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- — boundary
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ARSRHAM: Classify x into C; if p(Cilx) > p(Ci1x) else C;.
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Do we really need a model ?

Data

@% Model

How about utilizing
data directly ?

Machine Learning: Lecture 5 4



Today

Let's learn a simple (naive) method for classification.
- K-Nearest Neighbor

Machine Learning: Lecture 5



A Simple Analogy... usBARES

* Tell me about your friends (who your neighbors are).
Then I will fell you who you are.

Machine Learning: Lecture 5



K-NN Classification

* Classified by “MAJORITY VOTES” from neighbor classes.

* An object is classified to the most common class amongst
its k nearest neighbors measured by a “distance” function

A
---------- Classe B
& .
X1 :‘ .. 1 "’ .
k=3.” /@
k=6 ®
>
X

@ I | How to determine whether an object falls into
/4 | the k-nearest neighbors?

Machine Learning: Lecture 5



Distance Measures

e Euclidean Distance (BX K. 3E &)

n
Dx.y) = | D Cuw)
V =1

where x = (x, X,,..., x,) and y = (1, V..., Vn) represent the n
attribute values of two records.

' doesn’t work well in high dimensions and categorical
'varlables because it ignores the similarity between i
: aftributes. i
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Distance Measures

* Manhattan Distance (a.k.a. city block distance)

D(x, y)=XiL1lx; — yil [ /
Manhattan Euclidean

|1 — 22| + |y1 — 2|

* Minkowski Distance(/%] X . 7E %)

1

P=2 Euclidean distance

n ?
D (z,y) = (Z |z, — yu‘l’) p=1 Manhattan distance
u=1

Machine Learning: Lecture 5



Distances

Example ,
point X1 X
X2 pl 0 2
31 p2 2 0
) e p3 3 1
p4 5 1
1 o ()
0 ® > X : . .
1 Euclidean Distance Matrix
O 1 2 3 4 5 6
pl p2 p3 p4
pl 0 2.828 3.162 5.099
p2 2.828 0 1.414 | 3.162
p3 3.162 | 1.414 0 2
p4 5.099 3.162 2 0
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Normalization (V2 —4k)

e Standardize the range of attributes (features of data)

...':'.'.'.'....’;z‘ r'
ID | Grade | Age | Score ID | Grade | Age | Score
1 3 22 92 1 0.5 0.5 1
2 4 23 87 2 1 1 0.5
3 2 21 82 3 0 0 0

L] L] X -
Z-score normalization: rescale the data so that  x . = a
the mean is 0 and the standard deviation is 1. o
. T X — Xmin
Min-max normalization: scale the data X =
) morm
to a fixed range of [0, 1]. Xmax — Xmin

Machine Learning: Lecture 5 11



Similarity vs. Distance

e Similarity: numerical measure of how alike two data
objects are.

* Is higher when objects are more alike.

* Often falls in the range [0, 1].

* Cosine Similarity

aehbh
4 cos(6) =
[lallx[]bl]l
” (Xv Yl) . (Xg, Yz) 1: exactly the same
[ 2 2 [ 2 2 cos(dy, d,) = { 0:orthogonal
X + ¥ XaX, +.F 1 ™2
: . . : —1: exactly opposite

X\ x, + »nr,

o 2 2 {2 2
X1+}’1>< X2+}’2
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Example

d,=[3205000200]
d,=[1000000102]

d; d,=3x1+2x0+0x0+. . +0x2 =35
|d,|| = (32+2%+. . . +0%)%> = 6.481

|d,|| = (12+0%+. . +22)%>=2.245
cos(dy,dy) = (dy-dy)/||dy|| ||dy]| = 0.3150

Machine Learning: Lecture 5
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The Algorithm

/Algorithm

1. Determine parameter K
2. Choose a sample from the test data that needs to be classified

and compute its distance to all the training examples.

4. Assign the test class to the class based on the majority vote of
N its k neighbors.

3. Sort the distances obtained and take the k-nearest data samples.

/

Machine Learning: Lecture 5



The Algorithm

Initial Data
A New example
* to classify Class A
* Class B
| * x X
* * ?" A AA
A A A
A A
X-Axis d

Y-Axis

Calculate Distance

Class A

* * Class B
X & *‘

X AA

w2 4

A A A

X-Axis g

Y-Axis

Finding Neighbors & Voting for Labels

Class A
* * * Class B
* *I'—"-\\
K A AA
Y 1
Wk=3tN) A A

v

Machine Learning: Lecture 5
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KNN - Example

Stepl - calculate

Step2 - rank

Training set

ID | width | height Type

1 5.2 8.0 Temons

2 6.7 9.8 Temons

3 7.2 7.5 orang

4 6.1 5.3 orang

5 4.1 6.5 Temons

Test instance

6 6.2 9.7 ?
=lemon

distances the neighbors.
6 6
1 5.099 2 2.828
2 2.828 | sort 4 3.162
s | 5623 | = 1 | 5.0
4 3.162 3 5.623
5 7.892 5 7.892

Temon

orange

Temon

Stepd4 -
voting.

Step3 - select the
nearest neighbors.
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What is the best value of K to use?

Machine Learning: Lecture 5
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Decision Boundary

Voronoi Tessellation (£ B, X % iE/F5HF))

e Partition the space into areas that are nearest to any given point

* Boundary: points at the same distance from two different
training examples.

Decision Boundary: boundaries that separates two different
classes. | _; K=1 K>1

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

Machine Learning: Lecture 5 18



Effect of K

e Larger K produces smoother boundary etffect

* When K==N, always predict the majority class

K=1 K=15
¢ g °°‘°> ; 3
A ,
i 0 ?:o : °
Q Cc_" [+ Y i I
- c e )
o ) 8 oo B2
% : u:q-ﬁc :a OJ 1
s ok ) 0
° R A e A S #
g o v Bt olo
Foye & e c\‘ 2
f & o o
s ka "\—f-
'd oe I\'
A d
4 -
/

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

Discussion: which model is better between K=l and K=15? Why?
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How to choose K?

- A - W - ® If Kis too small, efficiency is

- gl o | S . _ af*.l+ increased but becomes
7. Tl k™ 3 susceptible to noise.
" > T = iy * -+ » Larger K works well. But too
= = = < 2 * large K may include majority
(a) 1-nearest neighbor  (b) 2-nearest neighbor  (c) 3-nearest neighbor

points from other classes, but

risk of over-smoothing
classification results
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Try it yourself

http://vision.stanford.edu/teaching/cs231n-demos/knn/

Machine Learning: Lecture 5
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Pros and Cons

Advantages:

— Simple to understand, explain, and implement,
— No effort for training,

— New data can be added seamlessly without hampering the
model accuracy

Machine Learning: Lecture 5 22



Pros and Cons

Disadvantages:

— Does not scale with large data sets (calculating distance is
computationally expensive)

— Highly susceptible to the curse of dimensionality
— Large storage requirements

— Data normalization is required

Machine Learning: Lecture 5
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Tutorial: KNN with Python

https://www.kaggle.com/code/lohithal 7/knn-without-scikit-learn

IT’S TIME

FOR
coding

Machine Learning: Lecture 5
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