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UNIVERSITY of WASHINGTON




Decision trees: How to build them

+ Full dataset: 50% spam, 50% not
R + . | Entropy: 1.0
N\ _J

Split on feature:

contains “Special }5/ W‘

Promotion” +
100% spam, 0% n,Iu‘, + { —

Entropy: O

25% spam, 75% not
o Entropy: 0.811

Split on feature: YPS/N
contains

| CLEARANCE | ENDS SOON | —
100% spam, 0% not == 0% spam, 100%
Entropy: 0 — Entropy: O




Generic Tree-Building algorithm

# Overall goal: choose features which can best sort
positive and negative examples. For all the samples
In a region Rm, predict the majority class cm

f(x) = Zc 1{x R}

+ —
++_ # Loss func? 0/1 error / binary classification error
= h N # Same
+ +
-+ —

# Same for illustrative purposes. In
\ spliton x; <s, x;>s  reality you can also have categorical

features. E.g. “Islet Antibody Positive
} Test”, or “Blood Type”

SN/

Define “impurity” measure | (measures how well
positive class examples are sorted from negative)

Find split that minimizes impurity

Ri(j,s) ={X|X; <s} and Ra(j,s) = {X|X, > s}.

f(:L‘) — Z Cm I(:c € Rm)- Then we seek the splitting variable j and split point s that solve
min [min Z (y; — ¢1)* + min Z (y; — cz)Q].

J, s C1 . C2 .
x;€R1(7,8) x;€R2(7,s)

Cm = ave(y;|x; € Ry,).



Generic Tree-Building algorithm

1. Start from empty decision tree

2. Recursively, for each node:

* |terate through all features and compute how good it’d be to split on
each feature

« Split on the “best” feature
3. Prune

Design choices:
» Termination condition (max depth, entropy, train/val error)
» Tree complexity
« Splitting criterion
 Pruning



# Axis-aligned trees

Regression Trees

# Overall goal: carve feature space X into M regions,
R1...Rwm. For all the samples in a region Rm, predict
some value Cm

M
f(@)=)_ cml(z € Rp).

Rs Actual output
Xz <t . 2 t value for
_ regression

Ry Rs X
# Decision
boundary ;.
When to use? When not to use?
« Can be « Complex, high-dimensional

interpretable data (e.g. pixels)



Regression Trees: what to predict at the leaves

# Loss func? MSE

For region m, which has samples with
labels Vi VooV,

min ) (- ¢,)’

¢, ER

l
d 2
EZj‘,(y,-—co =0

# How do we find cm?

# Take the derivative and set it
to zero!

# Just the mean of the y
i : values

M
f(@)=_ cmI(z € Rp). ®

Cm = ave(y;|z; € Ry,).



Regression Trees: when to split a node

# Loss func? MSE

XlStll M
f(@)=_ cmI(z € Rp).
Xo <tz X; <ts m=1
Xo <t Cm = ave(y;|T; € Ryp).
Ri Ry Rs ‘7_‘
f Mo Ri(j,s) = {X|X; <s} and Ra(j,s) = {X|X; > s}.

Then we seek the splitting variable 5 and split point s that solve

Rs min [min E (y; — c1)* + min E (yi — 62)2} :
Ry ta j’ s c1 Co
z;€R1(j,s) z; ER2(j,5)

X2
&

t2 R4




Trees: Interpretable (?)

Trees are “easy” to interpret:

* You can explain how the
classifier came to the
conclusion it did

But they can be complex

« Small changes in data can
result in large difference in
trees

wwwwww

66666666

111111



Summary of trees

* Trees have low bias, high variance

* Deal with categorial variables well # Where don't they work?

- ( s Many related continuous features
* Intuitive, “interpretable (pixey|s)

* Good software exists

* Some theoretical guarantees

# Why low bias? If you allow enough depth / splits, you can fit
anything

# How to regularize?
We will say more, but you can limit the number
of nodes, the depth, or the requirements on
entropy for leaves



Ensembling methods

(Some slides from Natasha Jaques)
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So far

1. Talked regression (linear, mostly)
2. Classification
1. Logistic Regression

2. SVMs Most of these can be used for
3. Kernelized versions regression too

4. k-NN

5. Neural Nets

6. Trees

Was going to more complex model classes so really necessary?

- If we have sufficiently complex kernels, or 1-NN, or high depth trees, we
can get very low bias, high variance...

- What about combining weak learners into better learners?



Random Forests, aka “bagging” of trees

........

