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Outline

e Non-parametric models overview

 Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
« Unsupervised learning non-parametric

= k-means clustering
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Predictive performance and beyond

There’s more to machine learning than predictive performance

How some election
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Predictive performance and beyond

Even if all we care about is vanilla predicative performance, we should
care about non-parametric models

A look at Mathurin’s toolkit, which he keeps coming back to:

Packages: scikit learn, pandas, numpy

Frameworks: Keras, Tensorflow, Pytorch and Fastai

Algorithms: lightgbm, xgboost, catboost

AutoML tools: Prevision.io, h2o and other open sources such as TPOT, auto
sklearn

Cloud services: Google colab and kaggle kernels




Non-parametric models

there are still parameters to be learned to build a hypothesis/model.
just that, the model /hypothesis does not have a fixed parameterization (e.g.

even the number of parameters can change.)

they are usually fast to implement / train and often very effective.
often a good baseline (especially when the data doesn't involve complex structures

like image or languages)



Outline
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» Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
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e Training: None (or rather: memorize the entire training data)

e Predicting (inferencing, testing):

o for a new data point z ., do:

= find the k nearest points from the training data to ey
= For classification: predict label gy by taking a majority vote of the &
neighbors's labels

= For regression: predict label g,ew by taking an average over the k neighbors'
labels

Hyper-parameter: k£
Distance metric (typically Euclidean or Manhattan distance)

A tie-breaking scheme (typically at random)
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Outline

e Non-parametric models overview

 Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
« Unsupervised learning non-parametric

= k-means clustering
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Reading a classification decision tree

Minimum systolic blood
pressure over 24h period > 917

7N

high risk Age > 657

no w

low risk

Is sinus tachycardia
present?

y

low risk

yes

high risk

features:

x1 : date

Ty : age

z3 : height

x4 : weight

s : sinus tachycardia?
zg : min systolic bp, 24h
z7 : latest diastolic bp

labels y :
1: high risk

-1: low risk

18



no

Split dimension

Split value

A node can be specified by
Node(split dim, split value, left child, right child)

10 yes

19



no yes

1no

yes

/

-1

A leaf is specified by "Leaf(leaf_value)

yes
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Reading a regression decision tree

X1

features:

o z1: temperature (deg C)
* xo: precipitation (cm/hr)

label: km run

Nno

2

3

0.3
Y

Xo 2
n/_\es
> .5 K

X1

y
es
>

33

o N

5|

0.3

0|
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0.3
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yes

Nno

Nno

25



26



33
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yes

Nno

> 33

yes

Nno
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no yes
X1 > -5 3
no yes
2 X1 > 33

yes

The same prediction applies to an axis-
aligned ‘box’ or “volume’ in the feature space
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=4
N

x1233

X2, precipitation

temperature

The same prediction applies to an axis-
aligned ‘box” or ‘volume’ in the feature space

label: km run

1.00
0.75
0.50
0.25

0.00
—0.25 X2

~0.50 precipitation

x1 20 20 -0.75
~1.00

temperature a0

-10
0
10
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Outline

e Non-parametric models overview

 Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
« Unsupervised learning non-parametric

= k-means clustering

BuildTree for regression

32



Set of indices. ... _Hyper-parameter, largest leaf size (i.e. the maximum
“ " number of training data that can "flow" into that leaf).

BuildTree(!, k, D)
1.if [I| > k

2. for each split dim j and split value s

3 Set I, ={icI|a) > s}

4 Set I, ={icI|a) <s}

5. Set ¢, = average ;; . y (0

6 Set y,, = average ; I y )

7 Set E;, = ZZ,GI;S (y(z‘) _ gj,s) 4 ZZGI ( g 3)2
8. Set (j*,s")=argmin;, E,,

9. else

10. Set § = average jc; y¥
11.  return Leaf(leave_value=)

12. return Node (] , 8%, BulldTree( k D) BuildTree (I t ok D))

j*,8*) j*,8%



BuildTree(I, k, D)
1.if |I| > k

2. for each split dim j and split value s

3 Set I;s:{iEIIa:;i)zs}

4 Set I, = {z eIl < 3}

5 Set 3);8 = average ;. y ()

6. Set gy, , = average ; I y@

7 Set E;, = ZZ_E[L (y(i) - g;‘ts)2 n Ziefjfs (y(i) B gj_,s)z
8. Set (j*,s")=argmin;, E;

9. else

10.  Set ¢ = average ;¢ y)
11.  return Leaf(leave_value=%)

12. return Node (j*, s*, BuildTree (I g k) , BuildTree (I;r s k))

