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All models are wrong, but some are useful 
George Box, Science and Statistics, 1976

Introduction

Clustering 

Prediction with Uncertainty 

Features Importance
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Clustering is ill-posed 

Auto-Encoders 

Optimal Transport 

Wasserstein Generative Adversarial Networks  
Wasserstein GAN 

Generative Wasserstein Clustering 
GeWaC 

Discriminative Wasserstein Clustering 
DiWaC
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Clustering is ill-posed
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Scale Invariance e.g. neighbourhood threshold fails

Cluster Shapes 
Invariance

e.g. k-Means fails on the Moons data

Metric Invariance e.g. broken pairwise relationships

No Clustering algorithm can simultaneously verify these 3 properties 

Clustering

Impossibility theorem for Clustering 
Kleinberg, 2002



Auto-Encoders
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Encoder DecoderCode 
Space

Data 
Space

Data 
Space

Cluster Shapes Invariance



Optimal Transport
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Cost of moving A to B

A B

Clustering
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Image adapted from 
Computational Optimal Transport, Peyré and Cuturi, 2018

RDRd

Critic

Real Data

Generator

Code Space Data Space

Generated Data

Noise

Clustering
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Kantorovich-Rubinstein Formulation (L2 cost: c(x,y) = kx� yk2)

W (µ,⌫) = sup
C2Lip-1

Ex⇠µ [C(x)]� Ey⇠⌫ [C(y)]

where Lip-1 is the 1-Lipschitz functions set (from X ⇢ RD to R).

Clustering

Wasserstein GAN

minG maxC2Lip1
Ex⇠p

⇥
C
�
x
�⇤

� E✏

⇥
C
�
G(✏)

�⇤



Generative Wasserstein Clustering 
GeWaC
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Generative Wasserstein Clustering 
GeWaC
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Reparametrization Trick 
(borrowed from Kingma et Welling [2014] 

and well explained in Shakir Mohamed et al. [2020])

Clustering

z ⇠ M(⇡,µ,⌃) =
KX

k=1

⇡k ⇥N (µk,⌃k)

Ez⇠M(⇡,µ,⌃)[g(z)] =
KX

k=1

⇡k ⇥ E✏⇠N (0d,Id) [g (µk + Ck ⇥ ✏)]

(where Ck ⇥ C>
k = ⌃k )



Generative Wasserstein Clustering 
GeWaC
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Concatenation Trick 
(borrowed from Dumoulin et al. [2017] 

with reciprocity proof from Donahue et al. [2016])

• x̃ = a(x) =
⇥
x>, E(x)>

⇤> ⇠ p̃ considered as real with x representing data

• ỹ = b(z) =
⇥
D(z)>, z>

⇤> ⇠ q̃ considered as generated with z sampled

over a parametrized mixture q = M(⇡,µ,⌃) =
PK

k=1 ⇡kN (µk,⌃k)

Clustering
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Generative Wasserstein Clustering 
GeWaC
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Generative Wasserstein Clustering 
GeWaC

z̃ ⇠ M(⇡,µ,⌃) =
KX

k=1

⇡k ⇥N (µk,⌃k)

ỹ = [D(z)>, z>]> ⇠ q̃

x̃ = [x>, E(x)>]> ⇠ p̃

min
E,D,M

W (q̃, p̃) and W (q̃, p̃) = max
C2Lip1

Eỹ⇠q̃[C(ỹ)]� Ex̃⇠p̃[C(x̃)]

Reparametrization
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Generative Wasserstein Clustering 
GeWaC

z̃ ⇠ M(⇡,µ,⌃) =
KX

k=1

⇡k ⇥N (µk,⌃k)

ỹ = [D(z)>, z>]> ⇠ q̃

x̃ = [x>, E(x)>]> ⇠ p̃

min
E,D,M

W (q̃, p̃) and W (q̃, p̃) = max
C2Lip1

Eỹ⇠q̃[C(ỹ)]� Ex̃⇠p̃[C(x̃)]

Reparametrization

Concatenation
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Generative Wasserstein Clustering 
GeWaC

z̃ ⇠ M(⇡,µ,⌃) =
KX

k=1

⇡k ⇥N (µk,⌃k)

ỹ = [D(z)>, z>]> ⇠ q̃

x̃ = [x>, E(x)>]> ⇠ p̃

min
E,D,M

W (q̃, p̃) and W (q̃, p̃) = max
C2Lip1

Eỹ⇠q̃[C(ỹ)]� Ex̃⇠p̃[C(x̃)]