R R
* Forest = many trees ’ P ﬂ
* Tree methods have low bias but
high variance e ﬁj
- We can reduce variance by J o ﬁ% .
constructing many “lightly T
correlated” trees and averaging b
them
1
. . =
» Bagging: Bootstrap aggregating I 1 ﬁ o

# Each tree is trained on new
bootstrap sample of data

........



Random Forests...

“*Algorithms
*Machine g =
Learning

e ® &

)‘ | ‘(*Math

——

Whatsthelhelllisithis?




Random Forest learning algorithm

Algorithm 15.1 Random Forest for Regression or Classification.
1. For b=1 to B:

# with replacement

(a) Draw a bootstrap sample Z* of size N from the training data.

(b) Grow a random-forest tree T} to the bootstrapped data, by re- # b = train tree
cursively repeating the following steps for each terminal node of
the tree, until the minimum node size n,;, is reached.

i. Select m variables at random from the p variables. # but you’re usin ga

ii. Pick the best variable/split-point among the m. random subset of the

features

iii. Split the node into two daughter nodes.

2. Output the ensemble of trees {T3}¥.
To make a prediction at a new point x:
Regression: f2(z) = = Zle Ty(x). # Average

Classification: Let é’b(x) be the class prediction of the bth random-forest
tree. Then CZ(z) = majority vote {Cy(z)}7.



Other ensembling methods? Boosting!

Boosting!!! A personal favorite.

Take advantage of the fact that you can
learn what parts of the space you are bad
at, and do better there.

« 1988 Kearns and Valiant: “Can weak learners be
combined to create a strong learner?”

An algorithm A is a weak learner for a hypothesis class H that maps X to
{—1,1} if for all input distributions over X and h € H, we have that A correctly
classifies h with error at most 1/2 —~

1990 Robert Schapire: “Yup!”
1995 Schapire and Freund: “Practical for 0/1 loss” AdaBoost

2001 Friedman: “Practical for arbitrary losses”
2014 Tiangi Chen: “Scale it up!” XGBoost




Additive models

Consider the first algorithm we used to get good
classification for MNIST. Given: {(zi,vi)}i-1 z; e RY, y; € {—1,1}

Generate random functions: ¢, :R¢ >R t=1,...,p

n p
Learn some weights: & = argmin } " Loss (y Zwtqbt(xi))
1=1 t=1

Classify new data: f(z) =sign (Z @@(m))

An interpretation:
Each ¢;(z) is a classification rule that we are assigning some weight w;

n p
W, ¢1, ..., P = arg ¢min¢ ZLOSS <yi, Zwtgbt(:ci)>
e i=1 t=1

......

IS in general computationally hard

16



Adaboost

b(x,~) is a function with parameters ~y b(z,v) = 1 _
l+e 7 ®
Algorithm 10.2 Forward Stagewise Additive Modeling. b(:C ’Y) _ ’711{333 < 72}

1. Initialize fo(z) = 0.
2. Form =1 to M:

(a) Compute
N
(Bms¥m) = arg I/IBIEIZL(%‘, fm—1(z:) + Bb(zi;7)).
=1

(b) Set fm(z) = fm—1(x) + Bmb(x;¥m).

|dea: greedily add one function at a time

AdaBoost: p(z,v): classifiers to {—1,1}
L(y, f(z)) = exp(=yf(x))

17



Boosted Regression Trees

b(xz,~) is a function with parameters ~ b(z,v) = 1 _
l+e 7 ®
Algorithm 10.2 Forward Stagewise Additive Modeling. b (:C ’Y) — 1 {333 < 72}

1. Initialize fo(z) = 0.
2. Form =1 to M:

(a) Compute
N
(Bms Ym) = argmin }  L(yi, fn—1(2:) + Bb(wi;7)).
=1

(b) Set fu(z) = fm—1(x) + Bmb(x;¥m)-

|dea: greedily add one function at a time

Boosted Regression Trees: Ly, f(x)) = (y — f(2))?
L(yi, frm-1(zs) + Bb(zi37)) = (Y5 — fm—1(2:) — Bb(zi;7))?
= (rim — ﬁb($i§7))2v Tim = Yi — fm-1(Zi)

Efficient: No harder than learning regression trees!

