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Who’s talking? Pro
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» Classification
* Regression

. Clustering
|. k-means clustering




Food distribution placement

oy
LS\

FEED|NG
AMERICA

nin

MEALS@WHEELS
AMERICA
TOGETHER, WE CAN DELIVER.

2 [https://commons.wikimedia.org/wiki/File:Food_Truck_-_The_Noun_Project.svg;
https://www.feedingamerica.org/; https://www.mealsonwheelsamerica.org/]



Food distribution placement

i

Yes Free Luhnch MEALS@WHEELS

AMERICA

TOGETHER, WE CAN DELIVER.
2 [https://commons.wikimedia.org/wiki/File:Food_Truck_-_The_Noun_Project.svg;
https://www.feedingamerica.org/; https://www.mealsonwheelsamerica.org/]




Food distribution placement



Food distribution placement

 Where should | have
my k food trucks park?



Food distribution placement

 Where should | have
my k food trucks park?

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

e

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

e

Xo: latitude

X1: longitude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

* Want to minimize the
loss of people we serve

e

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

& | | * Want to minimize the
0SS of people we serve

1 o Person ilocation z®

L4

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

& | | * Want to minimize the
0SS of people we serve

1 o Person ilocation z¥

L4

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

& | | * Want to minimize the
0SS of people we serve

1« Person i location z®
» Food truck jlocation pu\¥)

L4

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 « Person ilocation z¥
» Food truck jlocation !9

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 « Person ilocation z¥
» Food truck jlocation !9

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |Index of truck vvhere
person j walks: y®

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

* Loss it /walks to truck J:

Xo: latitude

X;Iongﬁude

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

X;Iongﬁude

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

* Loss across all people:

X;Iongﬁude

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N * Loss across all people:
x1: longitude S 2@ — p@™)

b

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]

3



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N  Loss across all people;
x1: longitude Sy @ =} [a® — pO|3

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N  Loss across all people;
x1: longitude S Sj;‘.’_l 1{y® = j}|z® — pul9)]|3

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N  Loss across all people;
x1: longitude ST 1{y@ = j}a® — p@3

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

_ ° * Loss across all people:
x1: longitude S 5:;‘3_1 1{y® = j}||z® — p()]2

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

_ ° * Loss across all people:
x1: longitude ST ;:;‘3_1 1{y® = j}|lz® = p@2

3 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]




Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
|x(i) _ 'u(j)||2

Xo: latitude

N  Loss across all people;
x1: longitude S:z_ S:J —1 l{y(z ]}Hﬂ3(z) - U(J)Hz

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N  Loss across all people;
x1: longitude Sj;?_l S H{y® =}z — )3

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N * Loss across all people:
x: longitude S Y 1{y® = j}a® — uO)|2

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

N * Loss across all people:
x1: longitude  argmin,,, 5:?_1 Sy = 5}z — p)||3

3

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

* Loss across all people:

x1: longitude  argmin,, ,, S:;“_l Sy = 5z — p)]|3
* a.k.a. k-means objective

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]

3



Food distribution placement

 Where should | have
my k food trucks park?

 Want to minimize the
0SS of people we serve

1 o Person i location z¥
» Food truck jlocation !9

* |ndex of truck where
person i walks: y(

e Loss if i walks to truck J:
) — 9|3

Xo: latitude

* Loss across all people:

xi: longitude  argmin,, ,, Zj;‘.’_l S H{yW = 5}z — ,u(j)Hj%
e a.k.a. k-means objective

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]

3



K-means algorithm



K-means algorithm

k-means



K-means algorithm

k-means (k, 7)



K-means algorithm

k-means (k, 7)



K-means algorithm

k-means (k, T)



K-means algorithm

k-means (k, 7)

| L™
¥ &

Xo: latitude

X;Iongﬁude

4



K-means algorithm

k-means (k, 7)

