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Clustering

(including k-nearest neighbor classification, k-means
clustering, cross-validation, and EM, with a brief foray
into dimensionality reduction with PCA)

A different approach to classification
Megrest nesghbor dossification on the ins dataset

* Mearby points are likely to be

members of the same class. 25
Class |
* ‘What if we used the points . = -
themselves to classify? -
dassify 3 in Ceif 2 is “similar™to 1.5 '{J:-
a point we dready know is in Cx Class 3
1 C
® Bz unclassified point X is more 0.5
similar Class 2 than Class |. eud Chss3
e [ssue: How to define “similar™ ? o 2 3 2 : 8 7
Simplest is Euclidean distance: %
'l a Potential advantages:
d(x,y) L[JT" W) * don’t need an explicit model
' * the more examples the better
s Could define other metrics * might handle more complex classes
depending on application, eg. text ~ * 225Y to Implement

documents, images, etc. * “no brain on part of the designer™
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A complex, non-parametric decision boundary

* How do we control the complexity
of this model?

= difficult
* How many parameters?
- every data point is a parameter!

# This is an example of a non-parametric
muodel ie where the model is defined
by the data. (Also, called, instance

based)
, * Can get very complex decision
- boundaries
pTls feom Mordhl Herbsert
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Example: Handwritten digits

g & 9 7 v g L & 4 | » Llse Euclidean distance to see which
& 757 ¢ b3 4 g & known digit is closest to each class.
e 240 A4+ K # But not all neighbors are the same:
L’l‘fl’ﬂff‘b?q example nearest neighbors

b, ”
7656926581 499 =
22223344380 AR ALt 2
VA3 8073857 e
o ﬂ'dﬂq Lo 2 « 3 » “k-nearest neighbors™
7/2810b1g28 o/ look at k-nearest neighbors and
'i" "'f ‘.Z"_',"ii‘ _ choose most frequent

» Cautions: can get expensive to find

e : neighbors

Dagits are just

represantad as a
WaCtor.
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The problem of using templates (ie Euclidean distance)

* YWhich of these is more like the
example! A or B!

exampls

?49Y

Froer. Shrard sol, 1699

» Fuclidean distance only cares about
how many pixels overfap.

* Could try to define a distance metric
that is insensitive to small deviations

in position, scale, ro@ation, etc.
* Digit es@ample:

= 60,000 training images,

= 10,000 test images

= no“preprocessing”
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performance results of various classifiars
(from httpfyann lecun comexdbimnist)

. error rate on
Classifier test data (%)
linear 120
k=3 nearest neighbor 50
(Euclidean distance) ]
1-layer neural network 47
(300 hidden units) )
nearest neighbor 3]
(Euclidean distance) ]
k-nearest neighbor 1]
{improved distance metric) )
convolutional newral net 0.95
best (the conv. net with
e A 0.4
elastic distortions)
humans 02-25
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