Y

AL2

e Choose k =2
e BuildTree({1, 2, 3};2)

e Line 1 true

34



BuildTree(I, k, D)
1.if [I| > k

2. for each split dim j and split value s

3 Set I;s:{iEIIa:;.i)zs}

4 Set Ij_,sz{iEI\mg.i)<s}

5 Set 3);8 = average ;. y ()

6. Set gy, , = average ; I y@

7 Set E;, = Zz‘eljfs (y(i) _ g;‘ts)2 n Ziefjfs (y(i) _ gj_,s)z
8. Set (j*,s")=argmin;, E;

9. else

10. Set § = average ;s y"¥
11.  return Leaf(leave_value=%)

12. return Node (j*, s*, BuildTree (I]Z’S* : k) , BuildTree (Ijs : k))

AL2

e For this fixed
+ _
. Ij,s - {27 3}

I, = 1)
g =
.gj_,s—o
s F. . =

35



BuildTree(I, k, D)
1.if [I| > k

2. for each split dim j and split value s

3 Set I;s:{iEIIa:;.i)zs}

4 Set Ij_,sz{iEI\mg.i)<s}

5 Set 3);8 = average ;. y ()

6. Set gy, , = average ; I y@

7 Set E;, = Zz‘eljfs (y(i) _ g;‘ts)2 n Ziefjfs (y(i) _ gj_,s)z
8. Set (j*,s")=argmin;, E;

9. else

10. Set § = average ;s y"¥
11.  return Leaf(leave_value=%)

12. return Node (j*, s*, BuildTree (I]Z’S* : k) , BuildTree (Ijs : k))

AL2

e For this fixed
+ _
. Ij,s - {27 3}

I, = 1)
g =
.gj_,s—o
s F. . =

36



BuildTree(!, k, D) AL2

) | suffices (those that split in-
10. Set § = average ;s y"¥

between data points
11.  return Leaf(leave_value=%) P )

12. return Node (j*, s*, BuildTree (I]Z’S* : k) , BuildTree (I]+ I k))

Y

1. if |I| > & .
o . = (2®,y¥)
2. for each split dim j and split value s i
n : (i) i (W, yM) 5
3 Set Ij’sz{zél\xj ZS} ] 0
- _ 0 i (@) 42
4 Set I, ={ieI|al) <s} | 5 (%)
5 Set ¢ = average, . y" i < >
y],s & el Y | i v 3«;1
6. Set gy, , = average ; I, y () i
_ i) _ At )2 i) a2
’ Set Bjo = Niery, (0 = 0)" + ey, (0 = 85) o Line 2: It suffices to consider a
8 Set (j*,s*) =argmin;  F, : ..
(7% %) 8T e 54, : finite number of combo
9. else i



10, Set @ (i) combos (random tie-breaking).
: et y = average ;c; y

11.  return Leaf(leave_value=g)

12. return Node (j*, s*, BuildTree (I, .., k) , BuildTree (I} ..,k))

Y

BuildTree(1, k, D) E AL2
1.if [I| > k i
| (23, yB))
2. for each split dim j and split value s i
, i (2, y™) 5
3 Set I;’rs:{iel\xy)zgs} i 0
4 Set I, ={ieI|al) <s} i 5 @,y
5 Set ¢ = average, . y" i < o
y],s g 7/€Ij,s y | i v xl
6. Set y,, = average ;.- y () i
7 Set E'S = I (@) — Jr ’ + T @) — n ’ i . . " n
jo = Soiery, W0 = 05) + Der, (07— 45) ; o Line 8: picks the "best" among
8 Set (j*,s*) =argmin; , F; ! . . .
(5%, 8°) = argmin;, B, ; these finite choices of
9. else i



