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Marketing

(Genomics

Documents Analysis
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Prediction with Uncertainty

Medical Diagnostics

Industrial Annotation ( A\

Robotic Exploration O

Introduction 4 Warith HARCHAOUI




Unsupervised Features

Importance

Data Understanding

High Dimensionality
Analysis

Information Retrieval
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Representations

Prediction with Uncertainty

Features Importance

All models are wrong, but some are useful

George Box, Science and Statistics, 1976
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Clustering Outline

Clustering is ill-posed
Auto-Encoders
Optimal Transport

Wasserstein Generative Adversarial Networks
Wasserstein GAN
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Clustering is ill-posed

Impossibility theorem for Clustering
Kleinberg, 2002

No Clustering algorithm can simultaneously verify these & properties

Scale Invariance e.g. neighbourhood threshold fails
Cluster Shapes e.q. k-Means fails on the Moons data
Invariance 0y

Metric Invariance e.g. broken pairwise relationships
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Auto-Encoders

Data Code Data
Decoder
Space Space Space

Cluster Shapes Invariance
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Optimal Transport

Cost of moving A to B
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Clustering

(zenerative

Adversarial Networks

Noise
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Generated Data
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Real Data
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Image adapted from

Computational Optimal Transport, Peyré and Cuturi, 2018
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Wasserstein GAN

Kantorovich-Rubinstein Formulation (L5 cost: ¢(x,y) = [|x — ¥||2)

W (.0) = 5D By [C00)] ~ By )]

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

ming maXceLip, ‘Exwp [C (X)] — e [C (g(e))}
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Generative Wasserstein Clustering

GeWaC

Code Space
Ex) 2~ Mm%
W -
— D
Real < Clritic C 3 (Generated
Data S | - 2 Data
- =
= >
x ~ Data D(z)
Data Space
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Generative Wasserstein Clustering

GeWaC

Code Space
ex) (2~ Mm )
w -
— @
Real < Crritic C S Generated
Data S| - = Data
S —
H S
x ~ Data D(z)
Data Space

(borrowed from Kingma et Welling [2014]
and well explained in Shakir Mohamed et al. [2020])

K
ZNM(T&',[L,E) :Zﬂ'k XN(,LLk,Ek)
k=1

K
EZNM(W,M,Z)[Q(ZH — Zﬂ-k X EGNN(Od,Id) [g (l’l’k: + Ck X 6)]
k=1

(where Cj, x C] =3
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Generative Wasserstein Clustering

GeWaC

Code Space
ex) | [z~ M)
w -
Real ,g) C % Generated
Data 3 - | & Data
S —
H S
x ~ Data D(z)
Data Space

(borrowed from Dumoulin et al. [2017]
with reciprocity proof from Donahue et al. [2016])

e x=ua(x)=|x",E(x)"] e p considered as real with x representing data

oy = b(z) = [D(Z)T,ZT]T ~ ¢ considered as generated with z sampled
over a parametrized mixture ¢ = M(mw, u, X) = Zle N (py, i)
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Generative Wasserstein Clustering

GeWaC

Code Space

EX) oz~ M(mp, )

Critic C

—————————

a I9POID(

x ~ Data D(z)

Data Space
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Generative Wasserstein Clustering

GeWaC

Code Space
E M Y S
(x) z ~ M(m, p, %) 7~ M, E) = e x N (py, Zie)
N _ k=1
S .
go Critic C Q
s e =
- =
= >
x ~ Data D(z)
Data Space
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Generative Wasserstein Clustering

GeWaC

Code Space

£x) ||z~ M, p, )

——————————

a I9POID(

x ~ Data D(z)

Data Space

Clustering
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Generative Wasserstein Clustering

GeWaC

Code Space

£x) ||z~ M, p, )

——————————

a I9POID(

x ~ Data D(z)

Data Space

Clustering
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Generative Wasserstein Clustering

GeWaC

Code Space
£ M(m, 1,3 S
(x) z ~ M(m, p, %) 7~ M, E) = e x N (py, Zie)
k=1
W
g g y— (D) ] ~q
=z C Q ’
R | R -
- N N
5 : X= [, E0 | ~p
x ~ Data D(z) SI%II/{A W(g,p) and W(q,p) = Crélﬁgl Ey~4lC(¥)] — Ex~5C(X)]
Data Space

nin max EglC(9)] — ExnplC(%)
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Generative Wasserstein Clustering

GeWaC

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

Code Space

@)
o

—————————

Encoder &
®.
.
=
=
!
d I9POID

>
N b
N
N—,

x ~ Data

Data Space
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Generative Wasserstein Clustering

GeWaC

. e (Y] Ee - 1C(3
Jmin max EgglC(y)] = Ex~plC(X)

K T
Ey:[C(§)] = Zﬂ-kXEENN(Od,Id) {C ([D(Sk x €+ )", (Sk x €+ l’vk)‘l‘} )}
k=1

Instable Proportions . —~
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Discriminative Wasserstein Clustering

DiWa(C

K

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

p
°® o °©%¢, °
oo © e
®o'e, PP
P,
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Discriminative Wasserstein Clustering

Clustering

DiWa(C
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Discriminative Wasserstein Clustering

DiWaC
e Y
. =] //
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Discriminative Wasserstein Clustering