Xxo: latitude

L y

x1: longitude

4



K-means algorithm

k-means (k, 7)

| L™
¥ &

Xo: latitude

X;Iongﬁude

4



K-means algorithm

k-means (k, 7)

;‘*‘.' Init {H(J)}§=1

Xo: latitude

X;Iongﬁude

4



K-means algorithm
| . k-means (k, 7)
Init {pP}5_,

Xo: latitude

X;Iongﬁude

4



K-means algorithm

k-means (k, 7)
Init {u)}r_,
for £t = 1 to 7T

Xo: latitude

X;Iongﬁude

4



K-means algorithm

k-means (k, 7)
Init {u}s_,
for £t =1 to 7T

i . for 1 = 1 to n

Xo: latitude

X;Iongﬁude

4



K-means algorithm
| . k-means (k, 7)
Init {u}s_,
for t = 1 to T

i . for 1 = 1 to n
' y(i) _

arg min [ — 403

Xo: latitude

X;Iongﬁude

4



K-means algorithm
| . k-means (k, 7)
Init {u}s_,
for t = 1 to T

= . for 1 = 1 to n
' y@)::

arg min [z — 1|3

Xo: latitude

X;Iongﬁude

4



K-means algorithm

Xo: latitude

x.1: longitude

k-means (k, 7)
Init {u}s_,
for t =1 to 7

for 1 = 1 to n
y@)::

arg min |z — u19 |3



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min [z — 1|3

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
() = | |
arg min |z — p))|3
for Jj = 1 to k

Xo: latitude

Xﬂlongﬁude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

,u(j) _
Z?:l 1{y(’i) — ]’}3;(’5)
> i H{y® = 5}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

,u(j) —
Z?:1 l{y(z) =7}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

,u,(j) —
>icy 1{y® = j}a®
Z?:1 1{y®) = j}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

,LL(j) _
Z?:1 1{y() = j}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

,u,(j) _
Z?=1 l{y(i) — j}w(i)
Z?:1 l{y(z) =7}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

N(j) —
> iy Hy =5}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

,u(j) _
Z?:l 1{y(’i) — ]’}3;(’5)
> i H{y® = 5}

Xo: latitude

x.1: longitude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y(i) _

arg min |z — p9))|2
for 7 =1 to k

M(J’) _
E:Z:ll{y@)=:j}$u)
Z?:1 l{y(z) =7}

—

Xo: latitude

iﬂlongﬁude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y@)::

arg min |z — p9))|2
for 7 =1 to k

“(J') _
2:2:11{y@)=:j}$u)

—

Xo: latitude

iﬂlongﬁude



K-means algorithm

k-means (k, 7)

Init {u}s_,
for t =1 to 7T

for 1 = 1 to n
y(i) _

—

arg min |z — ¢

for 7 =1 to k
#(j) — | |
> i Hy = j}a®

Xo: latitude

iﬂlongnude



K-means algorithm

k-means (k, 7)
c| Init {pPYr
L. . - | for t = 1 to T

for 1 = 1 to n
y(i) _

arg min [|2”) — p|3

_% : . for 7 = 1 to k
2 ' : N(j) —
R " 1,10 = j)a®

x.1: longitude

4



K-means algorithm

k-means (k, 7)
c| Init {pPYr
L. . - | for t = 1 to T

i .:@",:{‘.’
. for 1 = 1 to n
ST arg min ||z — |3

— . 7

[0 i | for j = 1 to k
2 ' : ,U’(j) _
RN o, 1y = j)a
> ey Wy = j}

x.1: longitude

4



K-means algorithm

k-means (k, 7)

5’- Init {M(j)}k';:l
.| for t =1 to T

P .:1%5?
. for 1 = 1 to n
. y(i) — . .
ST arg min ||z — p9)||3

— . 7

%i////////. , . for.j = 1 to Kk

E S, 1{y® = 32t
X > i1 Wy = j}
x.1: longitude

4



K-means algorithm

k-means (k, 7)

;-'i Init {u9}_,
. “-] for t =1 to T
o .:ié",';?-‘?