BuildTree(I, k, D) AL2
1.if [I| > k

2. for each split dim j and split value s

3 Set I;S:{ief\a;y)zgs}
| 0

4 Set I, = {z eIzl < s} 5 (2?,4?)
5 Set ¢ =average, , y¥ < >

yj,s & el Y | v 331
6. Set y,, = average ;.- y ()

i R 2 i o 2 . .

7 Set Ejs =Yicrr (v —97,) + Xier, (0 —35.) Suppose line 8 sets this
8. Set (j*,s*)=argmin;,FE;, say = (]*, S*) = (1, 1.7)
9. else

10. Set § = average ;s y"¥
11.  return Leaf(leave_value=g)

12. return Node (j*, s*, BuildTree (I, .., k) , BuildTree (I} ..,k))

Y



BuildTree(I, k, D)
1.if |I| > k

2. for each split dim j and split value s

3 Set Ij:s:{iel\acy)zgs}

4 Set I, = {Z c 12 < 8}

5 Set ¢, = average ;. r y ()

6. Set g)j_,s = average ;s y(z’)

7 Set Ej, = Zzelj (y(i) . gj,s)2 + Zieljjs (y(i) . Z‘?j,s)2
8. Set (j*,s")=argmin,, F;;

9. else

10. Set § = average ;s y"¥
11.  return Leaf(leave_value=g)

12. return Node (j*, s*, BuildTree (I g k) , BuildTree (Ij;,s* k))

AL2

< >
v L1
Line 12 recursion
BuildTree ({1};2) BuildTree ({2, 3};2)

40



BuildTree(I, k, D)
1.if |I| > k

2. for each split dim j and split value s

3 Set I;:S:{ie_[|x§i)zs}

- Set I, = {,L eIl < 3}

5 Set 33;':3 = average ;.- y ()

6. Set gy, , = average ; I y@

7 Set Ejs =i (y® — QZS)2 + Yier (v — @j_,s)z
8. Set (j*,s")=argmin;, F;

9. else

10. Set ¢ = average ;jc; y¥

11.  return Leaf(leave_value=g)

12. return Node (j*, s*,_ , BuildTree (Ij;’s* , k))

BuildTree ({2, 3};2)

41



BuildTree(!, k, D)

1.if |I| > k

2 for each split dim j and split value s

3 Set I;fsz{zef\a:y>s}

4 Set Ij;:{zel\acgl <s}

5. Set ¢!, = average ;. I y ()

6 Set gy, , = average ; I y@

7 Set E;, = Zz‘eﬁ (y(i) . gj’s) n ZZGI (
8. Set (j*,s")=argmin;, F;

9. else

10. Set § = average ;c; y¥
11.  return Leaf(leave_value=j)

12. return Node (j*, s*, BuildTree (I

J*,st?

k) BuildTree (

_|_
I,

2
_y]s)

k)

BuildTree ({2, 3};2)

42



BuildTree(I, k, D)
1.if |I| > k

2. for each split dim j and split value s

3 Set I;:S:{ie_[|x§i)28}

- Set I, = {,L eIl < 3}

5 Set 3);':3 = average ;.- y ()

6. Set gy, , = average ; I y@

7 Set Ejs =i (y® — 33;92 + Yier (v — @j_,s)z
8. Set (j*,s")=argmin;, F;

9. else

10. Set ¢ = average ;s y?

11.  return Leaf(leave_value=j)

12. return Node (j*, s*, BuildTree (. .., k) _)

43



BuildTree(!, k, D)