©2018 Kevin Jamieson 18



Boosted Logistic Trees

b(xz,~) is a function with parameters ~ b(z,v) = 1 _
l+e 7 ®
Algorithm 10.2 Forward Stagewise Additive Modeling. b (:C ’Y) — 1 {333 < 72}

1. Initialize fo(z) = 0.
2. Form =1 to M:

(a) Compute

N
(Bms Ym) = argmin }  L(yi, fn—1(2:) + Bb(wi;7)).
"=l

(b) Set fu(z) = fm—1(x) + Bmb(x;¥m)-

|dea: greedily add one function at a time
Boosted Logistic Trees: L(y, f(z)) = ylog(f(z)) + (1 —y)log(l — f(x))
b(x,7): regression trees

Computationally hard to update Tim = Yi ~ fm-1(2i)

©2018 Kevin Jamieson 19



Gradient Boosting

Least squares, exponential loss easy. But what about cross entropy? Huber?

Algorithm 10.3 Gradient Tree Boosting Algorithm.

1. Initialize fo(z) = arg min, Zfil L(yi,").
2. Form =1 to M:

(a) Fori=1,2,..., N compute

Tim = — [%ﬂjgi))]hm—l '

(b) Fit a regression tree to the targets r;,, giving terminal regions
Rim, j=1,2,...,Jn.

(c) For 7 =1,2,...,Jmn compute

_argmln Z Wiy frm—1(z:) +7) .
T;€R;m

(d) Update fim(z) = frn-1(z) + Z] 1YimI(Z € Rjm).

3. Output f(z) = far(z).

LS fit regression tree to n-dimensional gradient, take a step in that direction



Gradient Boosting, empirical performance

< —— Stumps
o ] —— 10 Node
100 Node
\ — Adaboost AdaBoost uses 0/1 loss,
. all other trees are minimizing
e binomial deviance
S
5
2 o
- o
g _
o |
o

|
0 100 200 300 400

Number of Terms



Boosting: everyone’s favorite algorithm

* Boosting is popular at parties: Invented by theorists,
heavily adopted by practitioners.

« Computationally efficient with “weak” learners. But
can also use trees! Boosting can scale.

 Kind of like sparsity?

« Gradient boosting generalization with good software
packages (e.g., XGBoost). Effective on Kaggle

* Robust to overfitting and can be dealt with with
“shrinkage” and “sampling”



Bagging versus Boosting

» Bagging averages many low-bias, lightly
dependent classifiers to reduce the variance

* Boosting learns linear combination of high-bias,
highly dependent classifiers to reduce error

« Empirically, boosting appears to outperform bagging



Unsupervised Learning

UNIVERSITY of WASHINGTON w




Unsupervised vs. Supervised Learning

Previously: Supervised Learning
e Each data point x; has a corresponding label y..

o DataSEt iS {xi, yl ?=1' ... ¢ \\‘\..0 °

d 80000 *Eoooox".

wherexiER,yiEIR. g Oooooo g . O.:'\Q”
oO ® oo o "

Feature 1

Next few lectures: Unsupervised Learning

e No labels. Only data:{x;}"_,, where x; € R%. Goal is to model the

data distribution P(X), potentially by finding:
clusters in the data

Feature 1

or

low-dimensional structure

Feature 2

Feature 1

>

Feature 2

’ N
] \
'

L @
ke b o
’ P
/ .

Co
o)

Feature 1

Feature 2

v

Feature 2

Feature 1

Feature 1




Principal Component
Analysis
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Motivation for Dimensionality Reduction

Goal: find a k < d-dimensional representation of X which captures “most” information

(Since many datasets have features with lots of shared/mutual information)



Linear projections

Given xy, ..., X, € R4 for q < < d, find a compression zy, ..., z, € R? such that
x;xp+Vyz and V;Vq = I.

n
min Y ||x—u—-Vzll>.  V, eR™, VIV =1

Vol 35
y Xw Vq is orthonormal, (in columns)
Fix V,, solve for {z;}
VTV. = {O, ! #‘]’
w=X"X)"1XTy v 1, i=}],
”Vl”% — VlTVi = 1

Z; = (VJVQ)_IV;()@- — U)
VqV; projects de-meaned data
- V;(xi —H). onto a g-dimensional subspace
embedded in RY.



Linear projections: geometrically

Given xq, ..., x, € R4, for g < < d, find a compression z;, ..., z, € RY such that
x;xp+Vyz and V;Vq = I.

n
: 2
min E X, —pu—=Vz ||

Fix Vq, solve for {z;} . .

