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Scorelab e scorelab

- Startup bordelaise créée en avril 2016.
- Speécialisée en Data Science et Machine Learning.
- Des produits innovants.

- Des prestations sur mesure.
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globalwinescore.com scorelab

Rankings  Critcs

Global
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One single score, aggregated from critics.
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WineRec e scorelab

Recommandation personnalisée pour les sites d’e-commerce de vin.
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Prestations e scorelab

Notre expertise en Data Science & Machine Learning au service de vos
solutions innovantes.

Projets en cours

- Estimateur de prix immobillier.
- Credit scoring dans le courtage immobilier.
- Moteur de recommandation pour la parapharmacie.

- Cacao trading system.


Yassin - Scorelab



Side projects © scorelad

ML4U

Recommandation personnalisée
pour les conférences de Machine
Learning

noodle.scorelab.io
Doodle for notation



noodle.scorelab.io

ML4U



Machine Learning hype © scorelad

- Un domaine de recherche trés tendance.
- International Conference on Machine Learning (ICML, juil. 2017) :

- 433 papiers acceptés / 1701 soumissions (25.5%).
- ~ 3000 participants.

- Neural Information Processing Systems (NIPS, déc. 2017) :

- 679 papiers acceptés / 3240 soumissions (20.9%).
- ~ 6000 participants.

http://www.aiindex.org/2017-report.pdf 10
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NIPS conference e scorelab

NIPS 2017, Long Beach, USA

@chaoticneural "



NIPS conference e scorelab

NIPS 2017, poster sessions

Jordan Novet, CNBC 12



NIPS conference e scorelab
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http://answeron.com/machine-learning-bubble 13
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NIPS conference

NIPS Registration Growth
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NIPS conference : articles acceptés © scorelad

Industriels

1. Google : 60 (8.8%)

4. Microsoft : 40 (5.9%)

7. Deepmind : 31 (4.6%)

13. 1BM : 16 (2.4%)

25. Facebook : 11 (1.6%)

32. Tencent Al Lab : 9 (1.3%)
34. OpenAl : 8 (1.2%)

34. Adobe : 8 (1.2%)

Académiques

2. Carnegie Mellon University : 48 (71%)

3. Massachusetts Institute of Technology : 43 (6.3%)
5. Stanford University : 39 (5.7%)

6. University of California, Berkeley : 35 (5.2%)

8. University of Oxford : 22 (3.2%)

9. University of Illinois at Urbana-Champaign : 20 (2.9%)
10. Georgia Institute of Technology : 18 (2.7%)

11. Princeton : 17 (2.5%)

11. ETH Zurich : 17 (2.5%)

14. Inria : 15 (2.2%)

14. Harvard University : 15 (2.2%)

15
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Le projet ML4U © scorelad

- Application de recommandation personnalisée pour les
conférences de Machine Learning.

- Open source, collaboratif et expérimental.

- Equipe de chercheurs et ingénieurs internationale (Oxford,
Warwick, Montréal, Bordeaux).

- Version Béta pour NIPS 2017 : nips17.mLl.


nips17.ml

Principaux collaborateurs © scorelad
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Prof. @ Univ. Oxford Assist. Prof. @ HEC Montreal CEO @ Snark Factory
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PhD student @ Univ. Warwick Soft. Engineer @ Google Data Scientist @ Scorelab



nipsl7.ml © scorelad

Register = Explore Schedule

Search for NIPS papers Q Wed  Thu — Fri - Sat

Which tOpICS are you 09:00 AM 10:20 AM 01:50 PM | 02:50 PM | 06:30 PM

¢ interested in?
TRENDING 02:50 PM - 03:05 PM « Hall A

ELF: An Extensive, Lightweight a...

Simple and Scalable Predictive o
uandong Tian, Qucheng Gong, W.

+/  Optimization Uncertainty Estimation using
Deep Ensembles 02:50 PM - 03:05 PM « Hall C
Balaji Lakshminarayanan, Alexander Pritzel . -
« Theory Charles Blundell The Marginal Value of Adaptive G...

Ashia C Wilson, Becca Roelofs, Mit...

