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Supervised Learning: Building models from examples
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Nakano et al. (2019), SRL



Supervised Learning: Building models from examples
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Unsupervised Learning: Finding patterns in data
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Clustering

Identifying homogenous subgroups of samples

D

-~

\_
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Dimensionality Reduction / Feature Learning
Finding a new (low-dimensional) representation to characterize the data
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Unsupervised learning
When is it used ?

Exploratory Data
Analysis & Visualization

Preprocessing for
Supervised Learning

Learning without Labels



Unsupervised learning
Why is it challenging ?




Cluster Analysis
K-means & Hierarchical clustering



Clustering: identifies subgroups within data —
common within-group characteristics, differences across groups
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Groupings determined from the data itself, unlike classification



Types of clustering algorithms
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Clustering
4 )
Density-based
Spectral Methods Clustering
\§ J

Centroid-based
Clustering

/

&

Mixture Models

~

J




.01s

.06s

A58

.0l1s

.02s

.07s

.19s

.02s

.0ls

.02s

.63s

.01s

.01s

.01s

01s]

Centroid-based
(K-means)

Hierarchical
Clustering

Spectral
Clustering

Density-based

(DBSCAN)

Mixture Model
(GMM)



Types of clustering algorithms
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Hierarchical Clustering

* Merges clusters/observations that are “closest” together

" Represented as a hierarchy rather than a partition of data
Figure 10.9,I5L 2013
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Sarlie, Therese, et al. (2003) "Repeated observation
of breast tumor subtypes in independent gene

expression data sets," PNAS Dendrogram



Hierarchical Clusteri
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Hierarchical Clustering
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Hierarchical Clustering is a family of clustering methods.

Single-Linkage Complete-Linkage Average Linkage

What does it mean for two clusters to be “close™?



Hierarchical Clustering

Advantages

= Don't need to know # of clusters

= Can find non-spherical clusters

Disadvantages

" Doesn't scale to large data sets
= # clusters can be difficult to determine

= Can be sensitive to noise/outliers




Types of clustering algorithms
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K-means Clustering

K=2 K=3 K=4
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" Groups data into K distinct clusters

®* Cluster defined by a centroid vector (mean of samples in cluster),
each observation assigned to single cluster (nearest centroid)



K-means Algorithm

iteration O: initial centroids

ghoi. TS ............ ............ e, ; ............ Pick initial centroids




K-means Algorithm

iteration O: initial class labels

ghoo ............. ............ e ............ ............ Pick initial centroids

Le e . Asigninital custers




K-means Algorithm

iteration 1

ghoo ............. ............ e ............ ............ Pick initial centroids
L e Asgninital clusters

Update centroids




K-means Algorithm

iteration 1

| IR e ............ e, ............ ............ Pick initial centroids
% ... Asigninital clusters
1_0 5 . Update centroids

Reassign clusters




K-means Algorithm

iteration 2

Pick inrtial centroids
Assign initial clusters
Update centroids
Reassign clusters

Update centroids



K-means Algorithm

iteration 2

=Y SO ............ ............ ............ ............ ............ P|Ck Inl—tlal Cen—troids
L e Asiginital custers
Update centroids

_ Reassign clusters
3k . ........... ............ ............ SO, o ............ Update centroids

| | | o Reassign clusters




K-means Algorithm

iteration 3

Pick inrtial centroids
Assign initial clusters
Update centroids
Reassign clusters
Update centroids
Reassign clusters

Update centroids



K-means Algorithm

iteration 3
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K-means Algorithm

iteration 4
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K-means clustering

Advantages

" Fasy to implement

= Converges quickly (few rterations)

= Scales better than hierarchical clustering

Disadvantages

= # clusters must be specified

* (Hyper-)spherical, similar-sized clusters
= Sensitive to outliers in data

= Sensitive to Initialization of centroids
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Handwritten digit clustering
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Handwritten digits: cluster centroids

Apply K-means to find K=10 clusters:

Cluster centroids




Handwritten digitS' visualizing clusters
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Types of clustering algorithms

Hierarchical (Agglomerative)

Clustering
f . N
Spectral Methods Dens"t)’-blased
L Clustering )

Spectral Methods

Centroid-based

Clustering

-

Mixture Models

Encodes local neighborhoods in similarity graphs — clustering using graph cuts

Density-based Clustering

Identify high-density regions in feature space separated by low-density regions

Mixture Models

Each cluster represented by parametric distribution — probabillistic (soft) clusters
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Dimensionality Reduction / Feature Learning
Linear Methods



Dimensionality Reduction

Goal: Find a linear transformation to lower-dimensional feature space that
preserves the key characteristics of the original (high-dimensional) data.
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Projections
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PCA: Maximal Variance Projection

What is principal component analysis? Larget Pincis

Projection to lower dimensional feature
space that captures the most variance In
the data (orthogonal directions).