Reconstruction error

5 T —1yT
Zi - (Vq Vq) Vq (‘xi - //l) .

=V, (= p). - o |
VqVq is a projection matriz that
minimizes error in basis of size ¢



PCA

Data dependent dimensionality reduction
Useful for
Visualization
Interpretation
Compression
Understanding “intrinsic dimension”

kale | taco bell | sashimi | pop tarts
Alice 10 1 2 7
BOb 7 2 1 10 Figure credit:
| Carolyn | 2 9 7 3 Karlin
Dave | 8 ] O 10 2 e

Novembre et al
Alex Williams
Sandipan Dey
Victor Lavenko



PCA

Claim:
Each row can be expressed approximately as

T; = T+ a;101 + 4202

n =3 —3 -3 3
Uy = [1 —1 1 — 1]
kale | taco bell | sashimi | pop tarts

Alice 10 1 2 7
Bob 7 2 1 10
| Carolyn | 2 9 7 3
Dave 3 6 10 2
z=[55 45 5 5.5

Figure credit:

Karlin
Roughgarden + Va
Benedetto
Novembre et al
Alex Williams
Sandipan Dey
Victor Lavenko



PCA in one dimension

Goal: find a k < d-dimensional representation of X
For k =1:

Choose 7 € R%, |[v|] = 1
to minimize

1 mn
— g dist(x;,line defined by v)
n

i=1




PCA in one dimension, 2 equivalent views

Goal: find a k < d-dimensional representation of X
For k =1:

Choose 7 € R%, |[v|] = 1
to minimize

1 mn
— g dist(x;,line defined by v)
n

i=1

°
‘/M:ximize variance Minimize residuals
(squared distance) (squared distance)
of red dots in in this direction

this direction

Two equivalent views of principal component analysis.



PCA: a high-fidelity linear projection

> i =) =V, (i - )] Vil e

ng =1,

mmz (2 — V, Vg (2 — 2)||5 = minTr(S) - Tr(VyEV,)

Eigenvalue decomposition

V, are the first g eigenvectors of X

Minimize reconstruction error and capture the most variance in your data.



PCA: a high-fidelity linear projection

1

Given z; € R? and some g < d consider N
q uid
1101

N z;
q .

N
- —_ T —— 2
min E_l [(zi —Z) — VoV, (z: — Z)||°.

where  V, = [v1,v2,...,vy,] isorthonormal:
T —
V. V,=1,

V, are the first g eigenvectors of X

=) (z;—2)(x; —2)7

V, are the first q principal components ]

Principal Component Analysis (PCA) projects (X — 1z") down onto V,
(X —1z7)V, = U,diag(dy, ..., d,) Uy, =1,



How do we compute the principal components?

1. Power iteration
2. Solving for a singular value decomposition (SVD)



Singular Value Decomposition (SVD)

Theorem (SVD): Let A € R™*" with rank r < min{m,n}. Then A = USV?T
where S € R"*" is diagonal with positive entries, UTU =1, VIV = TI.

ATAv, = (USVHT(USVTY, =VSTUTUSVy,
= V§*Vly,

- Mutie i



Singular Value Decomposition (SVD)

Theorem (SVD): Let A € R™*" with rank r < min{m,n}. Then A = USV?T
where S € R"*" is diagonal with positive entries, UTU =1, VIV = TI.

AT Av; = S} v

AA ;= S7 u

V are the first r eigenvectors of AT A with eigenvalues diag(S)
U are the first r eigenvectors of AAT with eigenvalues diag(S)



Linear projections

Given z; € R? and some g < d consider N
q uid
1101

N
min Y ||(z; — %) — Vqu(mi —z)||2.
i=1

v, “
where  V, = [v1,v2,...,vy,] isorthonormal:
ViV, =1,
V, are the first g eigenvectors of X N
=) (z;—2)(x; —2)7

V, are the first q principal components
Principal Component Analysis (PCA) projects (X — 1z") down onto V,

(X —1z7)V, = U,diag(dy, ..., d,) Uy, =1,

Singular Value Decomposition defined as

X —1z7 =Usv?



