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Recent	EvoluHon	of	Perform
ances	in

	Im
age	classificaHon	

M
achine	Learning	/D

eep	Learning	goal	and	features	:			

To	construct	com
puter	system

s	that	autom
aHcally		im

proves	
through	experience	

Key	feature	
=	far	easier	to	train	a	system

	by	show
ing	input-output	exam

ples,	
that		to	program

	output	by	anHcipaHng	all	possible	inputs.	
=	scalability	to	«	Big	Data	»	sets,	data	m

ining	ability

Approaches	allow
ing		to	analyse	high	throughput

	data	in	a	novel	w
ay	
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Huge	incidence	in	
in	com

puter	science
in	industry	concerned	w

ith	data	intensive	
issuesin	«	em

pirical	sciences	»
social	sciences	
biology
cosm

ology…
Again	…

.	Because		M
L	allow

s	to	analyse	high	throughput
	data	in	a	novel	w

ay	

M
achine	learning	is	having	a	substan8al	effect	on	m

any
areas	of	technology	and	science;	exam

ples	of	recent	applied	success	stories
	include	robo8cs	and	autonom

ous	vehicle	control	(top	le@),	
speech	processing	and	natural	language	processing	(top	right),
neuroscience	research	(m

iddle),
and	applica8ons	in	com

puter	vision	(boCom
).	

Source	:	
M
achine	Learning:	Trends,	perspec8ves,	and	prospects

M
.I.Jordan,	T.M

.M
itchell,	Science	349,	255	(2015)
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Basic	com
ponents	for	N

N
,	DN

N
,	CN

N
Deep	N

N

ConvoluHonal	N
N

=>	O
n	n’a`end	pas	des	perf	«	opHm

ales	»…
m
ulHplicité	de	m

inim
a	locaux…
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«	Easy	»	access	to	m
assive

sets	a	(labeled)	data

(->	Privacy/security/N
etw

ork	throughput)

High	com
puHng	pow

er,
high	perf	G

PU

->Cost	of	Training	from
	m

assive	
am

ount	of	data

W
hat	are	the	challenges/problem

s	raised	?		



->	How
	to	theoreHcally	characterize		the	capabiliHes	of	a	(deep)	learning	algo?

*how
	accurately	does	the	algo	learn	from

	a	given	type	and	volum
e	of	training	data?

*how
	robust	is	the	M

L		algo	to	errors	in	the	m
odel	or	sensiHvity	to	m

issing	data?
*G

iven	a	learning	task	+	training	data,	
is	the	design	of	an	algorithm

	possible	(how
/	tractable?)	

(how
	m

uch	data,	w
hich	com

puta8onal	cost	for	a	given	task?)
Rk	:	DL	not	(yet)		used	in	criHcal	contexts	(Defense,	m

edicine,	…
)

à
	requires	blends	of		(in	addiHon	to	know

ledge	in	the	engineering	field	of	experHse)
Sta6s6cal	decision	theory,	
Com

puta6onal	com
plexity	theory

Inform
a6on	theory,	Sam

pling	theory,	
O
p6m

iza6on	m
ethods,	to	provide	bounds	on	convergence	rates

Com
puter	program

m
ing,	architecture,	data	m

anipula6on
=>	G

renoble	has	m
any	strength	in	this	perspecHve

I.E.	M
U
CH	M

O
RE	THAN

	«	BLACK	BO
X	BASED	»	soluHon	design	skills	omen	found

	
-	in	the	increasing	dem

and	from
	

-	m
any	students	

-	m
any	com

panies	offering	internships
-	or	even		in	som

e	published		(rank	A)	literature	:	