DiWa(C

K
1
L (p1, ... pK) = 7] > > Wipk,pr)

k=1k'=1

K
£Svo(p1,...,pK,ﬂ'l,...,ﬂ'K) — Z Z T X gy X W(pkapk’)

k=1k'=1
K

['I?VR(pla ce 9y PK,T01, .- 77TK> — Zﬂ-k X (1 — ﬂ-k) X W(pkaﬁk)
k=1
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Discriminative Wasserstein Clustering

DiWa(C

K
1
L (p1, ... pK) = 7] > > Wipk,pr)

k=1k'=1

K
£Svo(p1,...,pK,ﬂ'l,...,ﬂ'K) — Z Z T X gy X W(pkapk’)

k=1k'=1
K

['I?VR(pla ce 9y PK,T01, .- 77TK> — Zﬂ-k X (1 — ﬂ-k) X W(pkaﬁk)
k=1

£I(1)vR § £r(l)vO
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Discriminative Wasserstein Clustering

DiWa(C

K
XNp:Zk:17Tk X Pk

r(x) = [P(c = 1]x),...P(c = k|x),...,P(c = K|x)] '

% -
ESVR(plv'"7pK77717"°77TK) — 4"erp Z X) _> XX)
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Discriminative Wasserstein Clustering

DiWa(C

K
XNp:Zk:17Tk X Pk

() = p(x) x TE)
r(x) = [P(c = 1|x),...P(c = k|x), ...,P(c = K|x)]
ESVR(pl, ey DK Ty T ) = Exp Z (Tk(X) — 7Tk> X Cr(x)
L k=1

Clustering 30 Warith HARCHAOUI



Synthetic Example
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Model Selection

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

for model selection

Over-clustering experiments

on real data are in progress
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GeWaC on CIFAR-10

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

- z: 5S et

- J" [

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

R e S N
_ \
Z 5 B>

One over-cluster

(that looks like ‘bird’)
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xperiments

Datasets MNIST Reuters Reuters-10k HHAR

DiWaC (ours) 98.42 84.24 84.87 92.42

GeWaC (ours with fixed proportions from AE+GMM ) | 97.37 82.14 82.27 87.54
ClusterGAN [Mukherijee et al., 2019] 90.97 — - -

VaDE [Jiang et al., 2016] 94.06 79.38 79.83 84.46

DEC [Xie et al., 2015] 84.30 75.63 72.17 79.82

AE + GMM (full covariance) 82.56 70.98 70.12 78.48
IMSAT [Hu et al., 2017] 98.40 - 71.00 -
GAR [Kilinc and Uysal, 2018] 98.32 - - -
DEPICT [Dizaji et al., 2017] 96.50 - - —

GMM (diagonal covariance) 53.73 55.81 54.72 60.34

k-Means 53.47 53.29 54.04 59.98

Experimental accuracy results (%, the higher, the better)
based on the Hungarian method.
(the last rows correspond to methods without neural networks )
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Prediction with Uncertainty

Uncertainty Sources
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Uncertainty Sources

Extrapolation Far from the training data

Cat feeding a car/plane classifier

Aleatoric Wrong or noisy information
Real-world thermometer

Epistemic Inherently uncertain prediction
Butterfly Effect
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Supervised Learning

y ~ F(x)

min gz L(F)

L(F) — <1:(X,y)r\JDataL(6(3/‘7"T'.(X)))
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Supervised Learning

y =~ F(x)
min r L(F)
L(F) = Ex.y)~Data (L(y, F(X)))

Regression

€<Y7Z) — Hy - ZH%
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Supervised Learning

y =~ F(x)
min r L(F)
L(F) = Ex.y)~Data (L(y, F(X)))

Classification

ly,z) = —y ' log(z)
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Uncertainty
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Uncertainty

Uy, Fold(x))

<13z|xrv5]_— 1 (%) (f(y) Z))

O
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A Gentle Idea

L(Fod) =

43(x,y)wData (K(Y7 Fold (X))

g(yufold(x)) — 4:z|xrv5]:01d(x) (Z(y,z))

E(Fnew) —

Prediction with Uncertainty

4:(x,y)NData (

44

<1:z|:scrv]:][1eW (x) (K(Y7 Z)))
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Classification with Uncertainty

Minr 7 > i 1 Z] Ly log(ts o x A(x) + (1 —t55) X B(x;))

~ U(0,1)
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Wolves ... and Cats

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

X ~ P
y~qr:x ~p andy=x"+1x F(x)

n’clzaX Vi—o (Wd¢ (P, Qt,F)) |
F s.t. |Tb.7:||2:1
dg : RP xRP — R,
(x,y) = o(y) — o(x)]l2
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Unsupervised Features
Importance

Preliminary Experiment
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Conclusion

Representation is key
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Clustering is ill-posed

Impossibility theorem for Clustering
Kleinberg, 2002

No clustering algorithm can simultaneously verify these & properties

Scale Invariance e.g. neighbourhood threshold fails
Cluster Shapes e.q. k-Means fails on the Moons data
Invariance

Metric Invariance e.g. broken pairwise relationships
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Others (1/2

Applied Al for real-time credit card fraud detection

Cerbero

with pragmatic and cost-oriented optimization
FExtension of Prediction with Uncertainty chapter with colleagues Roland Thiolliere, 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
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Others (2/2

Wasserstein Co-Clustering

Computational Biology for studying the Huntington disease using co-clustering on RNA data
FEaxtension 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)

FExtension of appendiz for Images with Dr. Joan Alexis Glaunés

StaReLefOU

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