Dimensionality reduction

V, are the first g eigenvectors of ¥ andSVD X — 1z1 =usv?t

Q
AN £
\e » \ 2 24
ARYC VAN N . é-
ik Sl : UL
N TN AN 2 o . .
SN SSY -l I
Sy f/' 2 . %
=\ <]
] \ 8
\ n 0 |
;o
e
! T T T T T
-1.0 -0.5 0.0 0.5 1.0
First principal component




Dimensionality reduction

V, are the first g eigenvectors of ¥ andSVD X — 1z1 =usv?t

Handwritten 3’s, 16x16 pixel image so that z; € R0
foy =

diag(S)

. Real Trace
. Randomized Trace

0 50 100 150 200 250

Singular Values
20 40 60 80

imension

FIGURE 14.24. The 256 singular values for the digitized threes, compared to
those for a randomized version of the data (each column of X was scrambled).
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PCA Algorithm




Power method - one at a time

Si=) (z;—2)(z;—2)" v, = argmax v Yo




Power method - one at a time

V1

N AN
3= Z(mi —z)(x; — )" Vy = arg max v Yo “é"d_‘//
7/:1 U “'. | . ' %
.z
Z0 ™~ N(O’ [) lterate: Zyyq1 — m
t

To analyze write: D VDVT 2t =: Vo

VT VY2, Doy D?a;_4 Dlag
(0 p— z = = et p—
il TR IPafl D2 [Dag]

D! = (Dl,l)t(D/DLl)t — (Dl,l)telerf since Di,i/Dl,l <1



Power method - one at a time

Si=) (z;—2)(z;—2)" v, = argmax v Yo
i=1 v
2.z
20 ~ ./\/'(()’[) lterate: 2441 = HEZ tH
t]2

To analyze write: D VDVT 2t =: Vau




Markov chains - PageRank




Markov chains - PageRank

o= OO0

o= OO
S——

oo o+

0
1
L; ; = 1{page j points to page i} L= (5

Google PageRank of page i:

pi=(1—=A)+A) P ¢j = Lix
j=1 "



Markov chains - PageRank

O == O
o= oo
oo o -

L; ; = 1{page j points to page i} b= (

Google PageRank of pages given by:

p=(1-\N1+ALD'p




Markov chains - PageRank

O == O
o= oo

oo o+

L; ; = 1{page j points to page i} b= (

Google PageRank of pages given by: s R

Page 1
-
L‘q
i — |
) £y
&m" [ =
P : e

p=(1-\N1+ALD'p
Set arbitrary normalization: 17p = n so that
p=((1-\11"/n+ALD_ ") p
=: Ap



Markov chains - PageRank

O == O
o= oo
oo o -

L; ; = 1{page j points to page i} b= (

Google PageRank of pages given by:

p=(1-\N1+ALD'p
Set arbitrary normalization: 17p = n so that
p=((1-\11"/n+ALD_ ") p
=: Ap

p is an eigenvector of A with eigenvalue 1! And by the properties
stochastic matrices, it corresponds to the largest eigenvalue



Markov chains - PageRank

O == O
o= oo
oo o -
o= oo

L; ; = 1{page j points to page i} b= (

Google PageRank of pages given by:

p=(1-\N1+ALD'p

Set arbitrary normalization: 17p = n so that
p=((1-\11"/n+ALD_ ") p
=: Ap

p is an eigenvector of A with eigenvalue 1! And by the properties
stochastic matrices, it corresponds to the largest eigenvalue

. __ Aps . .
Solve using power method: Pr+1 = 1T Apy/n po ~ uniform(|[0, 1]™)




Matrix completion

Given historical data on how users rated movies in past: -

17,700 movies, 480,189 users, 99,072,112 ratings (Sparsity: 1.2%)

Predict how the same users will rate movies in the future (for S1 million prize)

g -
: : LR
L -
. »

Alice | 1 ? ? 4 ?

Bob | ? 2 5 ? ?
Carol | ? ? 4 5 ?
Dave | 5 ? ? ? 4




Matrix completion

n movies, m users, [S/ ratings

arg min > OV —sislls
UeRde’VERnXd (1’3,8)68

How do we solve it? With full information?



Matrix completion

n movies, m users, [S/ ratings

arg min > OV —sislls
UeRde’VERnXd (1,’.],3)68



Random projections

PCA finds a low-dimensional representation that reduces population variance

N T - . . .
V.,V is a projection matrix that
. = T =\112 9" 4q
H\l}nz [(z: — Z) — VoV, (zi — 2)||°. minimizes error in basis of size ¢
q =1
' N
V, are the first g eigenvectors of X ¥ := Z(xi — ) (x; — z)"
i=1

But what if | care about the reconstruction of the individual points?