for 1 = 1 to n
T arg min [z — 1|3
V for § = 1 to k
2 pl) =
= > i HyW = j}a®
s S 10 = J)

)51: longitude

4



K-means algorithm

k-means (k, 7)

X1: longitude

4

g'h- Init {M(j)}k';:l

for t = 1 to T

m .:i?‘!sis .
for 1 = 1 to n
(2) —
. Yy = . .
- T Cargminle® - 9|3
° J

3 fOi)j = 1 to k
"3 . . /j, J — | |
f_? . f@'} Diz1 1{y(z) = j}z(z)
< : >, 1{y® = 5}




K-means algorithm

k-means (k, 7)
o Init {uW}5_,
L. .o | for t =1 to 7T

for 1 = 1 to n
y@)::

o~ argminfe® - u03

J
for 7 = 1 to k

/L(j) _

x.1: longitude

4



K-means algorithm

k-means (k, 7)

o Init {p9YE,
. . - | for t =1 to T
G .:4%13
for 1 =1 to n
(1) _

' s Y @) G2
L o~ Cagminfa® - 493
fi/////, | for.j = 1 to k
2 pl) =
g - > iy H{y® = j}a
< . > e Hy® = j}
X1: longitude

4



K-means algorithm

k-means (k, 7)

o Init {p9YE,
. . - | for t =1 to T
G .:4%13
for 1 =1 to n
(1) _

' s Y @) G2
L o~ Cagminfa® - 493
fi/////, | for.j = 1 to k
2 pl) =
g - > iy H{y® = j}a
< . > e Hy® = j}
X1: longitude

4



K-means algorithm
. k-means (k, 7)

# Init {U(j)};?:l
. . . for t =1 to 7T

}qk

for 1 = 1 to n
(2) —
T~ T arg min |z — 40|32
T J
for 7 = 1 to k
N(J) _

277;;1 l{y(z) = J}

Xxo: latitude . .
\ "

x1: longitude

4



K-means algorithm

k-means (k, 7)

::*‘.. Init {“(J)}le

for 1 = 1 to n
() _
- . Y ) ()2
. — T arg min ||z — 7|3
[0 ' for § = 1 to X
2 pl) =
g - >0, 1y = )
5 > e Hy® =35}

x1: longitude

4



K-means algorithm

¥

. . - for t = 1 to T

k-means (k, 7)
Init {u}5_,

}' ' .’;*-’ Yold = Y
for 1 =1 to n
(i) _
~ . J () () )12
T arg min [ — u7 |l
[0 ' for § = 1 to X
2 pl) =
& S 1O = j)a®
g Z?=1 l{y(z) — J}

x1: longitude

4



K-means algorithm

k-means (k, 7)
c Init {pWYE,
L. .- - for t = 1 to T
3§ . Yold — Y
for 1 = 1 to n
(@) _

Yarg min [t — 9]
for 7 =1 to k

,u(j) _
1f ¥y = Youd
break




K-means algorithm

k-means (k, 7)
o Init {p9Y W,
L. .- - for t = 1 to T
R . Yold = Y
for 1 = 1 to n
(@) _

Yarg min [t — 9]
for 7 =1 to k

,u(j) _
1f ¥y = Youd
break




K-means algorithm

k-means (k, 7)
o Init {p9Y v,
L. .- - for t = 1 to T
R . Yold = Y
for 1 = 1 to n
(@) _

Yarg min [t — 9]
for 7 =1 to k

,u(j) _
1f ¥y = Youd
\ break
= return {p}_,, {yW}1,




Compare to classitication

X1: longitude

5



Compare to classitication

 Did we just do k-class

classification?
= .:‘ﬁt‘?.
Hn’
iJ/
[® :
=
’,

X1: longitude

5



Compare to classitication

 Did we just do k-class
classification”

g 5 " | * Looks like we assignhed
ot - a labely(®) which takes
k different values, to
each feature vector z(¥

Xo. Ia*
fe, .

