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Organising 
Deep Networks 

advisor: Stéphane Mallat
following the works of Laurent Sifre, Joan Bruna, …

collaborators: Eugene Belilovsky, Sergey Zagoruyko, Jörn Jacobsen, …
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• Caltech 101, etc

22

Training set to 
 predict labels "Rhino"

Not a "rhino""Rhinos" 

High Dimensional classification
�! ŷ(x)?

Estimation problem

(xi, yi) 2 R2242 ⇥ {1, ..., 1000}, i < 106
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Fighting the curse of 

dimensionality
• Objective: building a representation        of     such that a 

simple (say euclidean) classifier      can estimate the 
label    :  
 
 

• Designing      consist of building an approximation of a 
low dimensional space which is regular with respect to 
the class: 

• Necessary dimensionality  and variance reduction 

3

�x x

�

�

w<latexit sha1_base64="eqfykHkxP29JLdLA
Go
kH
SA
1p
BN
I=
">
AA
AB
53
ic
bZ
DL
Sg
Mx
FI
bP
1F
ut
t6
pL
N8
Ei
uC
oz
Cu
pK
C2
5c
tu
DY
Qj
uU
TH
qm
jc
1k
hi
Sj
lN
In
cO
NC
xa
3P
4h
u4
82
1M
Lw
tt
/S
Hw
8f
/n
kH
NO
mA
qu
je
t+
O7
ml
5Z
XV
tf
x6
YW
Nz
a3
un
uL
t3
p5
NM
Mf
RZ
Ih
LV
CK
lG
wS
X6
hh
uB
jV
Qh
jU
OB
9b
B/
Pc
7r
D6
g0
T+
St
Ga
QY
xL
Qr
ec
QZ
Nd
aq
Pb
aL
Jb
fs
Tk
QW
wZ
tB
6e
rz
9L
QC
AN
V2
8a
vV
SV
gW
oz
RM
UK
2b
np
ua
YE
iV
4U
zg
qN
DK
NK
aU
9W
kX
mx
Yl
jV
EH
w8
mg
I3
Jk
nQ
6J
Em
Wf
NG
Ti
/u
4Y
0l
jr
QR
za
yp
ia
np
7P
xu
Z/
WT
Mz
0U
Uw
5D
LN
DE
o2
/S
jK
BD
EJ
GW
9N
Ol
wh
M2
Jg
gT
LF
7a
yE
9a
ii
zN
jb
FO
wR
vP
mV
F8
E/
KZ
+V
3Z
pX
ql
zC
VH
k4
gE
M4
Bg
/O
oQ
I3
UA
Uf
GC
A8
wQ
u8
Ov
fO
s/
Pm
vE
9L
c8
6s
Zx
/+
yP
n4
AY
u+
jm
w=
</
la
te
xi
t>

<l
at
ex
it
 s
ha
1_
ba
se
64
="
O0
lQ
J2
xo
QX
j8
AC
W3
Db
gT
bP
BI
gF
0=
">
AA
AB
53
ic
bZ
DL
Sg
NB
EE
Vr
4i
vG
V9
Sl
m8
Yg
uA
oz
Cu
pK
A2
5c
Ju
CY
QD
KE
nk
5N
0q
bn
QX
eP
Eo
Z8
gR
sX
Km
79
Fv
/A
nX
9j
Z5
KF
Jl
5o
ON
xb
RV
eV
nw
iu
tG
1/
W4
Wl
5Z
XV
te
J6
aW
Nz
a3
un
vL
t3
p+
JU
Mn
RZ
LG
LZ
8q
lC
wS
N0
Nd
cC
W4
lE
Gv
oC
m/
7w
ep
I3
H1
Aq
Hk
e3
ep
Sg
F9
J+
xA
PO
qD
ZW
47
Fb
rt
hV
Ox
dZ
BG
cG
la
vP
01
z1
bv
mr
04
tZ
Gm
Kk
ma
BK
tR
07
0V
5G
pe
ZM
4L
jU
SR
Um
lA
1p
H9
sG
Ix
qi
8r
J8
0D
E5
Mk
6P
BL
E0
L9
Ik
d3
93
ZD
RU
ah
T6
pj
Kk
eq
Dm
s4
n5
X9
ZO
dX
Dh
ZT
xK
Uo
0R
m3
4U
pI
Lo
mE
y2
Jj
0u
kW
kx
Mk
CZ
5G
ZW
wg
ZU
Uq
bN
bU
rm
CM
78
yo
vg
nl
TP
qn
bD
qd
Qu
Ya
oi
HM
Ah
HI
MD
51
CD
G6
iD
Cw
wQ
nu
AF
Xq
17
69
l6
s9
6n
pQ
Vr
1r
MP
f2
R9
/A
BG
L4
74
</
la
te
xi
t>

k�x� �x0k n 1 ) ŷ(x) = ŷ(x0)

RD
Rd

ŷ
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Completely solved by the deep blackbox
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x0

x1
x2

…

Classifier

Ref.: ImageNet Classification with  
Deep Convolutional Neural Networks. 