. — T =\12
i s [ 2) = W, W (= 2)]



Random projections

. — T =\ 112
in, o (5 =) = W, W1 (s, = o)

Johnson-Lindenstrauss (1983)

Theorem 1.1. (Johnson-Lindenstrauss) Let € € (0,1/2). Let Q C R® be a set of n points and k = %g—". There
exists a Lipshcitz mapping f : R — R* such that for all u,v € Q: (independent of d)

(1=l —v|* < [If(w) = fF@)I* < A +€)flu— vl



Random projections

. — T =\ 112
in, o (5 =) = W, W1 (s, = o)

Johnson-Lindenstrauss (1983)

Theorem 1.1. (Johnson-Lindenstrauss) Let € € (0,1/2). Let Q C R® be a set of n points and k = %g—". There
exists a Lipshcitz mapping f : R — R* such that for all u,v € Q: (independent of d)

(1=l —v|* < [If(w) = fF@)I* < A +€)flu— vl

Theorem 1.2. (Norm preservation) Let x € R%. Assume that the entries in A C R¥*? are sampled independently
from N(0,1). Then,

1 —(e2—€3
Pr((1—¢)|z|* < Ilﬁx‘lxll2 <1 +9)lz]?) > 1—2e(—<)F/A



Other matrix factorizations

Singular value decomposition

Elements of U,S,V in R Apeaiet g |

Nonnegative matrix factorization (NMF)

Original
Elements of U, S,V in R NMF - g




Clustering
K-means
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Clustering images

i A=
mBe §

Mg wi [ E
. o 4
X X "\_1'

Set of Images

=
.l

Cs
[Goldberger et al.]



Clustering web search results

web news images wikipedia blogs jobs more »

advanced

preferences

Cluster Human contains 8 documents.
clusters [ELTIC- R G

All Results (238)
© Car 25
© Race cars (7)
© Photos, Races Scheduled (5)
@ Game (4)
@ Track(3)
@ Nascar (2)
@ Equipment And Safety (2)
@ Other Topics (7)
© Photos (22)
© Game (19)
© Definition (13)
© Team (18)
@ Human (s)
@ Classification Of Human (2)
@ Statement, Evolved (2)
@ Other Topics (4)
© Weekend (3)
© Ethnicity And Race (7)
© Race for the Cure (8)

@ Race Information ()

more | all clusters

find in clusters:

remix

1.

. Amazon.com: Race: The Reality Of Human Differences: Vincent Sarich ...

Race (classification of human beings) - Wikipedia, the free ... & QA &

The term race or racial group usually refers to the concept of dividing humans into populations or groups on the basis of various sets of characteristics. The most widely used human racial
categories are based on visible traits (especially skin color, cranial or facial features and hair texture), and self-identification. Conceptions of race, as well as specific ways of grouping races, vary
by culture and over time, and are often controversial for scientific as well as social and political reasons.History - Modern debates - Political and ...

en.wikipedia.org/wiki/Race_(classification_of _human_beings) - [cache] - Live, Ask

. Race - Wikipedia, the free encyclopedia & A &

General. Racing competitions The Race (yachting race), or La course du millénaire, a no-rules round-the-world sailing event; Race (biology), classification of flora and fauna; Race (classification
of human beings) Race and ethnicity in the United States Census, official definitions of “race" used by the US Census Bureau; Race and genetics, notion of racial classifications based on
genetics. Historical definitions of race; Race (bearing), the inner and outer rings of a rolling-element bearing. RACE in molecular biology "Rapid ... General - Surnames - Television - Music -
Literature - Video games

en.wikipedia.org/wiki/Race - [cache] - Live, Ask

. Publications | Human Rights Watch & & &

The use of torture, unlawful rendition, secret prisons, unfair trials, ... Risks to Migrants, Refugees, and Asylum Seekers in Egypt and Israel ... In the run-up to the Beijing Olympics in August 2008,

www.hrw.org/backgrounder/usa/race - [cache] - Ask

B A&
Amazon.com: Race: The Reality Of Human Differences: Vincent Sarich, Frank Miele: Books ... From Publishers Weekly Sarich, a Berkeley emeritus anthropologist, and Miele, an editor ...
www.amazon.com/Race-Reality-Differences-Vincent-Sarich/dp/0813340861 - [cache] - Live

. AAPA Statement on Biological Aspects of Race & A &

AAPA Statement on Biclogical Aspects of Race ... Published in the American Journal of Physical Anthropology, vol. 101, pp 569-570, 1996 ... PREAMBLE As scientists who study human
evolution and variation, ...
www.physanth.org/positions/race.html - [cache] - Ask

. race: Definition from Answers.com & Q &

race n. A local geographic or global human population distinguished as a more or less distinct group by genetically transmitted physical
www.answers.com/topic/race-1 - [cache] - Live

. Dopefish.com & Q &

Site for newbies as well as experienced Dopefish followers, chronicling the birth of the Dopefish, its numerous appearances in several computer games, and its eventual take-over of the human
race. Maintained by Mr. Dopefish himself, Joe Siegler of Apogee Software.
www.dopefish.com - [cache] - Open Directory
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Clustering

1.