X1: longitude

5



Compare to classitication

 Did we just do k-class
classification”

2 R . " | * Looks like we assigned
s ot - a labely(®) which takes
k different values, to
each feature vector z(¥

.\. /\  But we didn't use any
' labeled data

Xo. Ia*
fe, .

X1: longitude

5



Compare to classitication

 Did we just do k-class
classification”

. xs .* " | * Looks like we assigned
& a labely(9) which takes
k different values, to
each feature vector z(¥

 But we didn't use any
labeled data

L4

Xo: latitude

X;Iongﬁude

5



Compare to classitication

 Did we just do k-class
classification”

. xs .* " | * Looks like we assigned
& a labely(9) which takes
k different values, to
each feature vector z(¥

 But we didn't use any
labeled data

. * The "labels” here don't
- have meaning: | could
SRR S permute them and

' ' have the same result

L4

Xo: latitude

X;Iongﬁude

5



Compare to classitication

 Did we just do k-class
classification”

2 R . " | * Looks like we assigned
s ot - a labely(®) which takes
k different values, to
each feature vector z(¥

.\. /\  But we didn't use any
' labeled data

e The “labels” here don't
have meaning; | could
permute them and
have the same result

X1: longitude

5



Compare to classitication

 Did we just do k-class
By classification®

* Looks like we assigned
a labely(®) which takes
k different values, to
each feature vector z(¥

.\. /\  But we didn't use any
' labeled data

* [he “labels” here don't
have meaning; | could

e permute them and

' have the same result

Xo. Ia*
7 J

X1: longitude

5



Compare to classitication

Xo. Ia*

X1: longitude

5

 Did we just do k-class

classification?

Looks like we assigned
a labely(®) which takes
k different values, to
each feature vector z(¥

But we didn’t use any
labeled data

The “labels” here don't
have meaning; | could
permute them and
have the same result

Output is really a
partition of the data



Xo: latitude

x1: longitude

6



e So what did we do”

X1: longitude

6



e So what did we do”

e \We clustered the
data

X0 latitude
fo, . :

‘ (8]

r I3
.. y .‘

. ; iﬂ%’:.

X1: longitude

6



e So what did we do”

 We clustered the
data: we grouped the
data by similarity

i)/
O :
=

X1: longitude

6



e So what did we do”

 We clustered the
data: we grouped the
data by similarity

Xo: Ia*
v, . -

) =
<
o
o
.. ..-
. B
Yy
o

X1: longitude

6



e So what did we do”

 We clustered the
data: we grouped the
data by similarity

Xo: latitude

X;Iongﬁude

6



e So what did we do”

 We clustered the
data: we grouped the
data by similarity




e So what did we do”

 We clustered the
data: we grouped the
data by similarity




e So what did we do”

 We clustered the
data: we grouped the
data by similarity




e So what did we do”

 We clustered the
o . . . data: we grouped the
L e , data by similarity




e So what did we do”

%? * We clustered the
. . : data: we grouped the
:{}3 , data by similarity




e So what did we do”

 We clustered the
data: we grouped the
data by similarity




e So what did we do”

 We clustered the
data: we grouped the
data by similarity

* Why not just plot
the data”




e So what did we do”

 We clustered the
data: we grouped the
data by similarity
* Why not just plot
the data” You
should!




e So what did we do”

 We clustered the
data: we grouped the
data by similarity
* Why not just plot
the data”? You
should! But also:




e So what did we do”

 We clustered the
data: we grouped the
data by similarity
* Why not just plot
the data” You

should! But also:
Precision




e So what did we do”

 We clustered the
data: we grouped the
data by similarity
* Why not just plot
the data”? You

should! But also:
Precision, big data




e So what did we do”

 We clustered the
data: we grouped the
data by similarity

* Why not just plot
the data”? You
should! But also:
Precision, big data,
high dimensions




e So what did we do”