+ZZEI ( _y] 3)2

1.if |I| > k

2 for each split dim j and split value s
3 Set I;r:{zef\:cgz>s}

4 Set I, —{zel\m§’<s}

5. Set ¢!, = average ;. I y ()

6 Set gy, , = average ; I y@

7 Set E;, = Zieﬁ (y(i) -~ gj’s)

8. Set (j*,s")=argmin;, F;

9. else

10. Set § = average ;c; y¥
11.  return Leaf(leave_value=j)

12. return Node (j*, s*, BuildTree (I

J*,st?

k) BuildTree (

_|_
I,

k)

44



Outline

e Non-parametric models overview

 Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
« Unsupervised learning non-parametric

= k-means clustering

BuildTree for classification
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For classification
BuildTree(I, k, D)

1.if [I| > k

2. for each split dim j and split value s

+
majority vote as the Set Iy,
(intermediate) prediction 4. Set I,
e > 5. Set ,g;:s
............. s g
7. Set

Ejs
8. Set (j% s%)

. 9. else

:{ZEI\CB§
(
J

:{'LEI\:U

z>8}
Z<s}

= majority ; ;- y)

Set §j;, = majority ;. - y ()

I, I,
_ L H(I )+uH(Ifs) G,

1|

= argmin; ; F;

10.  Set ¢ = majority ;7 y®

11.  return Leaf(leave_value=g)

12. return Node ( J*

, s*, BuildTree (I]Z’S* :

1|

weighted averagé entropy (WAE)

as performance metric

k) , BuildT'ree (I;;,S* : k) )

46



entropy H := — Eclass ¢
AL2
< >
v L1
Pivtolml
6 6 6
H = —[4log, () + £ log, (&) + 4 log, ()]

(about 1.252)

(10g2 P c)

empirical probability
e.g.: c iterates over 3 classes
AL2 AL2
< > < >
\ X1 v Z1
> 3 3 5 6
P, : — 0 - W P, : — 00 0
6 6 6
H=—[3log, (3) + 21log, (3) + 0] H=—[¢log, (§) +0+0]
(about 1.1) (=0)

47



L2
BuildTree(!, k, D) 4

1.if [I| > k

2. for each split dim j and split value s

3. Set ijs:{iellzcg-i) 23}
4 set I, ={ier|al <s} =

o . < >
D. Set y;.fs = Majority ;cr+ y () v T1
6.

Set gy, , = majority ;.;- y@
’ 7,8

Set E,, = J% CH (L) +. H (I},)

&
|
SIS

J»S
8. Set (j*,s")=argmin;, E;;

-H (I3,) +'- H (I},)

9. else

10.  Set ¢ = majority ;7 y®

11.  return Leaf(leave_value=g%) . . . .
fraction of points to fraction of points to

12. return Node (j*, s*, BuildTree (Ijlﬁg* : k) , BuildTree (I]t’s* : k)) the left of the Split the I‘ight of the Split

48



BuildTree(!, k, D)
1.if [I| > k
2. for each split dim j and split value s
Set I, = {ie[ | z\" 23}
2,8

(
J
Set I, = {icI|al) <s}

Set y;.fs = majority ;. I, y ()

AL T

Set gjj_’s = majority ,. I y(z‘)

set. B = gl 11 (17,) + el -1 (1)

8. Set (j*,s")=argmin;, E;;
9. else

10.  Set ¢ = majority ;7 y®

11.  return Leaf(leave_value=g%)

12. return Node (j*, s*, BuildTree (1}73* ,k) , BuildTree (I;;’S* k))

Q



BuildTree(I, k, D)
1if [I| > k

2. for each split dim j and split value s

3. set I, ={icr|al >}
4. Set I, = {z el wgi) < s}
5. Set §;, = majority ;- yt
6. Set §j; , = majority ;c;- y )
I, _ I,
7. Set E;, = J—ﬁ[ -H (I:,) + J—ﬁ[ -H (I7,)
8. Set (j*,s")=argmin;,FE,
9. else
~ . () ~ ]. 0
10.  Set ¢ = majority ;c7 y P.:x Z o =
2 2

11.  return Leaf(leave_value=g)

12. return Node ( 7%, 8%, BuildTree (I -

Jhs

k:) , BuildT'ree (I ;F 5 k))



BuildTree(I, k, D)

1

2.