Ask user how many
clusters they’d like.

(e.qg. k=5)

Pick clusters to
minimize some
objective fn.
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Clustering

1. Fix a # of clusters (e.g. k=5)
2. Choose/Assign each point xj to C(j)e {1,..., k}

1. Sometimes, pick centers 1, ... Mk

To minimize

E'(p, C)



K-means refers to optimizing this objective:

F(p,C) = Y llnog) — 217
j=1

How to minimize this quantity?
NP-Hard to minimize exactly. :(

But, several natural algorithms work well in practice!
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Lloyd’s algorithm

1. Ask user how many 0.8

clusters they’d like.
(e.g. k=5)

2. Randomly guess k 0.6
cluster Center
locations

3. Each datapoint finds
out which Center it’s
closest to. (Each center
“owns” a set of
datapoints) 0,2

0.4

x0 7




— Auton’s Graphics I =l.”
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Lloyd’s algorithm

1. Ask user how many 0.8

clusters they’d like.
(e.g. k=5)

2. Randomly guess k 0.6
cluster Center
locations

3. Each datapoint finds
out which Center it’s
closest to.

0.4

4. Each Center finds the
centroid of the points
it owns

0,2

x0 7




Lloyd’s algorithm

Ask user how many
clusters they’d like.

(e.qg. k=5)

Randomly guess k
cluster Center
locations

Each datapoint finds
out which Center it’s
closest to.

Each Center finds the
centroid of the points
it owns...

...and jumps there

...Repeat until
terminated!
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Lloyd’s algorithm

Ask user how many
clusters they’d like. (e.g.
k=5)

Randomly guess k cluster
Center locations

Each datapoint finds out
which Center it’s closest
to.

Each Center finds the
centroid of the points it
owns...

...and jumps there

...Repeat until
terminated!

m

F(p,C) =Y llnogy — =17

j=1

C® () — argmin ||p; — =2
1

M§t+1)

«— argmin

2

j:O()=i

2
[l — ;]

©Kevin Jamieson 2018



Does Lloyd’s algorithm converge??? Part 1

k
min min F(u, C) = minmin ]2
inmin F(u,C) = minmin 3> 3 [lui—a]
i=135:C(j)=t

First, fix p
minimize w.r.t C



Does Lloyd’s algorithm converge??? Part 2

k
minmin F(u, C) = minmin Y Y |jui—aj||?
v C v C = T

1=15:0(j)=i

First, fix p
minimize w.r.t C

Then, fix C
minimize w.r.t i

F(u,C) decreases each step = the algorithm doesn’t cycle
Only (Z) ~ n” configuarations = converges in finite # iterations



A cool application of k-means clustering:
compression



Vector Quantization, Fisher Vectors

Vector Quantization (for compression)

1. Represent image as grid of patches
2. Run k-means on the patches to build code book
3. Represent each patch as a code word.

FIGURE 14.9. Sir Ronald A. Fisher (1890 — 1962) was one of the founders
of modern day statistics, to whom we owe mazimum-likelihood, sufficiency, and
many other fundamental concepts. The image on the left is a 1024 x 1024 grayscale
image at 8 bits per pizel. The center image is the result of 2 x 2 block V@, using
200 code vectors, with a compression rate of 1.9 bits/pizel. The right image uses
only four code vectors, with a compression rate of 0.50 bits/pizel



Vector Quantization, Fisher Vectors

Vector Quantization (for compression)

Original

1. Represent image as grid of patches NVE__
2. Run k-means on the patches to build code book i
(k = # of codewords, center is code!) =

e gy :
3. Represent each patch as a code word. Zf‘u' = ) E

FIGURE 14.9. Sir Ronald A. Fisher (1890 — 1962) was one of the founders
of modern day statistics, to whom we owe mazimum-likelihood, sufficiency, and
many other fundamental concepts. The image on the left is a 1024 x 1024 grayscale
image at 8 bits per pizel. The center image is the result of 2 x 2 block V@, using
200 code vectors, with a compression rate of 1.9 bits/pizel. The right image uses
only four code vectors, with a compression rate of 0.50 bits/pizel




