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• computational drug-design

• protein folding + De Novo design

• protein docking
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F (n(r)) ≡ F (n11(r), .., nkl(r), .., nMM(r)) =
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Ukl(r) =
�

p

wkl
p ξp(r)
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Ω(r), r ∈ [r1; r2]

nkl(r) =
�

p

xkl
p ξp(r)
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Ω(r), r ∈ [r1; r2]

F (n(r)) ≈

M�

k=1
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l=k
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p

wkl
p xkl

p = (w · x),

w,x ∈ R
P×M×(M+1)/2

minimize : w·w
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i=0
Cijξij

subject to : yij [w · xij + b] − 1 + ξij ≥ 0

ξij ≥ 0
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X-Ray
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Polynomial expansion of order P:

Targeting Influenza Hemagglutinin 

Energy Functions
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•63,728 lines of Python code

•10,371 lines of documentation

•97 examples

•32,400 entries on google.com

•5,844 unique visitors in Oct. 2011 and 47,947 pageviews

•38 people contributed to the latest 0.9 release

•4983 emails on scikit-learn-general@lists.sf.net since Jan. 2010

www.scikit-learn.org
Machine Learning in Python

Funding:Some numbers

Alexandre Gramfort - Parietal Project Team INRIA statistical learning meeting - Dec. 5 2011

mailto:scikit-learn-general@lists.sourceforge.net
mailto:scikit-learn-general@lists.sourceforge.net
http://www.scikit-learn.org
http://www.scikit-learn.org


Alexandre Gramfort              Scikit-learn: Machine Learning in Python

           What to do with scikit-learn?

Scikit-learn: Machine Learning in Python,
Pedregosa et al., JMLR 12(Oct):2825−2830, 2011.
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• SVM (LibSVM, 

LibLinear)

• Lasso, Lars, Logistic

• Stoch. grad. descent

• Nearest Neighbors

• Partial Least Squares

• Naive Bayes

• Gaussian process

• Decision trees

• Gaussian mixtures

• Manifold learning

• Mean-shift

• Affinity propagation

• K-Means

• Dictionary learning

• PCA / Kernel PCA

• NMF

• ICA

Supervised Unsupervised API

• Easy model selection 

with cross-validation

• Parallel computing for 

grid search of 

hyperparameters

http://www.scikit-learn.org
http://www.scikit-learn.org
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               Code: MNIST digits classif. with SVM
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import pylab as pl

from sklearn import datasets, svm

# Load data

digits = datasets.load_digits()

n_samples = len(digits.images)

data = digits.images.reshape((n_samples, -1))

# Learn

classifier = svm.SVC()

classifier.fit(data[:n_samples/2], digits.target[:n_samples/2])

# Predict and plot

for index, image in enumerate(digits.images[n_samples/2:n_samples/2+4]):

    pl.subplot(1, 4, index)

    pl.imshow(image, cmap=pl.cm.gray_r)

    pl.title('Prediction: %i' % classifier.predict(image.ravel()), fontsize=20)

http://www.scikit-learn.org
http://www.scikit-learn.org


A fast metric learning algorithm for kernel

density estimation

Nicolas Le Roux

SIERRA

5/12/11

Nicolas Le Roux (SIERRA) LCA 5/12/11 1 / 4



Kernel density estimation (KDE)

x1, . . . , xN ∼ p p̂(x) =
1

N

∑

j

N (x, xj ,Σ)
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Why do we care ?

Many methods rely on a distance measure (SSL, Spectral

Clustering, k-NN)

Nicolas Le Roux (SIERRA) LCA 5/12/11 3 / 4



Why do we care ?

Many methods rely on a distance measure (SSL, Spectral

Clustering, k-NN)

Learning a good distance measure can improve

performance

Nicolas Le Roux (SIERRA) LCA 5/12/11 3 / 4



Why do we care ?

Many methods rely on a distance measure (SSL, Spectral

Clustering, k-NN)

Learning a good distance measure can improve

performance

Nicolas Le Roux (SIERRA) LCA 5/12/11 3 / 4



Why do we care ?

Many methods rely on a distance measure (SSL, Spectral

Clustering, k-NN)

Learning a good distance measure can improve

performance

Nicolas Le Roux (SIERRA) LCA 5/12/11 3 / 4



Why do we care ?

Many methods rely on a distance measure (SSL, Spectral

Clustering, k-NN)

Learning a good distance measure can improve

performance

Nicolas Le Roux (SIERRA) LCA 5/12/11 3 / 4



Local Component Analysis

Automatic (and simple) selection of Σ

Automatic (and simple) dimensionality reduction

Fast and efficient approximation for large N.

http://nicolas.le-roux.name/code.html

Nicolas Le Roux (SIERRA) LCA 5/12/11 4 / 4
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Bayesian Nonparametric Methods

◮ Learning of a model f (·|θ) from data

◮ Bayesian nonparametrics :

◮ Prior distribution on θ, dim(θ) = ∞

◮ Allows the complexity of the model to
increase as new data are gathered

◮ Numerous applications : clustering,
regression, latent feature extraction, etc.

◮ Very active field of research in statistics
and machine learning

◮ Contributions of the team ALEA

◮ New BNP models for structured data
◮ Efficient Monte Carlo algorithms to fit these models
◮ Applications to dynamic clustering, ranking algorithms, extraction of

features in images, etc.

François Caron (ALEA)
INRIA Statistical Learning Workshop - December 5, 2011
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