CS 66: Machine Learning

Prof. Sara Mathieson
Spring 2019




Outline for April 19

* Finish: Gaussian Mixture Models
* Hierarchical clustering algorithms
* Dimensionality reduction

Submitted proposal Wed: feedback and repo

Submitted proposal Thurs: repo (will send feedback today)
Everyone else: submit today!

Mon/Wed next week: Midterm 2 review (midterm in lab)
Fri next week: Guest lecture by Prof. Matt Zucker

Office hours today: 1-3pm



Outline for April 19

 Finish: Gaussian Mixture Models
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the Iris flower data

spherical

diag

Example of different covariance constraints on

Train accuracy: 88.3

Test accuracy? 92.3

Train accuracy: 93.7

Test accuracy? 89.7

tied

full

Train accuracy: 95.5
Test accuracy? 100.0

Train accuracy: 94.6

Test accuracy? 97.4

Ko ,3?

X

>X‘x

setosa
versicolor
virginica

https://scikit-learn.org/stable/auto _examples/mixture/plot gmm covariances.html#sphx-glr-auto-examples-mixture-plot-gmm-covariances-py




Outline for April 19

* Hierarchical clustering algorithms



Applications of clustering in ML

* Cluster genes with similar
expression patterns

ey O I

Cluster analysis and display of genome-wide expression patterns

i " Paul T. Spellman,* Patrick O. Brown,’r and David Botstein ¥




Applications of clustering in ML

Who's Who?

* Group face images of the
same person together

* Unsupervised since we
don’t have any labeled
faces, and don’t know how
many people there are




Applications of clustering in ML

* Image segmentation: cluster similar
regions of an image

Image: Jessica Wu



Applications of clustering in ML

* Clusteringin
social graphs

Image: https://griffsgraphs.wordpress.com/2012/07/02/a-facebook-network/



Two main types of clustering

* Flat/Partitional:
— K-means

— Gaussian mixture models
* Hierarchical:
— Agglomerative: bottom-up
— Divisive: top-down
— Examples: UPGMA and Neighbor Joining



Are pandas more closely related to bears or raccoons?

Credit: Ameet Soni



UPGMA and Neighbor Joining

e Start with a dissimilarity map between
examples (symmetric matrix)

* Say our examples are: A,B,C,D,E
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UPGMA example

B C E F G
19.00
27.00 { 31.00
18.00 { 26.00
33.00 | 36.00 | 41.00 | 31.00
18.00 { 1.00 :32.00 ; 17.00 ; 35.00
13.00 { 13.00 | 29.00 | 14.00 | 28.00 | 12.00

Southampton

School of Biological Sciences

B F G C E

Figure: Dr. Richard Edwards
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UPGMA example

B C E F G
B 19.00
C 27.00 { 31.00
18.00 | 26.00
33.00 | 36.00 | 41.00 | 31.00
18.00 ; 1.00 :32.00 : 17.00 ; 35.00
13.00 { 13.00 | 29.00 | 14.00 | 28.00 { 12.00
BF C E
BF 18.50
C 27.00 | 31.50
17.50 | 26.00
E 33.00 | 35.50 | 41.00 | 31.00
G 13.00 | 12.50 : 29.00 : 14.00 : 28.00
BF C E
BF 18.00
C 26.50 | 31.50
E 32.00 | 35.50 | 41.00
G 13.50 | 12.50 | 29.00 | 28.00
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UPGMA example

B C E F G
B 19.00
C 27.00 { 31.00
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UPGMA example

B F G C E

0.5

5.75

_Jos
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2.0

B C E F G
B 19.00
C 27.00 | 31.00
18.00 | 26.00
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UPGMA example
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UPGMA example
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Neighbor Joining
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Image: Michael Dunn



Back to the pandas....



Millions of years ago

Back to the pandas....

40+ ‘

15+

104

” y Qﬂ (A l..“\“‘i;; Credit:

BROWN POLAR BLACK SPECTACLED GIANT RACCOON RED PANDA Ameet
BEAR BEAR BEAR BEAR PANDA Soni



Outline for April 19

* Dimensionality reduction



Principal Components Analysis (PCA)

Transforms p-dimensional data so that the new first dimension
explains as much of the variation as possible, the new second
explains as much of the remaining variation as possible, and so on

Typically, we look at the first few dimensions of the transformed
data and use as a means of dimensionality reduction

PCA is a linear transformation

PCA is often used for:
— Data visualization

— Infer qualitative relationships between groups



Principal component analysis
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Global population structure
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What causes these patterns?

1. Populations splits separate populations

e

Oldest split corresponds to

\ first principal component
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What causes these patterns?

2. Admixture merges populations
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PC3
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Global population structure
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Global population structure
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PCA (linear) vs. Autoencoder (non-linear)

- PCA Autoencoder
Original image reconstruction reconstruction