A Krizhevsky et al.Solving it: DeepNetwork

⇢0W0 ⇢1W1 ⇢J�1WJ�1
xJ = �x

xj+1 = ⇢jWjxj

linear operatornon-linear operator

learned from labeled dataWi
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Why mathematics about deep 

learning are important
• Pure black box. Few mathematical results are available. 

Many rely on a "manifold hypothesis".  
Ex: stability to diffeomorphisms 

• No stability results. It means that "small" variations of 
the inputs might have a large impact on the system. 
And this happens. 

• No generalisation result. Rademacher complexity can 
not explain the generalization properties. 

• Shall we learn each layer from scratch? (geometric 
priors?) The deep cascade makes features are hard to 
interpret
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Ref.: Intriguing properties of neural networks. 
C. Szegedy et al.

Ref.: Understanding deep learning requires rethinking generalization 
C. Zhang et al.

Ref.: Deep Roto-Translation Scattering  
for Object Classification. EO and S Mallat 
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Organization is a key
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Answers

Q
ue

st
io

ns

Answers

Q
ue

st
io

ns

Answers

Q
ue
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Answers

Q
ue
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ns

Organizing questions

Organizing 
answers

Both

• Consider a problem of questionnaires: people answer to 
0 or 1 to some question. What does organizing mean?

neighbours 
become meaningful: 

local metrics

In general, 
works tackle only  
one of the aspect

Ref.: Harmonic Analysis of Digital Data Bases  
Coifman R. et al. 
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Structuring the input with  
the Scattering Transform

• Scattering Transform        is a deep local descriptor of 
neighbourhood of amplitude     , for images. 

• It is a representation built via geometry with limited 
learning. (~SIFT) 

• Successfully used in several applications: 

• Digits 

• Textures
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Small deformations 
+Translation

Ref.: Invariant Convolutional Scattering Network, J. Bruna and S Mallat 

Ref.: Rotation, Scaling and Deformation Invariant Scattering 
for texture discrimination, Sifre L and Mallat S. 

Rotation+Scale

All variabilities 
 are known

2J
SJ

Ref.: Group Invariant Scattering, Mallat S 
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Scattering on ImageNet: 

Geometry in CNNs

• Cascading a modern CNN leads to almost state-of-the-
art result on Imagenet2012: 

• Demonstrates no loss of information + Less layers
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ResNetx SJ

Learning?

Ref.: Scaling the Scattering Transform: 
 Deep Hybrid Networks 

EO, E Belilovsky, S Zagoruyko

Accuracy Depth #params

AlexNet 80.1 9 61M

ResNet 88.8 18 11.7M

Scat+ResNet 88.6 10 12.8M

1M images for training, 400k testing, 1000 classes



DATA
Benchmarking 

Scattering + small data

• Adding geometric prior regularises the CNN input, in 
the particular case of limited samples situations, 
without reducing the number of parameters. 

• State-of-the-art results on STL10 and CIFAR10:
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STL10: 5k training, 8k testing, 10 classes 
+100k unlabeled(not used!!)

Cifar10, 10 classes 

Ref.: Scaling the Scattering Transform: 
 Deep Hybrid Networks 

EO, E Belilovsky, S Zagoruyko

Geometry helps

Accuracy

Scattering+CNN 76

Deep 70

Unsupervised 75
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CNN
Scattering+CNN
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Necessary mechanism: 

Separation - Contraction
• In high dimension, typical distances are huge, thus an 

appropriate representation must contract the space: 

• While avoiding the different classes to collapse:
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k�x� �x0k  kx� x

0k

9✏ > 0, y(x) 6= y(x0) ) k�x� �x0k � ✏

✏

�

boundary of the  
training set

classification 
boundary

Ref.: Understanding deep  
convolutional networks 

S Mallat 
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Complexity measure
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• Measuring the complexity of the classification 
boundary (estimating the local dimensionality is hard) 

• Progressive contraction of the space, at each layer:

Explains the  
improvement

complexity Ref.: Building a Regular Decision  
Boundary with Deep Networks 

EO 

What variabilities are reduced?
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Identifying the variabilities?
• Several works showed a DeepNet exhibits some 

covariance: 

• Manifold of faces at a certain depth (e.g. good 
interpolations): 

• It is hard to enumerate them…

12

Ref.:  Understanding deep features with computer-generated imagery, M Aubry, B Russel

Ref.:  Unsupervised Representation Learning with Deep Convolutional GAN, 
 Radford, Metz & Chintalah
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Flattening the variability
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Not organised 
Layers

Defining an order 
on layers of neurons

Ref.: Multiscale Hierarchical Convolutional Networks 
J Jacobsen, EO, S Mallat, AWM Smeulders

Organised 
Layers

0

6

12

#params

Organized
Not organised



DATA

Conclusion
14

• Stability, generalisation results, interpretability are 
important aspects… 

• Check the website of the team DATA:   
http://www.di.ens.fr/data/ 

• Check my webpage for softwares and papers:  
http://www.di.ens.fr/~oyallon/ 

Thank you!
Eugene 

Belilovsky
Sergey 

Zagoruyko
Stéphane 

Mallat

Jörn 
Jacobsen

http://www.di.ens.fr/~oyallon/