Reparametrization

Concatenation
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Generative Wasserstein Clustering 
GeWaC

min
E,D,M

max
C2Lip1

Eỹ⇠q̃[C(ỹ)]� Ex̃⇠p̃[C(x̃)]

z̃ ⇠ M(⇡,µ,⌃) =
KX

k=1

⇡k ⇥N (µk,⌃k)

ỹ = [D(z)>, z>]> ⇠ q̃

x̃ = [x>, E(x)>]> ⇠ p̃

min
E,D,M

W (q̃, p̃) and W (q̃, p̃) = max
C2Lip1

Eỹ⇠q̃[C(ỹ)]� Ex̃⇠p̃[C(x̃)]

Reparametrization

Concatenation
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In practice, we do a three-steps initialization for our optimization 
 1. Vanilla Auto-encoder 
 2. Gaussian Mixture Model on the Codes 
 3. Critic Warm-Start 
 4. Final Optimization

Clustering

Generative Wasserstein Clustering 
GeWaC
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Generative Wasserstein Clustering 
GeWaC

min
E,D,M

max
C2Lip1

Eỹ⇠q̃[C(ỹ)]� Ex̃⇠p̃[C(x̃)]

Eỹ⇠q̃[C(ỹ)] =
KX

k=1

⇡k⇥E✏⇠N (0d,Id)


C
✓h

D(Sk ⇥ ✏+ µk)
>, (Sk ⇥ ✏+ µk)

>
i>◆�

Instable Proportions

:(



Discriminative Wasserstein Clustering 
DiWaC
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Instead of bringing distributions together, 
Let’s bring them far from each other!

x ⇠ p =
PK

k=1 ⇡k ⇥ pk

p1 p3

p2

Clustering



Discriminative Wasserstein Clustering 
DiWaC

25 Warith HARCHAOUI

p1 p3

p2

Clustering



Discriminative Wasserstein Clustering 
DiWaC
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p1 p3

p2

Clustering



Discriminative Wasserstein Clustering 
DiWaC
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LOvO

u
(p1, . . . , pK) =

1

K2

KX

k=1

KX

k0=1

W (pk, pk0)

LOvO

n
(p1, . . . , pK ,⇡1, . . . ,⇡K) =

KX

k=1

KX

k0=1

⇡k ⇥ ⇡k0 ⇥W (pk, pk0)

LOvR

n
(p1, . . . , pK ,⇡1, . . . ,⇡K) =

KX

k=1

⇡k ⇥ (1� ⇡k)⇥W (pk, p̄k)

Clustering



Discriminative Wasserstein Clustering 
DiWaC
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LOvR

n
 LOvO

n

LOvO

u
(p1, . . . , pK) =

1

K2

KX

k=1

KX

k0=1

W (pk, pk0)

LOvO

n
(p1, . . . , pK ,⇡1, . . . ,⇡K) =

KX

k=1

KX

k0=1

⇡k ⇥ ⇡k0 ⇥W (pk, pk0)

LOvR

n
(p1, . . . , pK ,⇡1, . . . ,⇡K) =

KX

k=1

⇡k ⇥ (1� ⇡k)⇥W (pk, p̄k)

Clustering



Discriminative Wasserstein Clustering 
DiWaC
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x ⇠ p =
PK

k=1 ⇡k ⇥ pk

⌧ (x) = [P(c = 1|x), . . .P(c = k|x), . . . ,P(c = K|x)]>

LOvR

n
(p1, . . . , pK ,⇡1, . . . ,⇡K) = Ex⇠p

"
KX

k=1

⇣
⌧ k(x)� ⇡k

⌘
⇥ Ck(x)

#
(1)

pk(x) = p(x)⇥ ⌧ k(x)

⇡k

Clustering



Discriminative Wasserstein Clustering 
DiWaC
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x ⇠ p =
PK

k=1 ⇡k ⇥ pk

⌧ (x) = [P(c = 1|x), . . .P(c = k|x), . . . ,P(c = K|x)]>

LOvR

n
(p1, . . . , pK ,⇡1, . . . ,⇡K) = Ex⇠p

"
KX

k=1

⇣
⌧ k(x)� ⇡k

⌘
⇥ Ck(x)

#
(1)

pk(x) = p(x)⇥ ⌧ k(x)

⇡k

Clustering



Synthetic Example
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Model Selection
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Wasserstein distances involved for GeWaC and DiWaC 
can be evaluated on held-out unlabelled data 

for model selection 

Clustering

Over-clustering experiments 
on real data are in progress



GeWaC on CIFAR-10
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Generated Examples from a Cluster 
(that looks like ‘plane’)



DiWaC on CIFAR-10
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One over-cluster 
(that looks like ‘boat’)



DiWaC on CIFAR-10
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One over-cluster 
(that looks like ‘bird’)



Experiments
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Experimental accuracy results (%, the higher, the better) 
based on the Hungarian method. 