Vector Quantization, Fisher Vectors

Vector Quantization (for compression)

Original

1. Represent image as grid of patches NMF

2. Run k-means on the patches to build code book (VAL
(k = # of codewords, center is code!)

3. Represent each patch as a code word.

FIGURE 14.9. Sir Ronald A. Fisher (1890 — 1962) was one of the founders
of modern day statistics, to whom we owe mazimum-likelihood, sufficiency, and
many other fundamental concepts. The image on the left is a 1024 x 1024 grayscale
image at 8 bits per pizel. The center image is the result of 2 x 2 block V@, using
200 code vectors, with a compression rate of 1.9 bits/pizel. The right image uses
only four code vectors, with a compression rate of 0.50 bits/pizel

Coates, Ng, Learning Feature Representations with K-means, 2012



When to use K-means, or something else?

What sort of groupings are desired?
Nonoverlapping, similar diameter clusters: k-means may work well
Otherwise, might want another objective function (spectral, k-median, k-mode, ...)



One bad case for k-means



K-means summary

A clustering objective

minimize average L2 distance to centers of clusters
Lloyd’s algorithm: a greedy heuristic for minimizing it

Will converge in finite time, may not find global minimum
Good for finding similar width, nonoverlapping clusters

Sensitive to initial center selection, and random may not be the best a priori
See k-means++, The Advantages of Careful Seeding, Arthur and Vassilvitskii



Expectation
Maximization: an
algorithmic template

UNIVERSITY of WASHINGTON



m

Recall Lloyd’s algorithm F(p,C) = Y lluc(y) — ll°

j=1

1. Ask user how many
clusters they’d like. (e.g.
k=5)

2. Randomly guess k cluster
Center locations

3. Each datapoint finds out
which Center it is closest () — argmin ||u; — xj||2
to. i

4. Each Center finds the (t+1) . 5
centroid of the points it Hi argmin >l =yl
OWnS... §:C(4)=1

5. ..and jumps there

6. ..Repeat until
terminated!

©Kevin Jamieson 2018



m

Recall Lloyd’s algorithm F(p,C) = Y lluc(y) — ll°

J=1

1. Ask user how many
clusters they’d like. (e.g.

k=5)
2. Randomly guess k cluster Fixing centers
Center locations assign points to
3. Each datapoint finds out “most probable” cluster
which Center it is closest () — argmin ||u; — xj||2
to. )

4. Each Center finds the (t+1) . 5
centroid of the points it Hi argmin >l =yl
oWns... J:C@G)=i

Fixing assighnment,

5. ..andjumps there compute “most likely” center

6. ..Repeat until
terminated!

©Kevin Jamieson 2018



m

Recall Lloyd’s algorithm F(p,C) = Y lluc(y) — ll°

1. Ask user how many
clusters they’d like. (e.g.
k=5)

2. Randomly guess k cluster
Center locations

3. Each datapoint finds out
which Center it is closest
to.

4. Each Center finds the
centroid of the points it
owns...

5. ..and jumps there

6. ..Repeat until
terminated!

j=1

Fixing centers,
assign points to
“most probable” cluster

Expectation:

C® () — argmin ||p; — =2
1

t+1 .
MZ("' ) — arg min Sl —zjl)?
Ko 3 .
§:C(5)=1
Fixing assighnment,

Maximization: b o
compute “most likely” center

©Kevin Jamieson 2018



What likelihood function?

There are k truncated Gaussians
each generating data

Fixing centers,
assign points to
“most probable” cluster

Expectation:
CW () — argmin||p; — a;|?

t+1 .
pT —argmin Y [l - a2

j:C()=1
Fixing assighnment,

Maximization: b o
compute “most likely” center

©Kevin Jamieson 2018



The Expectation Maximization template

Expectation:

Fix parameters,
estimate unobserved
data

Maximization:
Fix unobserved data,
find MLE for parameters

Fixing centers,
assign points to
“most probable” cluster

Expectation:
CW () — argmin||p; — a;|?

t+1 .
pT —argmin Y [l - a2

j:C()=1
Fixing assignment,

Maximization: b o
compute “most likely” center

©Kevin Jamieson 2018



Why use this template?

Expectation:

Fix parameters,
estimate unobserved
data

Maximization:
Fix unobserved data,
find MLE for parameters

Usually, the joint optimization problem is hard
to solve (e.g., finding the global optimum to k-means)

©Kevin Jamieson 2018



