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Nearest Neighbor Algorithm

Remember all training examples
Given a new example X, find the its closest training
example <x', y’> and predict y'
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How to measure distance — Euclidean (squared):
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Decision Boundaries: The Voronol Diagram

* Given a set of points,
a Voronoi diagram
describes the areas
that are nearest to
any given point.

 These areas can be
viewed as zones of
control.




Decision Boundaries: The Voronol Diagram

« Decision boundaries are formed
by a subset of the Voronoi
diagram of the training data

* Each line segment is
equidistant between two points

of opposite class.

 The more examples that are
stored, the more fragmented

and complex the decision
boundaries can become.



Decision Boundaries

With large number of examples
and possible noise in the labels,
the decision boundary can
become nasty!

We end up overfitting the data




K-Nearest Neighbor

Example:

K =4 New example
/

O
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Find the k nearest neighbors and have them vote. Has a
smoothing effect. This is especially good when there is noise
In the class labels.



k-Nearest Neighbor: Probabilistic Interpretation

Example: * Can interpret k-NN as Maximum
Aposteriori (MAP) Classifier a.k.a.
K=4 New example Baye’s classifier.

/ * Posterior Probability =

p(class|example)
O 0 3
ply = red|z) = A
1
© ° p(y = green|z) = 7

e k-NN uses MAP Rule:

y* = arg max p(y|z)
= red



Effect of K
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Figures from Hastie, Tibshirani and Friedman (Elements of Statistical Learning)

Larger k produces smoother boundary effect and can reduce the
impact of class label noise.

But when K = N, we always predict the majority class



kNN in action

Example |

[
»

— Three-class 2D problem with non-linearly
separable, multimodal likelihoods

— We use the kNN rule (k = 5) and the
Euclidean distance

— The resulting decision boundaries and
decision regions are shown below
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Example Il

— Two-dim 3-class problem with unimodal
likelihoods with a common mean; these
classes are also not linearly separable

— We used the kNN rule (k = 5), and the
Euclidean distance as a metric
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Question: how to choose k?

« Can we choose k to minimize the mistakes that we make
on training examples (training error)?

Test error

1+ — Train error

K=20 K=1 A model selection
problem that we will

Model complexity study later




Characteristics of the k-NN Classifier

* Advantages:
* Simple interpretation of Baye’s classifier
* Can discover complex non-linear boundaries between classes
e Easy to Implement (10 effective lines of Matlab code)

* Disadvantages:

* Lazy learning algorithm: It defers the “learning” until a test example is given. Thus,
it doesn’t “learn” from the training data. It actually memorizes all the data.

» Considers all training data before it can classify a test example = Large storage
and computation requirements.

* Susceptible to curse of dimensionality.
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Problem 1 (20 points)

You want to classify zoo animals. Your zoo only has two species: elephants and giraffes.
There are more elephants than giraffes: if Y is the species,

e
lephant) =
py (elephant) )
1
vaffe) —
py (giraffe) )

where e = 2.718... is the base of the natural logarithm. The height of giraffes is Gaussian,

with mean ug = 5 meters and variance Ué = 1. The height of elephants is also Gaussian, with

mean pp = 3 and variance U?E = 1. Under these circumstances, the minimum probability of
error classifier is

() = { giraffe x>0

elephant = < 6

Find the value of # that minimizes the probability of error.