(the last rows correspond to methods without neural networks ) 

Clustering
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Uncertainty Sources 

Epistemology Choice 
for Supervised Learning 

Experience 
for Image Classification

Prediction with Uncertainty
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Uncertainty Sources

Extrapolation 

Aleatoric 

Epistemic

Far from the training data 
Cat feeding a car/plane classifier 

Wrong or noisy information 
Real-world thermometer 

Inherently uncertain prediction 
Butterfly Effect
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Supervised Learning

y ' F(x)
<latexit sha1_base64="rGZ1l7fNlKigVjm1qOBPAlGjfEY=">AAACEnicbZC7SgNBFIbPxluMt6ilzWAQkybsptEyIIhlFHOBbAizk9lkyOzFmVlxWfYZbHwVGwsv2FrZ+TZONhE08cDAx/+fw5zzOyFnUpnml5FbWl5ZXcuvFzY2t7Z3irt7LRlEgtAmCXggOg6WlDOfNhVTnHZCQbHncNp2xmcTv31LhWSBf63ikPY8PPSZywhWWuoXK7aH1chxkzhFtmQevUGZQjBPztPyj3uXVvrFklk1s0KLYM2gVK/Zx68A0OgXP+1BQCKP+opwLGXXMkPVS7BQjHCaFuxI0hCTMR7SrkYfe1T2kuykFB1pZYDcQOjnK5SpvycS7EkZe47unKwo572J+J/XjZR72kuYH0aK+mT6kRtxpAI0yQcNmKBE8VgDJoLpXREZYYGJ0ikWdAjW/MmL0KpVLc2XOo0rmFYeDuAQymDBCdThAhrQBAL38AjP8GI8GE/Gm/E+bc0Zs5l9+FPGxzdFSaAD</latexit><latexit sha1_base64="eRb96vEO2OA3djdpWqpoV1v0TdI=">AAACEnicbZDLSsNAFIYnXmu9NOrSzWBR201JutFlQRCXVewFmlAm00k7dHJxZiKGkGdw46u4caGIiBtX7nwbJ2kFbT0w8PH/5zDn/E7IqJCG8aUtLC4tr6wW1orrG5tbJX17py2CiGPSwgELeNdBgjDqk5akkpFuyAnyHEY6zvg08zs3hAsa+FcyDontoaFPXYqRVFJfr1oekiPHTeIUWoJ65BrmCkYsOUsrP+5tWu3rZaNm5AXnwZxCuVG3jt7fDkvNvv5pDQIcecSXmCEheqYRSjtBXFLMSFq0IkFChMdoSHoKfeQRYSf5SSk8UMoAugFXz5cwV39PJMgTIvYc1ZmtKGa9TPzP60XSPbET6oeRJD6efORGDMoAZvnAAeUESxYrQJhTtSvEI8QRlirFogrBnD15Htr1mqn4QqVxCSZVAHtgH1SACY5BA5yDJmgBDO7AA3gCz9q99qi9aK+T1gVtOrML/pT28Q2dcqEE</latexit><latexit sha1_base64="hbGwS6VzV1C087ZdKG4qboqsOtc=">AAACEnicbZDLSsNAFIYnXmu9RV26GSxCuymJG10WBHFZxV6gCWUynbRDZ5I4MxFDyDO48VXcuFDErSt3vo2TNIK2Hhj4+P9zmHN+L2JUKsv6MpaWV1bX1isb1c2t7Z1dc2+/K8NYYNLBIQtF30OSMBqQjqKKkX4kCOIeIz1vep77vTsiJA2DG5VExOVoHFCfYqS0NDQbDkdq4vlpkkFHUk5uYaFgxNKLrP7j3meNoVmzmlZRcBHsEmqgrPbQ/HRGIY45CRRmSMqBbUXKTZFQFDOSVZ1YkgjhKRqTgcYAcSLdtDgpg8daGUE/FPoFChbq74kUcSkT7unOfEU57+Xif94gVv6Zm9IgihUJ8OwjP2ZQhTDPB46oIFixRAPCgupdIZ4ggbDSKVZ1CPb8yYvQPWnamq+sWuu6jKMCDsERqAMbnIIWuARt0AEYPIAn8AJejUfj2Xgz3metS0Y5cwD+lPHxDfdvnk4=</latexit>

minF L(F)