X D LIKE
v/ Deep Learning v 03:05 PM - 03:20 PM * Hall A
Imagination-Augmented Agents f...
~ RNNs Algo TRENDING Seb Racaniére, Theophane Weber
2 B?gzi:?o?i‘;xgm;::mn 03:05 PM - 03:20 PM - Hall C
v Reinforcement Leaming M’:)Zels 9 P Can Decentralized Algorithms Ou...
Toan Tran, Trung Pham, Gustavo Carneiro, Xiangru Lian, Ce Zhang, Huan Zha
Vv Supervised Learmning Lyle Palmer, lan Reid
03:20 PM - 03:50 PM « Hall A Spotignt
~ Graphs X Dish ¥ Lk Reinforcement Learning, Deep Le...
TRENDING
v/ Matrices 03:20 PM - 03:50 PM « Hall C Spotiight
A Meta-Learning Perspective on Optimization


nips17.ml

Le moteur de recommandation e scorelab

Basé sur le modéle Collaborative Topic Regression
[Wang and Blei, 2011] qui permet de compenser le cold-start en
combinant :

- Topic modeling : Latent Dirichlet Allocation [Blei et al., 2003, LDA].
- Filtrage collaboratif : Probabilistic Matrix Factorization
[Mnih and Salakhutdinov, 2008, PMF].

Ainspiré le moteur de recommandation du New York Times.

http :
//open.blogs.nytimes.com/2015/08/11/building-the-next-new-york-times-recommendation-engine

19


http://open.blogs.nytimes.com/2015/08/11/building-the-next-new-york-times-recommendation-engine
http://open.blogs.nytimes.com/2015/08/11/building-the-next-new-york-times-recommendation-engine

Latent Dirichlet Allocation e scorelab

- Documents : titres + résumés d'articles.

- Vocabulaire : uni- et bi-grammes, stopwords retirés (mots trop ou
peu fréquents).

- Bag-of-words : chaque document est un ensemble non ordonné
de termes appartenant au vocabulaire.

- On suppose l'existence de K topics latents (81, ..., BK).
- Chaque topic k est une distribution sur le vocabulaire.

- Chaque document 5 est un melange des topics.

20



Latent Dirichlet Allocation

scorelab
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Latent Dirichlet Allocation e scorelab

Pour chaque document j de taille m; ,

- Proportions des topics :
(81 (81
0; ~ Dirichlet | —,..., —
K K

- Pour chaque terme wj, avec € =1,...,m;,
-+ Choix du topic:
zje ~ Discrete (6;) .

- Choix du terme au sein du topic:

wje ~ Discrete (,szl) .

22



Latent Dirichlet Allocation e scorelab

Improved Training of Wasserstein GANs : Generative Adversarial Networks (GANs) are powerful generative models, but suffer
from training instability. The recently proposed Wasserstein GAN (WGAN) makes significant progress toward stable training of
GANs, but can still generate low-quality samples or fail to converge in some settings. We find that these training failures are
often due to the use of weight clipping in WGAN to enforce a Lipschitz constraint on the critic, which can lead to pathological
behavior. We propose an alternative method for enforcing the Lipschitz constraint : instead of clipping weights, penalize the
norm of the gradient of the critic with respect to its input. Our proposed method converges faster and generates higher-quality
samples than WGAN with weight clipping. Finally, our method enables very stable GAN training : for the first time, we can train a
wide variety of GAN architectures with almost no hyperparameter tuning, including 101-layer ResNets and language models over
discrete data. We further demonstrate state of the art inception scores on CIFAR-10, and provide samples on higher resolution
datasets.

GANs/ComputerVison

s

Braphs
Blatstal Methads / Theory

fneory
TR 2 Stochastic Processes
atrces / Optimization

namical Systems
freory / Probabilstc Methods.
frobabilistic Methods / Variational Inference
upervised Leaming

heinforcement Learning

Bandits and Oniine Leaming
Watrices / Theory

Remeis ana GPs
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Latent Dirichlet Allocation e scorelab

- Training of  Wasserstein  GANs - _ -(GANs)
are  powerful - models, but suffer from training instability. The
B oovosed | Wasserstein | GAN(WGAN) makes | significant  progress foward

stable training  of GANs, but can still - . - - or fail

to - in some settings. We find that these training failures are  often
. to the use of - clipping  in WGAN to enforce a Lipschitz - on
the  critic,  which can - to pathological - We propose an alternative
method  for enforcing the Lipschitz - instead of  clipping -
penalize the norm of the - the critic with respect to its input. Our
proposed  method - - - higher - - than WGAN
with - clipping. - ur  method - very stable GAN training: for
the  first - we can - a wide - of GAN _ with  almost

no hyperparameter tuning, - 101 - ResNets and language models over
discrete  data. We further demonstrate state  of the . inception scores on CIFAR

10, and provide - on higher resolution datasets.

N . Games / Reinforcement Learning . Supervised Learning / GANs / Deep Learning . Deep Learning NA
opic
P . Optimization . Time Series and Stochastic Processes . GANs / Computer Vision

24



Probabilistic Matrix Factorization e scorelab

Pour chaque paire user-document (¢, ), on suppose les scores
Siz ~ N (uiij, C-_-l)

ij
u; ~ N (;1,7; + €5, A;lIK)
vj ~ N (6 + 85, A, k)

ou u; et v; sont des vecteurs de features latentes (topics) de taille K.

