits de mesures physiques comme par exemple les images, la lumiére polarisée, les sons, les vidéos or encore les capteurs
chimiques ou de turbulence. Ces signaux et leurs propriétés sont traités en utilisant le formalisme Bayésien, la théorie des fonctions de croyance,
la géométrie de I'information ou la théorie de I'information.

Avec pour dénominateur commun le traitement et la modélisation statistique des signaux, nos activités de recherche s'inscrivent dans les
communautés relavant de I'inférence Bayésienne, de la théorie e la décision évidentielle, de imagerie polarimétrique ou de la sécurité de
Vinformation.

L'équipe SIGMA s'appuie également sur des relations fortes avec le master Decision et Analyse de Données de I'Ecole Centrale de Lille, et 'option
de traitement statistique du signal de Telecom-Lille.

Tilustrations de nos recherches:
= Inference Bayesienne et méthodes de Monte-Carlo: suivi d'objets vidéo, modélisation inverse (remontée aux données sources)
= Fusion de données: prise de décision & partir d'un réseau de capteurs

= Sécurité de I'information: détection dintrusion et de signals faibles; authentification automatique de documents imprimés
= Imagerie polarimétrique: détection dartefacts sur des matériaux.

T —
> 13 permanents.
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Rémi Bardenet

I am a CNRS junior permanent researcher at University of Lille, France, working on
computational statistics. My research interests include Monte Carlo methods,
probabilistic modelling, machine learning, and applications to physics and biology.

Tam a member of team SigMA of CRIStAL, the department of computer science, signal
processing and automatics.

News: I will be the PI of ANR grant BoB, to start in October 2016, on "Bayesian
statistics for expensive models and tall data".

Université
de Lille
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Bayesian inference

» A biologist decides on
> a likelihood p(x|0),
» a prior p(6),
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Bayesian inference

» A biologist decides on
> a likelihood p(x|6),
» a prior p(6),
» Then he has implicitely decided on

> a posterior p(0]x) = w.
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Bayesian inference

» A biologist decides on
> a likelihood p(x|0),
» a prior p(6),

» Then he has implicitely decided on
» a posterior p(0|x) = w.

» Bayesian inference is all about computing integrals

/ h(6)p(6]x)do.
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Bayesian inference

» A biologist decides on
> a likelihood p(x|6),
» a prior p(6),

» Then he has implicitely decided on
» a posterior p(0|x) = M

» Bayesian inference is all about computing integrals

/ h(6)p(6]x)d0

» MCMC samples an ergodic Markov chain (0¢);=1,.. 7 with
stationary distribution p(-|@), so that when T — o0,

TZh(ef JECLY ]ﬁmo,a%.
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Bayesian inference

» A biologist decides on
> a likelihood p(x|6),
» a prior p(6),

» Then he has implicitely decided on
» a posterior p(0|x) = M

» Bayesian inference is all about computing integrals

/ h(6)p(6]x)d0

» MCMC samples an ergodic Markov chain (0¢);=1,.. 7 with
stationary distribution p(-|@), so that when T — o0,

TZh(ef JECLY ]ﬁmo,a%.

» Sampling (0¢)¢=1,... 7 requires T likelihood evaluations.
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Tall data

» Assume data are independent conditional on 6,

p(xi0) = [ p(10)
i=1

» Can you get the same central limit theorem while never
evaluating all terms in the product?
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Tall data

v

Assume data are independent conditional on 6,

p(xi0) = [ p(10)
i=1

» Can you get the same central limit theorem while never
evaluating all terms in the product?

v

Yes [1], sometimes using o(n) datapoints per iteration! [2]

v

Unanswered yet: What is the equivalent of stochastic gradient
for integration?
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Metropolis-Hastings

MH (p(x|0), p(9), q(0'0), bo, Niter, X)
1 for k < 1 to Niter
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Metropolis-Hastings

MH (p(x|0), p(9), q(0'0), bo, Niter, X)

1 for k < 1 to Nier
2 0« (9[(,1
3 0" ~ q(.19),
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Metropolis-Hastings

MH (p(x[0), p(6), q(¢']0), b0, Niter, X)
1 for k < 1 to Niter
2 0+ 0,1
3 0 ~ q(.19),
4 [17_1 p(xil0")p(0") a(616")

&= I, pCal0)p(8) a(0'70)
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Metropolis-Hastings

MH (p(x|0), p(0), q(0'|0), O, Niter, X)
1 for k < 1 to Niter
2 0+ 0,1
3 0" ~ q(.10), u ~Ug,),
_ I 1 p(xil0")p(0") a(616")
4 O = T oG )pE) 0T0)
5 if u<a
6 O 0 > Accept
7 else 0, < 0 > Reject
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Metropolis-Hastings

MH (p(x[0), p(6), q(¢']0), b0, Niter, X)
1 for k < 1 to Niter
2 0+ 0,1
3 0"~ q(.10), u~Up,1),
o
5 if u<a
6 O 0 > Accept
7 else 0, < 0 > Reject
8 return (0x)k=1,.. Ny,
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Subsampling approaches

MH (p(x0), p(0), a(¢'0), bo, Nicer, X)

1 for k < 1 to Niger

2 0+ 041

3 0"~ q(.10), u ~ U,
4

[1iny P(xil0")p(0") q(0]0")

¥ = I, p(xi10)p(0) a(6'10)