L(F) = E(x,y)⇠Data

�
`(y,F(x))

�
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Supervised Learning
y ' F(x)

<latexit sha1_base64="rGZ1l7fNlKigVjm1qOBPAlGjfEY=">AAACEnicbZC7SgNBFIbPxluMt6ilzWAQkybsptEyIIhlFHOBbAizk9lkyOzFmVlxWfYZbHwVGwsv2FrZ+TZONhE08cDAx/+fw5zzOyFnUpnml5FbWl5ZXcuvFzY2t7Z3irt7LRlEgtAmCXggOg6WlDOfNhVTnHZCQbHncNp2xmcTv31LhWSBf63ikPY8PPSZywhWWuoXK7aH1chxkzhFtmQevUGZQjBPztPyj3uXVvrFklk1s0KLYM2gVK/Zx68A0OgXP+1BQCKP+opwLGXXMkPVS7BQjHCaFuxI0hCTMR7SrkYfe1T2kuykFB1pZYDcQOjnK5SpvycS7EkZe47unKwo572J+J/XjZR72kuYH0aK+mT6kRtxpAI0yQcNmKBE8VgDJoLpXREZYYGJ0ikWdAjW/MmL0KpVLc2XOo0rmFYeDuAQymDBCdThAhrQBAL38AjP8GI8GE/Gm/E+bc0Zs5l9+FPGxzdFSaAD</latexit><latexit sha1_base64="eRb96vEO2OA3djdpWqpoV1v0TdI=">AAACEnicbZDLSsNAFIYnXmu9NOrSzWBR201JutFlQRCXVewFmlAm00k7dHJxZiKGkGdw46u4caGIiBtX7nwbJ2kFbT0w8PH/5zDn/E7IqJCG8aUtLC4tr6wW1orrG5tbJX17py2CiGPSwgELeNdBgjDqk5akkpFuyAnyHEY6zvg08zs3hAsa+FcyDontoaFPXYqRVFJfr1oekiPHTeIUWoJ65BrmCkYsOUsrP+5tWu3rZaNm5AXnwZxCuVG3jt7fDkvNvv5pDQIcecSXmCEheqYRSjtBXFLMSFq0IkFChMdoSHoKfeQRYSf5SSk8UMoAugFXz5cwV39PJMgTIvYc1ZmtKGa9TPzP60XSPbET6oeRJD6efORGDMoAZvnAAeUESxYrQJhTtSvEI8QRlirFogrBnD15Htr1mqn4QqVxCSZVAHtgH1SACY5BA5yDJmgBDO7AA3gCz9q99qi9aK+T1gVtOrML/pT28Q2dcqEE</latexit><latexit sha1_base64="hbGwS6VzV1C087ZdKG4qboqsOtc=">AAACEnicbZDLSsNAFIYnXmu9RV26GSxCuymJG10WBHFZxV6gCWUynbRDZ5I4MxFDyDO48VXcuFDErSt3vo2TNIK2Hhj4+P9zmHN+L2JUKsv6MpaWV1bX1isb1c2t7Z1dc2+/K8NYYNLBIQtF30OSMBqQjqKKkX4kCOIeIz1vep77vTsiJA2DG5VExOVoHFCfYqS0NDQbDkdq4vlpkkFHUk5uYaFgxNKLrP7j3meNoVmzmlZRcBHsEmqgrPbQ/HRGIY45CRRmSMqBbUXKTZFQFDOSVZ1YkgjhKRqTgcYAcSLdtDgpg8daGUE/FPoFChbq74kUcSkT7unOfEU57+Xif94gVv6Zm9IgihUJ8OwjP2ZQhTDPB46oIFixRAPCgupdIZ4ggbDSKVZ1CPb8yYvQPWnamq+sWuu6jKMCDsERqAMbnIIWuARt0AEYPIAn8AJejUfj2Xgz3metS0Y5cwD+lPHxDfdvnk4=</latexit>

minF L(F)

L(F) = E(x,y)⇠Data

�
`(y,F(x))

�

`(y, z) = ky � zk22
Regression
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Supervised Learning
y ' F(x)

