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Introduction




Visualize what is happening in higher dimensions

£
E
o
g
3
3
species
o Adelie
o Gentoo
© Chinstrap

g,

T GENTOO/ AbELigy

75 200 225 2000 4000 6000

3 15 2
bill_depth_mm flipper_length_mm body_mass_g

0 50
bill_length_mm

1/26



Visualize what is happening in higher dimensions
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Visualize what is happening in higher dimensions
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Visualize what is happening in higher dimensions

UMAP projection of the Digits dataset

?3:’_

2/26



Projections




Projections

Principa Component Analysis



PCA
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PCA

normalized weight
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PCA calculation
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PCA calculation
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PCA calculation

# normalize
normalized data = (points - np.min(points, axis=0)) / (
np.max(points, axis=0) - np.min(points, axis=0)

)

# get covariance
cov = np.cov(normalized data, rowvar=False)

# calculate eigenvalues and eigenvectors of the covariance matrix
eigvals, eigvecs = np.linalg.eig(cov)

# scale eigenvectors
scaled eigvecs = eigvecs * np.sqrt(eigvals)
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PCA interpretability
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PCA advantages and drawbacks

Advantages Drawbacks

= fast
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PCA advantages and drawbacks

Advantages
= fast
= scales well

= explainatory

Drawbacks

= not suited for non-linear data
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Non linear data
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Projections

UMAP



How to work with non linear data

1. Find a good representation of the data in high dimension

2. Fit a good representation of in low dimension
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Classics

= SNE (Stochastic Neighbor Embedding) Hinton and Roweis, 2002
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Classics

= SNE (Stochastic Neighbor Embedding) Hinton and Roweis, 2002
= T-SNE (T-distributed SNE) Van der Maaten and Hinton, 2008
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Classics

= SNE (Stochastic Neighbor Embedding) Hinton and Roweis, 2002
= T-SNE (T-distributed SNE) Van der Maaten and Hinton, 2008
= UMAP (Uniform Manifold Approximation and Projection) Mclnnes et al., 2018
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UMAP : Finding high dimension graph
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UMAP : Finding high dimension graph
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UMAP : Finding high dimension graph
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UMAP : Fitting low dimensional representation
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UMAP : Fitting low dimensional representation
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UMAP : Fitting low dimensional representation
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UMAP : Fitting low dimensional representation

\ 88 /\K\

B A C

RD ¢ 12/26



UMAP : Fitting low dimensional representation
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Mammoth example

Mammoth dataset by the Smithonian, adatpted from deepia
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https://3d.si.edu/object/3d/mammuthus-primigenius-blumbach:341c96cd-f967-4540-8ed1-d3fc56d31f12
https://www.youtube.com/watch?v=o_cAOa5fMhE

Mammoth example

Mammoth dataset by the Smithonian, adatpted from deepia
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https://3d.si.edu/object/3d/mammuthus-primigenius-blumbach:341c96cd-f967-4540-8ed1-d3fc56d31f12
https://www.youtube.com/watch?v=o_cAOa5fMhE

Mammoth

example - PCA
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Mammoth example - UMAP
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Mammoth example - UMAP

15/26



Mammoth example - UMAP
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Mammoth example - UMAP
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Mammoth example - UMAP
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Mammoth example - UMAP
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Mammoth example - UMAP
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Mammoth example - Number of neighbors
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UMAP vs. T-SNE

UMAP T-SNE
= graph theory, fuzzy logic = probabilities
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UMAP vs. T-SNE

UMAP
= graph theory, fuzzy logic
= determinist initialization
= Jogo similarity scores
= update by pairs

— scales well for large datasets

T-SNE

probabilities

random initialization

gaussian distribution similarity
update all points

scales less
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Scaling

Pca

wmap
MultioreTSNE
LocallyLinearEmbedding
= SpectralEmbedding
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Figure from umap-learn documentation
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https://umap-learn.readthedocs.io/en/latest/benchmarking.html

Clustering




Clustering

K-means



K-means
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K-means
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K-means
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K-means
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K-means
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K-means
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K-means
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Determine the good K ? Elbow method
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https://stackoverflow.com/questions/19197715/scikit-learn-k-means-elbow-criterion

Determine the good K ? Silouhette

silhoustte analysis for KMeans clustering on sample data with n_clusters = 4

“The sihouelte pit for the verious custors. “The visuaization of the clustered data,

Ihouette analysis for KMeans clustering on sample data with n_clusters = 3
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Figures from scikit-learn documentation
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K-means advantages and drawbacks

Advantages Drawbacks

= fast
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K-means advantages and drawbacks

Advantages
= fast
= scales well
= converges well

= robust

Drawbacks
= not suited for non-linear data

— Density based clustering
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Clustering

HDBSCAN



HDBSCAN
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HDBSCAN
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HDBSCAN
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HDBSCAN
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HDBSCAN
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HDBSCAN
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HDBSCAN
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HDBSCAN
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A lot of options !
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Useful ressources

= scikit-learn docs !
= deepia

= StatQuest
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https://www.youtube.com/@Deepia-ls2fo
https://www.youtube.com/@statquest

Thanks for you attention !

Let’s practice !
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