~

9

10.
11.
12. return Node (j*, s*, BuildTree (IJ_ . k:) , BuildTree (I;;’S* ; k:))

N k=W

JAf I >k

Set
Set
Set

Set

Set

. else

Set (j*

for each split dim j and split value s

+ _J (4)
Ij,s—{z€I|wj >3}
. (i)
Ij,s—{zEI|wj <s}
37, = majority ;. 3

Y; s = majority iel, yt

I _ Ifrs
B = el i) + Bl a1y
,8") = argmin; ; F,

Set ¢ = majority ;.7 y¥

return Leaf(leave_value=y)

~ 4
~ 6

= 0.874

-0.811+2-1

(for this split choice, line 7 E

~ 0.874)
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BuildTree(!, k, D)
1.if [I| > k
2. for each split dim j and split value s
3. set If,={icI|a) > s}
4 Set I, ={icI|a) <s|
5. Set ¢, = majority ;. I, y )
6. Set §j;, = majority ;- y )
Set E;, = J% -H (I:,) + JIW[ -H (I,)

8. Set (j*,s")=argmin;, E;;
9

10.  Set ¢ = majority ;7 y®

11.  return Leaf(leave_value=g%)

12. return Node (j*, s*, BuildTree (IJZ’S* : k) , BuildTree (Ij;,s* : k))

AL2

H
< >
v L1

~[5 logs (5) + 5 logs (5) + 0] ~ 0.722

H (L) + % H(I,)

S|t

N/

—[1logy (1) +0+0] =0

(line 7, overall E; ; ~ 0.602)
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BuildTree(!, k, D)
1.if [I| > k

2. for each split dim j and split value s

3. Set I;s:{iellx§i) Zs}
4 set I, ={ier|al <s} ) = R
5. Set §;, = majority ; ;- y () v Tq
6. Set §j;, = majority ;- yo b
7. Set Ej, = JI,% -H (I:,) % - H (I)) o v . V
this split E; ; ~ 0.874 this split £ ; ~ 0.602

8. Set (j*,s*)=argmin;FE;,

9. else
10. Set § = majority ;c; y line 8, set the better
11.  return Leaf(leave_value=g)

12. return Node (j*, s*, BuildTree (1}73* ,k) , BuildTree (I;;’S* k))



Outline

e Non-parametric models overview

 Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
« Unsupervised learning non-parametric

= k-means clustering
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Ensemble

= MIGEED

SUBSCRIBE

BUSINESS A9.22.2889 11:19 AM
How the Netflix Prize Was Won

Like BellKor’s Pragmatic Chaos, the winner of the Netflix
Prize, second-place The Ensemble was an amalgam of teams
which had been competing individually for the million-dollar
prize. But it wasn’t until leaders ioined forces with also-rans

that real progress was made in

the Netflix movie recommenda’ :

[...]

International Journal of

P Forecasting
ELSEVIER Volume 36, Issue 1, January-March 2020, Pages 54-74 | ®==

The M4 Competition: 100,000
time series and 61 forecasting
methods

Spyros Makridakis 2 &, Evangelos Spiliotis ®, Vassilios Assimakopoulos ®

Coronavirus Disease MENU >

CASES, DATA & SURVEILLANCE

Forecasts of COVID-19 Deaths

Updated Nov. 12, 2020

Observed and forecasted new and total reported COVID-19 deaths as of
November 9, 2020.