5 if u<a

6 O — 0 > Accept
7 else 0, < 0 > Reject
8 return (04 )k=1,..n,

iter
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Subsampling approaches

MH (p(x|0), p(8), a(¢'|0), b0, Niter, X)
1 for k < 1 to Nijer
2 0+ 041
3 0"~ q(.|0), u~Uo,1),
4 (v, 0,0") + %Iog [u%}
5 An(0,0') « 1507, log | 20050
6 if An(6,0') > (u, 6,6
7 O < 0 > Accept
8 else 6, < 0 > Reject
9 return (04 )k=1, N,

» Can we use

N0, 0 lo il
0.0)= L v Fenlk

i=1
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Concentration inequalities

v

Let § >0, 6,6’ € ©. We can find (t, c:(6)) such that

P(IAL(0,0') — An(0,0)] < ce(5)) > 1 — 6.

v

For example, sampling without replacement, we prove [3]

) oo
ct(5):---x\/1—t/n%+---x 050'

is valid, where Cyp ¢ = maxi<i<n|log p(x;j|6") — log p(x;|6)|.

v

Assume you can compute Cy g/ in o(n) time.

v

Can we make the right decision with probability 1 — 67
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An adaptive choice of t

» Given 6,0 € © and u € [0, 1], an adaptive choice of t can
guarantee we know whether

An(0,0) > (u,6,6")

with probability 1 — §.

¢ <

*
An AIOOO |

2¢1000(01)

» Taking (J¢) such that >,.; d; < 4 gives the result by a union
bound. -

» This Markov kernel inherits the ergodicity of the original MH
kernel [1, 4].
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An adaptive choice of t

» Given 6,0 € © and u € [0, 1], an adaptive choice of t can
guarantee we know whether

An(0,0) > (u,6,6")

with probability 1 — §.

| ﬁ’ A0 An |

2¢2000(02)

» Taking (J¢) such that >,.; d; < 4 gives the result by a union
bound. -

» This Markov kernel inherits the ergodicity of the original MH
kernel [1, 4].
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An adaptive choice of t

» Given 6,0 € © and u € [0, 1], an adaptive choice of t can
guarantee we know whether

An(0,0) > (u,6,6")

with probability 1 — §.

,g} | AZ‘OOO A.W

2¢4000(03)

» Taking (J¢) such that >,.; d; < 4 gives the result by a union
bound. -

» This Markov kernel inherits the ergodicity of the original MH
kernel [1, 4].
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Confidence MH with 2nd order Taylor proxy on a toy example

» X ~N(0,1),
> p(-10) = N (|, 0?).
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Confidence MH with 2nd order Taylor proxy on a toy example

» X ~ LogNormal(0, 1),
> p(:10) = N(-|m, 0?).
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A saturation phenomenon

» Toy 2D logistic regression.
» We can use 2nd order Taylor proxies in this case.

5 .

n | 1@10”:3
mEm g yn=4

31 mmm lgyn =75

o, EEE lgyn =6

1 3 lggyn=7

) [

6 -5 -4 -3 -2 —1 0 1

Figure: Histograms of the number of likelihood evaluations

> We seem to have hit the sample complexity of the problem!
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Open issues

v

An explicit relation between § and the computational budget.

v

Clear recommendations as to when to use Laplace and when
to be a proper Bayesian.

How do we take into account various data access constraints?

v

v

Shouldn't we go up one step and start from cost-aware loss
functions, then rederive algorithms?

To go further
Our exhaustive (in 2016) review of MCMC for tall data [2]
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> Les responsables de séminaires peuvent contacter Benjamin

Rémi Bardenet
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Serminire univ-IlleLttaxcnomy/term/11

Dates - start date Title

s gresertan or cquto_ | | 1 eauato

1 B3

ication de la répulsion et I'estimation paramétrique pour les
Prodessus ponciuels determinantaux
Christophe Biscio
Aalborg University.
30/11/2016 - 14:00
Read more

Géométrie des champs aléatoires de type shot noise: résultats dans le cas
issonnien et ives dans le cas i

Agnis Desolneux

CNRS-Cachan

25/11/2016 - 13:00
Read more

Systemes de particules, exposants KPZ, et processus déterminantaux :
comment sont-ils reliés ? (suite)

Marielle Simon
NRIA
21/10/2016 - 13:00

Systémes de particules, exposants KPZ, et processus déterminantaux :
mment sont-ils reliés ?

Marielle Simon

INRIA
21/10/2016 - 11:00
Read more

Guedj ou moi-méme.

@ | Q Rechercher

Shibboleth Login

« January »

= 15A Linear and multiinear algebra;
matrix theory > Basic linear algebra

= 35 Partial differential equations >
General topics

= 41A Approximations and expansions

= 608 Probability theory and stochastic

» 62G Statistics > Nonparametric
inference

= 62H Statistics > Multivariate analysis

= 62L Statistics > Sequential methods

wE .-

= R. Babbar (Max Planck): TBA
Rohit Babbar
Vo Panck Tnsttute for Inteligent
Systems
12/01/2017 -
11:00 to 12:00

Benjamin Gued)

Télécom parisTech, Paris
16/01/2017 -
14:00to 15:15

Olivier Lopez
Université Pierre et Marie Curie
17/01/2017 -
14:00 to 16:00
BA

b
Daniele Calendriello
Inria Sequel

20/01/2017 - 11:00
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