A	data	science	perspec6ve	to	define	key	scien6fic	and	prac6cal	goals	:
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G
uides	for	deep	learning	subm

issions	in	IEEE	T-IFS

	Aim
ing	to	strengthen	scien6fic	reproducibility	am

ong	our	peers,	this	docum
ent	lays	dow

n	som
e	guidelines	for	subm

issions	to	IEEE	T-IFS.
Reproducibility	is	one	aspect	that	should	be	assessed	by	review

ers	and	considered	by	the	AE	in	the	final	acceptance	decision.
The	guidelines	explicitly	refer	to	papers	dealing	w

ith	steganalysis	and	m
ulHm

edia	forensics,	how
ever	they	are	applicable	to	all	papers	subm

i`ed	to	T-IFS	in	w
hich	the	proposed	system

	relies	on	deep	learning.
Thanks	to	recent	advances	in	m

achine	learning,	forensic	and	steganalyHc	a`acks	have	grow
n	in	sophisHcaHon	and	com

plexity.	W
ith	m

ore	param
eters,	it	becom

es	easier	to	om
it	key	inform

a6on.
	This	is	parHcularly	so	for	Deep	Learning	(DL)	m

ethods,	w
hich	have	m

any	variants	and	details.	W
hen	som

e	of	these	are	om
i`ed	from

	the	paper	it	w
eakens	reproducibility,	and	omen	extends	the	review

	process.
Authors	are	encouraged	to	m

ake	both	code	and	data	sets	available1	(preferably	in	Hm
e	for	the	review

	process)	but	this	is	not	a	form
al	requirem

ent	at	the	m
om

ent.	
In	any	case,	supplem

entary	code	is	not	a	subsHtute	

for	a	proper	w
ri`en	descripHon	of	the	m

ethod.	To	help	authors,	the	T-IFS	EB	has	draw
n	up	this	checklist	of	details,	that	DL	subm

issions	on	IFS	topics	should	take	par6cular	care
	to	include.

●	The	type	of	netw
ork	(CN

N
,	RN

N
,	BDRN

N
,	…

)	and	loss	func6on.
●	The	topology:

○	type	of	each	layer	(pooling,	convoluHon,	non-linearity,	…
),

○	acHvaHon	funcHon	of	each	layer	(tanh,	sigm
oid,	m

ax-	or	average-pooling,	…
)

○	any	param
eters	(strides,	w

eights	size,	etc).
●	Any	pre-processing	of	netw

ork	inputs,	and	interpreta6on	of	outputs.	N
ote	that	there	are	different	re-scalings	com

m
only	called	"norm

alizaHon",	so	this	needs	to	be	specified.

Training	phase
●	How

	the	netw
ork	is	ini6alized.

○	If	random
ly,	give	the	exact	param

eters	of	the	iniHalizing	distribuHons.
○	If	there	is	pre-training,	the	procedure	used	(SAE,	RBM

,	etc)	and	any	param
eters.

●	The	learning	algorithm
	(SGD,	Adagrad,	AdaDelta,	HF,	etc).

○	Hyperparam
eters	of	the	learning	algorithm

:	(m
om

entum
,	etc).

○	M
ini-batches	and	(if	appropriate)	num

ber	of	representaHves	of	each	class	in	learning	batches.	W
here	appropriate	(e.g.	steganalysis),	specify	if	the	data	are	straHfied	(i.e.	paired	cover	and	stego	kept	

together).
○	If	used,	exactly	w

hat	form
	of	batch	norm

alizaHon	and	pooling.
○	IniHal	learning	rate	and	its	evoluHon	during	the	learning,	num

ber	of	iteraHons	of	epochs,	dropout	or	other	regularizaHon	factors,	etc.
○	The	order	that	training	data	is	visited	during	the	learning	process,	and	w

hether	shuffl
ed	betw

een	epochs.

From
	the	TransacHons	w

ebsite:	"The	TransacHons	encourages	authors	to	m
ake	their	publicaHons	reproducible	by	m

aking	all	inform
aHon	needed	to	reproduce	the	presented	results	available	online.	