Implicit feedback
si5 € {0,1} (not liked [ liked).

a, si Sij = 1
On pose ¢;; = ) aveca > b > 0.
b, si Sij = 0

La confiance accordée a 'observation d’'un like (signal fort) est supérieure

a celle accordée a l'observation d'un not liked (signal faible). !



Probabilistic Matrix Factorization e scorelab

La matrice de scores S = (s;;) admet une factorisation

S~Ux VT,

Documents
O 0O 0o 0o dg
Features — O 0O 0 0O O
1 O 0O 0O o0 g
O 0O d O 0O 0o g
O 0O d O 0O 0o g
Users| O O O O 0O 0O 0O d
O 0O d O 0O 0o d

26



Features latentes avec biais e scorelab

o o o 0o O o o o
o o O O o O o o O
o o O = O o o + o o O
o o O O o O o o O
U I €
features users cold-start collaborative
o 0o o o O o O o o
o 0O O o O O o o o
o o o = o 0O o + O o o
o o o o O O O o o
\% 0 S
features documents cold-start collaborative

- Biais pour le cold-start :
- 1 : préférences renseignées par chaque user.
- 0 : topic-proportions des documents issues du topic model (LDA).
- Features collaboratives a inférer : € et 4.
27



Procédure simplifiee © scoreted

1. Inférer les topics : 3 et 6 (algo. EM
variationnel).

Probabilistic Methods
Variational Inference

v
inference
bayesian

4 variational

. posterior
variable
regression
distribution
approximate
computational

5 estimate

0.00 0.05 0.10 0.15 0.20
51 S
52

53
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Procédure simplifiee © scoreted

1, Beto

2. Labelliser les topics.
3.

Probabilistic Methods
Variational Inference

v
inference
bayesian

4 variational

. posterior
variable
regression
distribution
approximate
computational

5 estimate

0.00 0.05 0.10 0.15 0.20
51 S
52

53
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Procédure simplifiee

e scorelab

1, Beto

2.

3. Récupérer les topics d’intérét des
users : /.

51 S
52

53

Register

Which topics are you

< interested in?

Optimization

Theory

Deep Learning

RNNs

Reinforcement Learning

Supervised Learning

Graphs

Matrices

30



Procédure simplifiee © scoreted

1 Becto

= Explore

RECOMMENDED
2' Near Optimal Sketching of Low-

Rank Tensor Regression
Xingguo Li, Jarvis Haupt, David Woodruff

X DISMISS @ LKE

7
o [ Aigo | RECOMMENDED
4. CalCUler les recommandatlons AUmﬁeApproaChto

Interpreting Model Predictions

COld-StClI’t. Scott M Lundberg, Su-In Lee

W@ Lke

51 S [ao R spas J compresssesing |

. RECOMMENDED
5 2 Parametric Simplex
‘ Method for Sparse Learning
Haotian Pang, Han Liu, Robert J
€ 5 Vanderbei, Tuo Zhao
53 X DISMISS @ LKE
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Procédure simplifiee © scoreted

1, Beto

= Library
9
: Hunt For The Unique, Stable,
3 Sparse And Fast Feature

Learning On Graphs
Saurabh Verma, Zhi-Li Zhang

M BOOKMARK W LKE

m CollabFiltering

Mixture-Rank Matrix
Approximation for Collaborative

5. Toutes les 60 sec., Filtering

Dongsheng Li, Kehan Chen, Wei Liu, Tun
Lu, Ning Gu, Stephen Chu

51 Actualiser la matrice de likes : S.

M BOOKMARK W LKE

52
eetd
53 Scalable Demand-Aware
o Recommendation -
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Procédure simplifiee

e scorelab

1, Beto

n

5. Toutes les 60 sec.,
51 S

5.2 Inférer les features collaboratives :

e et § (algo. ALS).
53
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Procédure simplifiee

e scorelab

1, Beto

5. Toutes les 60 sec.,

51

5.2
ectd

5.3 Calculer les recommandations
collaboratives.

= Explore

Near Optimal Sketching of Low-

Rank Tensor Regression
Xingguo Li, Jarvis Haupt, David Woodruff

X DISMISS n @ LKE

BOOKMARK

[ Aigo | RECOMMENDED
A Unified Approach to

Interpreting Model Predictions
Scott M Lundberg, Su-In Lee

[0 Campresssensing

) RECOMMENDED
Parametric Simplex

Method for Sparse Learning
Haotian Pang, Han Liu, Robert J
Vanderbei, Tuo Zhao

X DISMISS n @ LKE
BOOKMARK
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Références e scorelab
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Merci de votre attention!

e scorelab

https :/ /scorelab.io © scorelab_io

adrien@scorelab.io ® adrtod
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