<latexit sha1_base64="rGZ1l7fNlKigVjm1qOBPAlGjfEY=">AAACEnicbZC7SgNBFIbPxluMt6ilzWAQkybsptEyIIhlFHOBbAizk9lkyOzFmVlxWfYZbHwVGwsv2FrZ+TZONhE08cDAx/+fw5zzOyFnUpnml5FbWl5ZXcuvFzY2t7Z3irt7LRlEgtAmCXggOg6WlDOfNhVTnHZCQbHncNp2xmcTv31LhWSBf63ikPY8PPSZywhWWuoXK7aH1chxkzhFtmQevUGZQjBPztPyj3uXVvrFklk1s0KLYM2gVK/Zx68A0OgXP+1BQCKP+opwLGXXMkPVS7BQjHCaFuxI0hCTMR7SrkYfe1T2kuykFB1pZYDcQOjnK5SpvycS7EkZe47unKwo572J+J/XjZR72kuYH0aK+mT6kRtxpAI0yQcNmKBE8VgDJoLpXREZYYGJ0ikWdAjW/MmL0KpVLc2XOo0rmFYeDuAQymDBCdThAhrQBAL38AjP8GI8GE/Gm/E+bc0Zs5l9+FPGxzdFSaAD</latexit><latexit sha1_base64="eRb96vEO2OA3djdpWqpoV1v0TdI=">AAACEnicbZDLSsNAFIYnXmu9NOrSzWBR201JutFlQRCXVewFmlAm00k7dHJxZiKGkGdw46u4caGIiBtX7nwbJ2kFbT0w8PH/5zDn/E7IqJCG8aUtLC4tr6wW1orrG5tbJX17py2CiGPSwgELeNdBgjDqk5akkpFuyAnyHEY6zvg08zs3hAsa+FcyDontoaFPXYqRVFJfr1oekiPHTeIUWoJ65BrmCkYsOUsrP+5tWu3rZaNm5AXnwZxCuVG3jt7fDkvNvv5pDQIcecSXmCEheqYRSjtBXFLMSFq0IkFChMdoSHoKfeQRYSf5SSk8UMoAugFXz5cwV39PJMgTIvYc1ZmtKGa9TPzP60XSPbET6oeRJD6efORGDMoAZvnAAeUESxYrQJhTtSvEI8QRlirFogrBnD15Htr1mqn4QqVxCSZVAHtgH1SACY5BA5yDJmgBDO7AA3gCz9q99qi9aK+T1gVtOrML/pT28Q2dcqEE</latexit><latexit sha1_base64="hbGwS6VzV1C087ZdKG4qboqsOtc=">AAACEnicbZDLSsNAFIYnXmu9RV26GSxCuymJG10WBHFZxV6gCWUynbRDZ5I4MxFDyDO48VXcuFDErSt3vo2TNIK2Hhj4+P9zmHN+L2JUKsv6MpaWV1bX1isb1c2t7Z1dc2+/K8NYYNLBIQtF30OSMBqQjqKKkX4kCOIeIz1vep77vTsiJA2DG5VExOVoHFCfYqS0NDQbDkdq4vlpkkFHUk5uYaFgxNKLrP7j3meNoVmzmlZRcBHsEmqgrPbQ/HRGIY45CRRmSMqBbUXKTZFQFDOSVZ1YkgjhKRqTgcYAcSLdtDgpg8daGUE/FPoFChbq74kUcSkT7unOfEU57+Xif94gVv6Zm9IgihUJ8OwjP2ZQhTDPB46oIFixRAPCgupdIZ4ggbDSKVZ1CPb8yYvQPWnamq+sWuu6jKMCDsERqAMbnIIWuARt0AEYPIAn8AJejUfj2Xgz3metS0Y5cwD+lPHxDfdvnk4=</latexit>

minF L(F)

L(F) = E(x,y)⇠Data

�
`(y,F(x))

�

Classification

`(y, z) = �y> log(z)
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Uncertainty