This	typically	requires	publishing	the	code	and	data	used	to	produce	the	publicaHon`s	figures	and	tables	on	a	w
ebsite;	see	the	supplem

ental	m
aterials	secHon	of	the	inform

aHon	for	authors.
It	gives	other	researchers	easier	access	to	the	w

ork,	and	facilitates	fair	com
parisons."

	●	Stopping	criterion	(is	there	a	fixed	num
ber	of	iteraHons	or	not?)

●	W
hich	data	w

as	used	to	determ
ine	the	hyperparam

eters,	learning	rates,	regularizaHon	param
eters,	and	stopping	criterion;	the	policy	for	hyperparam

eter	search.

Test	phase
●	H

ow
	data	is	broken	dow

n	into	training,	validaHon,	and	tesHng	sets.
●	If	cross-validaHon	is	used,	how

	it	is	arranged	and	w
hether	it	is	repeated.

Im
plem

entaHon
●	If	a	G

PU
	is	used,	w

hich	m
odel.

●	If	you	have	used	a	standard	deep	learning	tool,	the	exact	version	and	any	tool-specific	param
eters.

●	If	you	propose	techniques	for	scalability	(kernel	approxim
aHons,	etc)	then	specify.

W
e	encourage	the	inclusion	of	a	“m

ethodology”	sec6on	in	the	paper	to	contain	these	details,	w
hich	could	be	in	an	appendix,	or	as	supplem

entary	m
aterial	providing	that	this	is	available	for	

review
.	

Algorithm
s	and	m

ethods	need	not	be	described	from
	scratch:	a	good	citaHon	is	adequate,	as	long	as	the	exact	variety	is	clear	and	all	param

eters	have	been	specified.
W
hile	w

e	encourage	the	publicaHon	of	negaHve	results	contradicHng	previously	published	research,	in	these	cases	a	higher	standard	of	reproducibility	applies.	Barring	excepHonal	circum
stances,	

data	sets	should	be	m
ade	available	for	the	review

	process	(if	not,	this	should	be	explained	to	the	AE).	Finally,	authors	should	dem
onstrate	the	sta6s6cal	significance	of	results	claim

ed.
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A	data	science	perspec6ve	to	define	key	scien6fic	and	prac6cal	goals	:
(conHnued)

Som
e	future	trends	and	challenges	(am

ong	others)	
Theory	:

	How
	does	a	DN

N
	learn	?	

Inform
aHon	Bo`leneck	principle	?	(IT	approach)

Stat	phys	Approaches	?
large	random

	m
atrices

	How
	does	a	DN

N
	preserve	hierarchical	structure	?	

Capsule	N
etw

orks	?
M
allat’s	approach	(using	w

avelet	feature	m
aps)

How
	to	set	on	IT	basis,	the	com

plexity	of	the	DN
N
?	(VC	dim

,	Stoch	com
pl.)

N
ew

	m
odels	and	structures	:	

GeneraHve	adversarial	netw
orks	(unsupervised	learning)

->	learning	w
ith	less	labeled	data

Hybrid	learning	m
odels

->	
com

bines	m
odels	of	DN

N
s	w

ith	probabilisHc	(Bayesian)	ones
to	m

odel	uncertainty

è
DEVELO

P	DN
N
	techniques	that	produce	explainable/provable	m

odels
->	perf	bounds,	guarantees

	

Tim
e/Data	trade	offs	:	

->	
subsam

pling,	random
	projecHons,		sparse	data	representaHons	

(Hm
e/space	budget	w

rt	to	accuracy	requirem
ents…

)
->	

DN
N
	cannot	address	all	problem

s	outside	the	fram
ew

ork	of	large	data
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Pôles	d’anim
aHon	/	recherche,	locaux
(«	data	sciences	»)

«	An	interdisciplinary	research	InsHtute	on	how
	data	change	science	and	society	».