X2
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|
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Principal components are linear
combinations of original features.

Smallest Principal
Component

Princibal components are eigenvectors of , ] I l
covariance matrix.



Example: PCA for high-dimensional data

500,000 DNA sites in human genome
projected to 2 dimensions with PCA

Principal components correspond
to geography = ancestry

Novembre et al. (2008), Nature



PCA does not always give the “best” projection.

First PC finds clusters First PC misses clusters



Non-negative Matrix Factorization (NMF)

Data approximated by positive linear combination of k vectors
containing only non-negative values = k-dimensional representation

X(i) —

mi | X = W xHH }k<<m

Original Dictionar Low-dimensional
Data Matrix Y Data Matrix

X,W,H=0



Original x(

= ]

Parts-based representation (sparse)

Lee & Seung (1999), Nature
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Geoscience Example |: Holtzman et al. (2018)

NMF and K-means to characterize seismic source properties

—

Seismic sionals Spectrograms _| Non negative matrix - Hidden Markov | Frequency/temporal
g (in decibels) factorization (NMF) | | model (HMM) "fingerprints"

- 1aa g

|) Learn feature representation with NMF and Hidden Markov Model
2) Cluster 46,000 earthquakes in Geysers geothermal field



Geoscience Example |: Holtzman et al. (2018)

NMF and K-means to characterize seismic source properties

P K-means clustering:

Distance minimization
A Euclidean for_J clusters:

Fingerprint, A

! =

Next state

Past state

Centroids

|) Learn feature representation with NMF and Hidden Markov Model
2) Cluster 46,000 earthquakes in Geysers geothermal field



Dictionary Learning & Sparse Coding

" Method for feature learning / representation learning — learns a sparse
representation of the data

= Overcomplete basis = data sparse in a higher dimensional feature space
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Dimensionality Reduction & Manifold Learning
Non-linear Methods



Assumption: data live on a non-linear, low-dimensional manifold.

A A

.,y ".* .} :.é..* ’
o.. 3‘

4 B

-

Dimensionality reduction by (linear) projection
not preserve structure (color progression).

onto a 2D plane will



Kernel PCA

Applies PCA to (implicit) higher-dimensional representation of data.

Original Data Polynomial Kernel

X, = 27 PC
X, = 2M PC




Self Organizing Maps (SOM)

Prototypes Initialized along
|t principal component axis Final result of SOM fiteration
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Geoscience Example 2: Roden et dl. (2015)
PCA & SOM for interpretation of seismic reflection data
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|) PCA used to select subset of seismic attributes
2) SOM (64 prototypes in 8x8 grid) identifies geologic features



Geoscience Example 3: Kohler et al. (2009)
SOM clustering to visualize and discriminate wave phases

SOM +
Hierarchical clustering




Neural Network: Autoencoder

Encoder Decoder
® ®
& ® ®
N} & ® ®
Original Reconstructed
Image & (] Image

Input Hidden Output

Autoencoder learns an approximate identity operator, composed
of an encoder (reduces dimensionality) and a decoder



Neural Network: Autoencoder

I*—*’—* S

Original Reconstructed

Image Compressed Image
Representation

Autoencoder learns an approximate identity operator, composed
of an encoder (reduces dimensionality) and a decoder



Geoscience Example 4- Valentine & Trampert (2012)

Autoencoder for waveform data
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earthquake waveforms from low-
dimensional representation (encoding)
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Geoscience Example 5. Valentine et al. (201 3)

Autoencoder for finding seamounts in bathymetric data

_ . . -150° -145° -140°
Network input Reconstruction Difference .

Topography (m) Reconstruction Error
-6000 -3000 0 3000 0 5 10 15 20

|) Autoencoder learns features to reconstruct seamount bathymetry
2) Seamount discovery => reconstruction quality as classification metric



Do you have Common ML
labeled data!?

Yes No Algor'ithms

Supervised Unsupervised
Learning Learning
Predict quantity Group or
or category!? reduce dimension?
Classification Cluster Analysis Dimensionality
Reduction

( DBSCAN

K-means)

—e
Hierarchical
Clustering CAutoencoder)




Questions!

karianne_bergen@fas.harvard.edu