Interpretation of Forecasts of New
and Total Deaths

* This week CDC received forecasts of COVID-19 deaths over the next
4 weeks from 36 modeling groups that were included in the
ensemble forecast. Of the 36 groups, 33 provided forecasts for
both new and total deaths, two groups forecasted total deaths
only, and one forecasted new death only.
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Bagging

e One of multiple ways to make and use an ensemble

« Bagging = Bootstrap aggregating

Training data D,

CORINN
(@®,y®) (@)
(59,59

56



Bagging
o Training data D,
e Forb=1,...,B

» Draw a new "data set" 15,,(7,6)

with replacement from D,

of size n by sampling

Training data D,

CORINN
(@®,y®) (@)
(59,59
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Bagging

Training data D,

0.0 T

» Draw a new "data set" DY of size n by sampling _ _
with replacement from D, _

= Train a predictor f® on DY

o Training data D,
e Forb=1,...,B
)

1")%1) ,137(12) D7(13)




Bagging
o Training data D,

e Forb=1,...,B

« Draw a new "data set" DY of size n by sampling with replacement from D,
= Train a predictor f®) on DY
e Return
= Regression: fpag () = 1 Zle 7O (z)
= For classification: Predict the class that receives the most votes among the B

classifiers.

59



Outline

e Non-parametric models overview

« Supervised learning non-parametric

= k-nearest neighbor

= Decision Tree (read a tree, BuildTree, Bagging)
« Unsupervised learning non-parametric

= k-means clustering
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L2

Food-truck placement

? [ -

i L1
. LR $7e.

 z1: longitude, z,: latitude

e Person i location z(¥
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L2

Food-truck placement

TN

:;":° ¢ ‘:g‘:
sﬁf.--. P%, { L

. .. A

. g, ® _

:"?3.{"," . s e
. f‘ )

|~ . k ?S:%;!? :

B

 z1: longitude, z,: latitude

« Person i location z

« Q: where should I have k food trucks park?
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Food-truck placement

z1: longitude, x,: latitude

Person i location 2%
Q: where should I have k food trucks park?
Food truck j location p\¥)
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Food-truck placement

z1: longitude, x,: latitude

Person i location 2%
Q: where should I have k food trucks park?
Food truck j location p\¥)

'.. : .’ .
R "zg‘ﬁ': ‘

o Loss if ¢ walks to truck j : Haz(i) — pl) Hz
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Food-truck placement

z1: longitude, x,: latitude

e Person i location z®)
'. .  Q: where should I have k food trucks park?
Coe ﬁf- "s{%‘; . « Food truck j location p¥)
' '?~ Lo » Loss if i walks to truck j : ||z — pl@) ”2
s o Index of the truck where person i walks: 3
" oiéy . = .
'4‘?"' Yo, ol 8 "  Person 7 overall loss:
' o.‘"i . ) )
. 7~ k i . i . 2
2o By =34 |2 — 9
' CoR
L1 indicator function, 1 if person 7 is assigned to

truck 7, otherwise Q.



k-means objective

what we

clustering membership clustering centroid location

L

Sr S 1y = 5} |0 — @)
) )

enumerates over data enumerates over cluster

can switch the order = 2?21 P | {y(i) = j} Hf’?(i) — p) ”;
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T2 %

K-MEANS(k, 7, {®}" )

1 p,y = random initialization

2
3

O OO = O O

10

fort=1tort

Yold = Y

fori:=1ton

forj =1tok

pld) = NL] 3

if y == yYoua
break

return u, y

n
1=1

1 (y(i)

2

j) (%)
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L2

K-MEANS(k, 7, {z®}" )

1
- . [ 2
. ° by ) o
.z".:{'" g ) v:
.."’..._w ?-Pf‘. . . 3
. .. | . A
:f-".:‘:' _m. . . .
:.:?‘;5?.:, .. L . o 5
2 ¢ . .
> f@ ' 6
. .
R .
B *
: 9
L1 10

i,y = random initialization

fort=1toTt

Yold = Y

fori=1ton

y® = argmin; ||z — u0) H2
forj=1tok

pd) = 30 1 (y =) 2
if y == Youa

break

return u, y

69



K-MEANS(k7 T, {w(Z) }?:1)

1w,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori: =1ton

5 y) = arg min; ||z —
6 forj =1tok

7 p = 37 1 (y®
8 if y == You

9 break

10 return u,y



K-MEANS(k7 T, {m(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z — p0) ”2
6 forj =1tok