Axis	1à
applicaHon	of	cuz

ng-edge	data	science	in	several	scienHfic	dom
ains

Axis	2à
data-driven	research	as	a	m

ajor	tool	for	research	in	Social	Sciences	and	Hum
aniHes

Axis	3à
how

	the	data	revoluHon	im
pacts	society

+	real	data	and	applicaHon	oriented,	forum
,	sem

inars,	…
		

Junior	chair	(cdp	data@
uga)	C.	G

om
ez	«	M

L,	DN
N
	for	exoplanet	discovery	»

Senior	chair	(idex	U
GA)	R.Couillet	«	Analyse	theorique	en	grandes	dim

ensions,	M
atrices	aléatoires,	DN

N
	»

(CDP	IDEX),	m
any	labs	from

	U
G
A	

LABEX	+	PERSYVAL	2	since	2019	
+	fundam

ental/theoreHcal	research	in	advanced	data	m
ining	(acHon	team

s)
+	collaboraHve	(m

ulH-labo),	research	projects
+	school	and	conference	support

M
IAI@

Grenoble	Alpes
>	2020,	proposal	in	progress

12



M
IAI@

Grenoble	Alpes:	panoram
a

•
4	piliers	au	cœ

ur	de	l’IA	en	interacHon	avec	des	thèm
es	intégrateurs	et	des	acHvités	interdisciplinaires

–
Appren8ssage	et	raisonnem

ent	(apprenHssage/science	des	données,	m
odélisaHon	des	connaissances	et	raisonnem

ent)
–
IA	m

atérielle,	em
barquée	et	HPC	(IA	déportée,	basse	consom

m
aHon,	tem

ps	réel,	calcul	pour	l’IA)	
–
IA	et	société	(éthique,	droit,	sciences	hum

aines	et	sociales)
–
Cerveau	et	cogni8on	(approches	bio/psycho-inspirées,	bio-m

im
éHsm

e)

•
3	types	d’acteurs	en	IA	
–
Les	inventeurs	CEA	-	IN

RIA	–	U
N
IV.	G

REN
O
BLE	ALPES	(LIG

,	LJK,	G
IPSA,	SH

S…
)		ATO

S	–	CRITEO
	-	HPE-	IBM

	-	N
AVER	-	N

VIDIA	–	PRO
BAYES	(DO

CAPO
ST)	-	SM

ART	M
E	U

P	-	ST	M
ICRO

ELECTRO
N
ICS	-	…

		

–
Les	intégrateurs	ATO

S	-	ALTRAN
	-	CAP	GEM

IN
I/SO

G
ETI	–	CRITEO

	-	HPE	-	H
U
REN

CE	-	IN
CEPTIVE	-	N

EO
VISIO

N
	-	O

RAN
G
E	-	RAISE	PARTN

ER	-	RED	M
IN
T	N

ETW
O
RK	-	SHO

RT	EDITIO
N
	–	SO

GILIS	-	…

–
Les	innovateurs/u8lisateurs		AU

TO
M
ATIQ

U
E	&

	IN
DU

STRIE	FRAN
CE	–	BIO

M
ERIEU

X	-	CO
SERVIT	-	DIG

IG
RAM

	-	EN
EDIS	-	EO

LAS	-	FIVEFIVE	-	G
LO

BEVIP	-	FU
L	-	ISKN

	-	M
EERSEN

SE	-	M
ETADESK	-	M

ICH
ELIN

	-	
M
ICRO

DB	-	M
O
RPH

O
SEN

SE	-	N
ETCELER	–	O

DIT-E	-	O
PH

RYS	-	O
EN

O
N
EO

	-	PO
LLEN

	M
ETRO

LO
GY	-	Q

IO
VA	-	SALESFO

RCE	-	SCH
N
EIDER	ELECTRIC	–	SIEM

EN
S	I	–	TEN

EVIA		-	VESTA	SYSTEM
	–	VIN

CI	-	VISEO
	-…

	

	

•
3	dim

ensions
–
Recherche	fondam

entale	et	appliquée
–
Form

a8on
–
Innova8on,	transfert	et	valorisa8on

•
Dom

aines	d’applicaHon	privilégiés
–
Santé
–
Environnem

ent	et	énergie
–
M
obilité	et	ville	intelligente	?