 We clustered the
data: we grouped the
data by similarity

* Why not just plot
the data”? You
should! But also:

Precision, big data,

nigh dimensions,

nigh volume




e So what did we do”

 We clustered the
data: we grouped the
data by similarity

* Why not just plot
the data”? You
should! But also:

Precision, big data,

nigh dimensions,

nigh volume

 An example of
unsupervised
learning. no labeled

data, & we're finding
patterns



e So what did we do”

e We

clustered the

data: we grouped the

data by similarity

* Why not just plot
the data”? You
should! But also:

D

i

r‘ecision, big data,

igh dimensions,

N

gh volume

 An example of
unsupervised
learning. no labeled
data, & we're finding
patterns



Clustering & related

e So what did we do”

e We

clustered the

data: we grouped the

data by similarity

 Why not just plot
the data” You
should! But also:

D

i

r‘ecision, big data,

igh dimensions,

N

gh volume

 An example of
unsupervised
learning. no labeled
data, & we're finding
patterns



Clustering & related

using k-means
algorithm

e So what did we do”

e We

clustered the

data: we grouped the

data by similarity

 Why not just plot
the data” You
should! But also:

D

i

r‘ecision, big data,

igh dimensions,

N

gh volume

 An example of
unsupervised
learning. no labeled
data, & we're finding
patterns



Clustering & related

e So what did we do”

 We clustered the
data: we grouped the
data by similarity

* Why not just plot
the data” You
should! But also:

Precision, big data,

nigh dimensions,

K-means
clustering

using k-means nigh volume
algorithm  An example of
unsupervised

learning. no labeled
data, & we're finding
patterns



Clustering & related

e So what did we do”

 We clustered the
data: we grouped the
data by similarity

 Why not just plot
the data” You
should! But also:

Precision, big data,

nigh dimensions,

clustering

k-means
clustering

using k-means nigh volume
algorithm  An example of
unsupervised

learning. no labeled
data, & we're finding
patterns




Clustering & related

unsupervised
learning

clustering

k-means
clustering

using k-means
algorithm

v

e So what did we do”

e We

clustered the

data: we grouped the

data by similarity

* Why not just plot
the data”? You
should! But also:

D

i

r‘ecision, big data,

igh dimensions,

N

gh volume

 An example of
unsupervised
learning. no labeled
data, & we're finding
patterns



K-means algorithm: initialization



K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective



K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective




K-means algorithm: initialization

 Theorem. If run for
| , , enough outer iterations,
= R % ' the k-means algorithm
' will converge to a local
minimum of the k-
means objective




K-means algorithm: initialization

 Theorem. If run for

| , , enough outer iterations,
= R % ' the k-means algorithm

' will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective

 [hat local minimum
- could be bad!




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!




K-means algorithm: initialization

'“r' .| * Theorem. If run for
e enough outer iterations,

the k-means algorithm
will converge to a local
minimum of the k-
means objective

 That local minimum
could be bad!




K-means algorithm: initialization

'“r' .| * Theorem. If run for
e enough outer iterations,

the k-means algorithm
will converge to a local
minimum of the k-
means objective

 That local minimum
could be bad!




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
- : the k-means algorithm
’ will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
Y - the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!

* [he initialization can
make a big difference




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
Y - the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!

* [he initialization can
make a big difference

e SOme options:




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
Y - the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!

* [he initialization can
make a big difference

* Some options: random
restarts




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
S : the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!

* [he initialization can
make a big difference

* Some options: random
restarts




K-means algorithm: initialization

 Theorem. If run for
enough outer iterations,
S : the k-means algorithm
will converge to a local
minimum of the k-
means objective

e That local minimum
could be bad!

* [he initialization can
make a big difference

* Some options: random
restarts, k-means++
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* How to choose k depends on what you'd like to do
 E.Q. cost-benefit trade-oft
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from data. (See the rest of the course!)
« Why study ML? To apply; to understand; to evaluate
 Notes: ML is not magic. ML is built on math.