min
F

L(F)
<latexit sha1_base64="sZk6nac3m+0YpnVNZou1GjhRp8w=">AAACFXicbVDLSgMxFL3js9ZX1aWbYBEqSJlxo8uCICIuqtgHtMOYSdM2NJMZkoxQhvkJN/6KGxeKuBXc+TNq+kBq64HAyTn3cu89fsSZ0rb9ac3NLywuLWdWsqtr6xubua3tqgpjSWiFhDyUdR8rypmgFc00p/VIUhz4nNb83unAr91RqVgobnQ/om6AO4K1GcHaSF7usBkw4SXNAOsuwTw5S1P0+7lMCxPGAfJyebtoD4FmiTMm+dLF99ctAJS93EezFZI4oEITjpVqOHak3QRLzQinabYZKxph0sMd2jBU4IAqNxlelaJ9o7RQO5TmCY2G6mRHggOl+oFvKgdLqmlvIP7nNWLdPnETJqJYU0FGg9oxRzpEg4hQi0lKNO8bgolkZldEulhiok2QWROCM33yLKkeFR3Dr0wa1zBCBnZhDwrgwDGU4BzKUAEC9/AIz/BiPVhP1qv1Niqds8Y9O/AH1vsP8ImiQA==</latexit><latexit sha1_base64="hqJMQc7LUIzDDkVxNi+nNLPalFg=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0WoICVxo8uCICIiVWwrNCFMptN26GQSZiZCCfkI3fgrblwo4lZ058+ok7ZIbT0wcOace7n3Hj9iVCrL+jRyM7Nz8wv5xcLS8srqmrm+UZdhLDCp4ZCF4tpHkjDKSU1Rxch1JAgKfEYafu8o8xs3REga8ivVj4gboA6nbYqR0pJn7jkB5V7iBEh1MWLJcZrC389ZWhozdqFnFq2yNQCcJvaIFCun31/O7ft51TM/nFaI44BwhRmSsmlbkXITJBTFjKQFJ5YkQriHOqSpKUcBkW4yuCqFO1ppwXYo9OMKDtTxjgQFUvYDX1dmS8pJLxP/85qxah+6CeVRrAjHw0HtmEEVwiwi2KKCYMX6miAsqN4V4i4SCCsdZEGHYE+ePE3q+2Vb8wudxiUYIg+2wDYoARscgAo4AVVQAxjcgQfwBJ6Ne+PReDFeh6U5Y9SzCf7AePsBLLmj7A==</latexit><latexit sha1_base64="7+T9u5y6RI+DwSMFi+zvdnadeCA=">AAACFXicbVDLSgMxFM34rPU16tJNsAgVpMy40WVBEBcuqtgHdIYhk6ZtaJIZkoxQhvkJN/6KGxeKuBXc+Tdm2kFq64HAyTn3cu89Ycyo0o7zbS0tr6yurZc2yptb2zu79t5+S0WJxKSJIxbJTogUYVSQpqaakU4sCeIhI+1wdJn77QciFY3EvR7HxOdoIGifYqSNFNinHqciSD2O9BAjll5lGfz93GTVGeMEBnbFqTkTwEXiFqQCCjQC+8vrRTjhRGjMkFJd14m1nyKpKWYkK3uJIjHCIzQgXUMF4kT56eSqDB4bpQf7kTRPaDhRZztSxJUa89BU5kuqeS8X//O6ie5f+CkVcaKJwNNB/YRBHcE8ItijkmDNxoYgLKnZFeIhkghrE2TZhODOn7xIWmc11/Bbp1K/K+IogUNwBKrABeegDq5BAzQBBo/gGbyCN+vJerHerY9p6ZJV9ByAP7A+fwAFGp9Z</latexit>

y ⇠ F(x)