–
Culture	et	éducaHon	?

(source	:	E.	Gaussier)
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CYCLE	Com
m
un	de	SEM

IN
AIRES

*	Audio-visual	analysis	for	hum
an-robot	interac6on	by	Radu	Horaud	(IN

RIA	
Grenoble)
*	Tow

ard	Interac6ve	U
ser	Data	Analy6cs	by	Sihem

	Am
er-	Yahia	(CN

RS,	LIG
,	

Grenoble)
*Com

m
unity	detec6on	in	com

plex	netw
orks	by	Pierre	Borgnat	(Lab.Phys	EN

S-
Lyon)
*	N

eural	netw
orks	and	Random

	M
atrix	Theory	by	Rom

ain	Couillet	(Ecole	
Centrale	Supélec,	U

niverty	Paris-Saclay)
*	Light	propaga6on	in	com

plex	m
edia:	from

	im
aging,	to	com

pressive	im
aging	

and	m
achine	learning	by	Sylvain	Gigan	(	Kastler	Brossel	laboratory,	Paris)

*	Big	data	for	telecom
	by	M

erouane	Debbah
(Ecole	Centrale	Supélec,	U

niverty	Paris-Saclay,	Vice	President	R&
D	Center	Huaw

ei	
France,	Director	of	the	M

athem
aHcal	and	Algorithm

ic	Sciences	Lab)

2017-18	:	

D
ata	Challenge	com

m
un

2017-18	Audio-visual	analysis	for	hum
an-robot	interacHon

2018-19		PrédicHon	de	diffusion	de	polluant	
14

D
ata	Sciences	M

2	R	program
s	at	G

renoble-IN
P	



G
dR	AI		(LIG

,	J.Euzenat(IN
RIA/LIG

),	M
C.Rousset	(U

G
A/LIG

))
Aspects	form

els	et	algorithm
iques	de	l’IA

G
dR	M

aDICS	(C.	Collet	(IN
P/LIG

),	C.Bobineau(IN
P/LIG

))
M
asse	de	données,	Inform

a8on	et	Connaissances	en	Sciences

G
dR	ISIS	(N

.LeBihan	(CN
RS/G

IPSA)
Inform

a8on,	Signal,	Im
age,	Vision

15

G
dR	focused	on	sta6s6cal	data	sciences,	Learning,	IA,	

O
ngoing	Challenges	on	AI,	M

achine	Learning	and	data	sciences	in	G
renoble	(non	exhaus6ve)	

-	Challenge	sur	la	détecHon	d'exoplanète	par	im
agerie	directe	:	

h`
ps://carlgogo.github.io/exoim

aging_challenge/
Challenge	en	ligne	sur	plusieurs	m

ois	(octobre	2018-février	2019),	
com

m
unauté	astro.

-	Challenge	sur	l'hétérogénéité	cellulaire	de	tum
eurs	cancéreuses	:	

Décem
bre	2018	à	Aussois.	Challenge	à	visée	pluridisciplinaire	

(biologie	et	data	science)	et	pédagogique.
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h`
p://m

osig.im
ag.fr

h`
ps://m

siam
.im

ag.fr/doku.php

h`
p://w

w
w
.gipsa-lab.fr/SIGM

A/

Sources	:	G
oogle.com

,	M
athw

orks.com
,	Sciences;	IEEE	SP	m

agazine,	IEEE	T-IFS,	
Cours	College	de	France	S.M

allat,	…
	

Liens	vers	les	M
2R

h`
ps://data-insHtute.univ-grenoble-alpes.fr

Data	InsHtute,	Persyval-Lab	

h`
ps://persyval-lab.org