7 p = 53701 (y" =j) 2l
8 if y == Youa

9 break

10 return u,y



K-MEANS(k7 T, {m(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yold =Y

4 fori=1ton

5 y® = argmin; ||z — p0) ”2
6 forj =1tok

7 p = 53701 (y" =j) 2l
8 if y == Youa

9 break

10 return u,y
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K-MEANS(k7 T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y) = arg min; ||a:(i) — pl) ||2
6 forj =1tok

7 p = 5301 (v =j) 2
8 if y == You

9 break

10 return u,y
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L2

-X

K-MEANS(k, 7, {z®}" )

1 u,y =random initialization

2 fort=1tor

3 Yold = Y
4 fori: =1ton
5} y(i) — arg min; ||a:(i) — ,u(j) ||2

each person i gets assigned to food
truck j, color-coded.
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

- . B 2 fort=1tor
. .':".-o% ‘:z?’ .. .
i ‘$ L 3 Yold =Y
., . 4 fori: =1ton
"‘.;*:, . B : . 5 y® = arg min; ||z — M(.ﬂH?
ﬁm - . oyt e
.. }.‘,?‘; 6 forj =1tok
| . .. - pld) = NAJ Sl (y(z') — j) 2%
.-:1.";.
= SR 8 if y == yoq
i 9 break
L1 10 return u,y
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K-MEANS(k7 T, {x(Z) }::1)

1 u,y = random initialization

2 fort=1tor

3
4

Yold = Y

fori=1ton

y® = argmin; ||z — u0) H2

forj=1tok

pV = 3 35 1 (" =j) 20

N; =3 1{y" =4}

food truck j gets moved to the "central"
location of all ppl assigned to it
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K-MEANS(k, 7, {z®}" )

. ¥
QIJ
[ ]

2
. ..'.'W&; : i’f‘.
° e :.f" 1 ) .
‘ '.‘ﬂ?@ o ‘- ) . 3 Yod = Y
. . 4

:.. :.:o
i
N ‘- L}
Wiy

1 u,y = random initialization

fort=1tor

fori=1ton

¥
¥
Ot

g . 6 forj =1tok

B 7 W) = 5T 1 (g0 = ) 0
if y == yoq
9 break

L1 10 return u,y
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K-MEANS(k, 7, {z®}" )
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1 u,y = random initialization

fort=1tor

fori=1ton

¥
¥
Ot

g . 6 forj =1tok

T 7 WD = L1 (50 =) 2
if y == youq
9 break

L1 10 return u,y
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K-MEANS(k, 7, {z®}" )

R i 1 u,y = random initialization
2 fort=1tor

T s e

o - B | 4 fori =1ton
= N . ; 49 = argmin, [o9) — 0|
Lo ._Z@g" . 6 forj=1tok

o 7 a0 = 1 (5 =) 2
g-;":-.- 22 8 if y == Youa
. m 9 break
L1 10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

. | 2
aﬁ; R 3

:.:?'}E;:. . - .. ?Dc‘ 5
. ﬁ?‘ 6

i - 5 ©
: 7
et 3
- .
L1 10

1 u,y =random initialization

fort=1toTt

Yold = Y

fori=1ton

y@:ammmwﬂn_¢mf

forj =1tok
pld) = N% S 1 (y® =) 20
if y == Youa

break

return u, y
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K-MEANS(k, 7, {z®}" )

1 u,y =random initialization

2 fort=1tor

3 Yola = Y

4 forti=1ton

5 y® = argmin; ||z — u0) H2
6 forj =1tok

7 pO) = S 1 () = ) 2
8 if y == You

9 break

10 return u,y
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K-MEANS(k, 7, {z®}" )

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z — p0) |!2
6 forj =1tok

7 p = 5301 (v =j) 2
8 if y == Youa

9 break

10 return u,y
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K-MEANS(k, 7, {z®}" )

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z — p0) ”2
6 forj =1tok

7 p = 5301 (v =j) 2
8 if y == You

9 break

10 return u,y
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K-MEANS(k, 7, {z®}" )