y ' F(x)
<latexit sha1_base64="rGZ1l7fNlKigVjm1qOBPAlGjfEY=">AAACEnicbZC7SgNBFIbPxluMt6ilzWAQkybsptEyIIhlFHOBbAizk9lkyOzFmVlxWfYZbHwVGwsv2FrZ+TZONhE08cDAx/+fw5zzOyFnUpnml5FbWl5ZXcuvFzY2t7Z3irt7LRlEgtAmCXggOg6WlDOfNhVTnHZCQbHncNp2xmcTv31LhWSBf63ikPY8PPSZywhWWuoXK7aH1chxkzhFtmQevUGZQjBPztPyj3uXVvrFklk1s0KLYM2gVK/Zx68A0OgXP+1BQCKP+opwLGXXMkPVS7BQjHCaFuxI0hCTMR7SrkYfe1T2kuykFB1pZYDcQOjnK5SpvycS7EkZe47unKwo572J+J/XjZR72kuYH0aK+mT6kRtxpAI0yQcNmKBE8VgDJoLpXREZYYGJ0ikWdAjW/MmL0KpVLc2XOo0rmFYeDuAQymDBCdThAhrQBAL38AjP8GI8GE/Gm/E+bc0Zs5l9+FPGxzdFSaAD</latexit><latexit sha1_base64="eRb96vEO2OA3djdpWqpoV1v0TdI=">AAACEnicbZDLSsNAFIYnXmu9NOrSzWBR201JutFlQRCXVewFmlAm00k7dHJxZiKGkGdw46u4caGIiBtX7nwbJ2kFbT0w8PH/5zDn/E7IqJCG8aUtLC4tr6wW1orrG5tbJX17py2CiGPSwgELeNdBgjDqk5akkpFuyAnyHEY6zvg08zs3hAsa+FcyDontoaFPXYqRVFJfr1oekiPHTeIUWoJ65BrmCkYsOUsrP+5tWu3rZaNm5AXnwZxCuVG3jt7fDkvNvv5pDQIcecSXmCEheqYRSjtBXFLMSFq0IkFChMdoSHoKfeQRYSf5SSk8UMoAugFXz5cwV39PJMgTIvYc1ZmtKGa9TPzP60XSPbET6oeRJD6efORGDMoAZvnAAeUESxYrQJhTtSvEI8QRlirFogrBnD15Htr1mqn4QqVxCSZVAHtgH1SACY5BA5yDJmgBDO7AA3gCz9q99qi9aK+T1gVtOrML/pT28Q2dcqEE</latexit><latexit sha1_base64="hbGwS6VzV1C087ZdKG4qboqsOtc=">AAACEnicbZDLSsNAFIYnXmu9RV26GSxCuymJG10WBHFZxV6gCWUynbRDZ5I4MxFDyDO48VXcuFDErSt3vo2TNIK2Hhj4+P9zmHN+L2JUKsv6MpaWV1bX1isb1c2t7Z1dc2+/K8NYYNLBIQtF30OSMBqQjqKKkX4kCOIeIz1vep77vTsiJA2DG5VExOVoHFCfYqS0NDQbDkdq4vlpkkFHUk5uYaFgxNKLrP7j3meNoVmzmlZRcBHsEmqgrPbQ/HRGIY45CRRmSMqBbUXKTZFQFDOSVZ1YkgjhKRqTgcYAcSLdtDgpg8daGUE/FPoFChbq74kUcSkT7unOfEU57+Xif94gVv6Zm9IgihUJ8OwjP2ZQhTDPB46oIFixRAPCgupdIZ4ggbDSKVZ1CPb8yYvQPWnamq+sWuu6jKMCDsERqAMbnIIWuARt0AEYPIAn8AJejUfj2Xgz3metS0Y5cwD+lPHxDfdvnk4=</latexit>
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Uncertainty

min
F

L(F)
<latexit sha1_base64="sZk6nac3m+0YpnVNZou1GjhRp8w=">AAACFXicbVDLSgMxFL3js9ZX1aWbYBEqSJlxo8uCICIuqtgHtMOYSdM2NJMZkoxQhvkJN/6KGxeKuBXc+TNq+kBq64HAyTn3cu89fsSZ0rb9ac3NLywuLWdWsqtr6xubua3tqgpjSWiFhDyUdR8rypmgFc00p/VIUhz4nNb83unAr91RqVgobnQ/om6AO4K1GcHaSF7usBkw4SXNAOsuwTw5S1P0+7lMCxPGAfJyebtoD4FmiTMm+dLF99ctAJS93EezFZI4oEITjpVqOHak3QRLzQinabYZKxph0sMd2jBU4IAqNxlelaJ9o7RQO5TmCY2G6mRHggOl+oFvKgdLqmlvIP7nNWLdPnETJqJYU0FGg9oxRzpEg4hQi0lKNO8bgolkZldEulhiok2QWROCM33yLKkeFR3Dr0wa1zBCBnZhDwrgwDGU4BzKUAEC9/AIz/BiPVhP1qv1Niqds8Y9O/AH1vsP8ImiQA==</latexit><latexit sha1_base64="hqJMQc7LUIzDDkVxNi+nNLPalFg=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0WoICVxo8uCICIiVWwrNCFMptN26GQSZiZCCfkI3fgrblwo4lZ058+ok7ZIbT0wcOace7n3Hj9iVCrL+jRyM7Nz8wv5xcLS8srqmrm+UZdhLDCp4ZCF4tpHkjDKSU1Rxch1JAgKfEYafu8o8xs3REga8ivVj4gboA6nbYqR0pJn7jkB5V7iBEh1MWLJcZrC389ZWhozdqFnFq2yNQCcJvaIFCun31/O7ft51TM/nFaI44BwhRmSsmlbkXITJBTFjKQFJ5YkQriHOqSpKUcBkW4yuCqFO1ppwXYo9OMKDtTxjgQFUvYDX1dmS8pJLxP/85qxah+6CeVRrAjHw0HtmEEVwiwi2KKCYMX6miAsqN4V4i4SCCsdZEGHYE+ePE3q+2Vb8wudxiUYIg+2wDYoARscgAo4AVVQAxjcgQfwBJ6Ne+PReDFeh6U5Y9SzCf7AePsBLLmj7A==</latexit><latexit sha1_base64="7+T9u5y6RI+DwSMFi+zvdnadeCA=">AAACFXicbVDLSgMxFM34rPU16tJNsAgVpMy40WVBEBcuqtgHdIYhk6ZtaJIZkoxQhvkJN/6KGxeKuBXc+Tdm2kFq64HAyTn3cu89Ycyo0o7zbS0tr6yurZc2yptb2zu79t5+S0WJxKSJIxbJTogUYVSQpqaakU4sCeIhI+1wdJn77QciFY3EvR7HxOdoIGifYqSNFNinHqciSD2O9BAjll5lGfz93GTVGeMEBnbFqTkTwEXiFqQCCjQC+8vrRTjhRGjMkFJd14m1nyKpKWYkK3uJIjHCIzQgXUMF4kT56eSqDB4bpQf7kTRPaDhRZztSxJUa89BU5kuqeS8X//O6ie5f+CkVcaKJwNNB/YRBHcE8ItijkmDNxoYgLKnZFeIhkghrE2TZhODOn7xIWmc11/Bbp1K/K+IogUNwBKrABeegDq5BAzQBBo/gGbyCN+vJerHerY9p6ZJV9ByAP7A+fwAFGp9Z</latexit>