1 u,y = random initialization

2 fort=1tor

3 Yold =Y

4 fori=1ton

5 y® = argmin; ||z — p0) H2
6 forj =1tok

7 p = 5301 (v =j) 2
8 if y == Youa

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z® — @ ||°
6 forj =1tok

7 pO = 5 X1 (Y =) 2@
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; [|z® — p0) H2
6 forj =1tok

7 u) = 31 (4 =) 2
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z® — @ ||°
6 forj =1tok

7 pO = 5 X1 (Y =) 2@
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; [|z® — p0) H2
6 forj =1tok

7 u) = 31 (4 =) 2
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z® — @ ||°
6 forj =1tok

7 pO = 5 X1 (Y =) 2@
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

o

B2

‘.

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y) = arg min; Hm(i) — ,u(j) H2

6 forj =1tok

7 PO = 51 (0 =) 2
A 8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z® — @ ||°
6 forj =1tok

7 pO = 5 X1 (Y =) 2@
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; [|z® — p0) H2
6 forj =1tok

7 u) = 31 (4 =) 2
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y® = argmin; ||z® — @ ||°
6 forj =1tok

7 pO = 5 X1 (Y =) 2@
8 if y == You

9 break

10 return u,y
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2
3

N O O

Qo

10

fort=1tort

Yold = Y

fori=1to

y(i) — arg min; Hm(i)
forj=1tok

pld) = N

if y == yYoq
break

return u, y

n

1

2.

n
=1

1 (y(i)

_ lu(j) H

2

— j) (%)
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2
3
4

ot

10

fort=1tort

Yold = Y

fori=1ton

y® = argmin; |[z® — @) H2

forj =1tok
M(j) — N% D

if y == youa
break

return u, y

i1 (g =j) 2t
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2
3

N O O

Qo

10

fort=1tort

Yold = Y

fori=1to

y(i) — arg min; Hm(i)
forj=1tok

pld) = N

if y == yYoq
break

return u, y

n

1

2.

n
=1

1 (y(i)

_ lu(j) H
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2
3
4

ot

10

fort=1tort

Yold = Y

fori=1ton

y® = argmin; |[z® — @) H2

forj =1tok
M(j) — N% D

if y == youa
break

return u, y

i1 (g =j) 2t
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K-MEANS(ka T, {w(Z) }?:1)

1 u,y = random initialization

2
3

N O O

Qo

10

fort=1tort

Yold = Y

fori=1to

y(i) — arg min; Hm(i)
forj=1tok

pld) = N

if y == yYoq
break

return u, y

n

1

2.

n
=1

1 (y(i)

_ lu(j) H
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K-MEANS(k, 7, {z®}" )

1 u,y = random initialization

2 fort=1tor

3 Yola = Y

4 fori=1ton

5 y) = argmin; ||z — pl9) H2
6 forj =1tok

7 pO = 5 X1 (Y =) 2@
8 if y == youa

9 break

10 return u,y
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Summary

 One really important class of ML models is called “non-parametric”.

» Decision trees are kind of like creating a flow chart. These hypotheses are the most
human-understandable of any we have worked with.We regularize by first growing trees

that are very big and then “pruning” them.

« Ensembles: sometimes it’'s useful to come up with a lot of simple hypotheses and then let

them “vote” to make a prediction for a new example.

« Nearest neighbor remembers all the training data for prediction. Depends crucially on our
notion of “closest” (standardize data is important). Can do fancier things (weighted kINN).

Less good in high dimensions (computationally expensive).
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Summary

e Clustering is an important kind of unsupervised learning in which we try to
divide the x’s into a finite set of groups that are in some sense similar.

A widely used clustering objective is the k-means. It also requires a distance
metric on X’s.

e There’s a convenient special-purpose method for finding a local optimum: the k-
means algorithm.

e The solution obtained by k-means algorithm is sensitive to initialization.

» The solution obtained by k-means algorithm is sensitive to the number of

clusters chosen.
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We'd love to hear
your thoughts.

Thanks!
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https://forms.gle/YLZKTx8T4h42Pf4E7