y ⇠ F(x)

`(y,Fold(x)) = Ez|x⇠�Fold(x)

�
`(y, z)

�



A Gentle Idea
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L(Fold) = E(x,y)⇠Data

�
`(y,Fold(x)

�

L(Fnew) = E(x,y)⇠Data

⇣
Ez|x⇠Fnew(x)

�
`(y, z)

�⌘

`(y,Fold(x)) = Ez|x⇠�Fold(x)

�
`(y, z)

�

Prediction with Uncertainty



Classification with Uncertainty
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minF
�1
NM

PN
i=1

PM
j=1 y

>
i log(ti,j ⇥A(xi) + (1� ti,j)⇥ B(xi))

F(x) = U(A(x),B(x))

t ⇠ U(0, 1)

minF
�1
N

PN
i=1 y

>
i log(F(xi))



Dogs vs. Wolves … and Cats
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Top-8 of most uncertain test images of our “Dogs vs. Wolves … and Cats” dataset



Unsupervised Features 
Importance
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d� : RD ⇥ RD ! R+

(x,y) 7! k�(y)� �(x)k2

x ⇠ p
y ⇠ qt,F : x0 ⇠ p and y = x0 + t⇥ F(x0)

max
d�

F s.t. kFk2=1

|rt=0

�
Wd�(p, qt,F )

�
|



Unsupervised Features 
Importance
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Preliminary Experiment



Conclusion
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Input Cardinality 

Output Interpretation 

Input Dimensionality

Representation is key

Clustering 

Uncertainty 

Features



Clustering is ill-posed
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Scale Invariance e.g. neighbourhood threshold fails

Cluster Shapes 
Invariance

e.g. k-Means fails on the Moons data

Metric Invariance e.g. broken pairwise relationships

Impossibility theorem for Clustering 
Kleinberg, 2002

No clustering algorithm can simultaneously verify these 3 properties 

Conclusion
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Cerbero 
Applied AI for real-time credit card fraud detection 
with pragmatic and cost-oriented optimization 
Extension of Prediction with Uncertainty chapter with colleagues Roland Thiollière, Romain Nio, Nils 
Grunwald, Jérémie Thomas, Julien Gaunon, and Dr. Stéphane Raux (random order) 

NMJ 
Reconciliation between grammar from linguistics and neural networks via auto-encoders and modern 
embedding techniques  
Internship supervision of Maxime Haddouche 

i2nn 
Invitation to Neural Networks, talk given several times to convince people working both in Statistics and 
Programming to use Deep Learning 
Material for the State of the Art manuscript 

Artificial Intelligence Watch 
Several talks given at Oscaro.com about Artificial Intelligence with academic and corporate points of view 
Material for the State of the Art manuscript

Others (1/2)

Conclusion
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Others (2/2)

Conclusion

Wasserstein Co-Clustering 
Computational Biology for studying the Huntington disease using co-clustering on RNA data 
Extension of the Wasserstein Clustering chapter with Thi Thanh Yen Nguyen, Dr. Olivier Bouaziz and 
Pr. Antoine Chambaz  

GaDeMI 
New kind of auto-encoders built in successive layers 
to extract a representation whose coordinates are quasi-gaussian and decorrelated (and approximately 
independent) 
Extension of appendix for Images with Dr. Joan Alexis Glaunès 

StaReLefOU 
State Representation Learning for Robotics Exploration 
Extension of the Prediction with Uncertainty chapter with Astrid Merckling



Thank you
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:)


