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Clustering web search results

All Results (235) L
© Race cars (1)
© Photos, Races Scheduled (5)
© Game (4
© Track ()
© Nascar(2)
© Equipment And Safety (z)
© Other Topics (1)
© Photos 22
© Game (19)
© Definition (13)
© Team (15)
© Human @)
" Classification Of Human 2)
© Statement, Evolved ()
© Other Topics (4
© Weekend (5
© Ethnicity And Race (1)
© Rac
© Race Information (s)
‘more | all clusters

for the Cure (5)

find in clusters:

clusters LN ST

Cluster Human contains 8 documents.

1. Race (classification of human beings) - Wikipedia, the free ... & A & /]
‘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
categories are based on visible traits (especially skin color, cranial o facial features and hair texture), and self-identification. Conceptions of race, as well as
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

2. Race - the free er BA®
General. Racing competitions The Race (yachting race), o La course du millénaire, a no-rules round-the-world sailing event; Race (biology), 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
genetics. Historical definitions of race; Race (bearing), the inner and outer rings of a rolling-element bearing. RACE in molecular biology “Rapid ... General

rature - Video games.

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

3. Publications | Human Rights Watch & & &

‘The use of torture, unlawful rendition, secret prisons, unfair trals, ... Risks to Migrants, Refugees, and Asylum Seekers in Egypt and Israel

In the run-up
www.hrw.org/backgrounder/usa/race - [cache] - Ask

4. Amazon.com: Race: The Reality Of Human Differences: Vincent Sarich ... ® 2 &
Amazon.com: Race: The Reality Of Human Differences: Vincent Sarich, Frank Miele: Books ... From Publishers Weekly Sarich, a Berkeley emeritus anthrog
‘www.amazon.com/Race-Reality-Differences-Vincent 13340861 - [cache] - Live

losl widely used human racial
pecific ways of grouping races, vary

f flora and fauna; Race (classification
racial classifications based on
[Sumames - Television - Music

the Beijng Olympics in August 2008,

bologist, and Miele, an editor ...

5. AAPA on Aspects of Race & A &
AAPA Statement on Biological Aspects of Race .. Published in the American Journal of Physical Anthropology, vol. 101, pp 569-570, 1996
evolution and variation,
www.physanth.org/positionsirace.htm - [cache] - Ask

PREAMBLE

6. race: Definition from Answers.com & Q &

race n. Alocal geographic or global human population distinguished as a more o less.
www.answers.com/topic/race-1 - [cache] - Live

inct group by genetically transmitted physical

7. Dopefish.com & &

scientists who study human

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

©Carlos Guestrin 2005-2013

d its eventual take-over of the human
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K = fAuton’s Graphics (=]
-means ¢
" JE
0.8 T
1. Ask user how many
clusters they’d like.
(e.g. k=5)
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_.i Auton’s Graphics [ i |
K-means |
" JE
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1. Ask user how many
clusters they’d like.
(e.g. k=5)
2. Randomly guessk | ¢ T
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Auton’s Graphics 00

K-means
" I

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's
closest to. (Thus
each Center “owns”
a set of datapoints)

©Carlos Guestrin 2005-2013 7

Auton’s Graphics (=]

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

2. Randomly guess k
cluster Center
locations

0.8

0.6

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

4. Each Center finds
the centroid of the
points it owns
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1.

2. Randomly guessk | .. +

3. Each datapoint finds

4. Each Center finds

= Auton”s Graphics |

P
[aS

K-means
JE

Ask user how many | o8 T
clusters they’d like.

(e.g. k=5)

cluster Center
locations

out which Center it’s
closest to.

the centroid of the o2 T
points it owns...

...and jumps there | 0.2 0.4 0.8 0.8 1o
6. ...Repeat until
te rm i nated ! ©Carlos Guestrin 2005-2013 9
K-means
" JEE—
TTPRT 0 th.hl'g
m Randomly initialize k centers

u® =y, © 1y 0 .
(Oﬂvw‘)(_ W‘{n ’\0’“\',,,5 wouep ((\' yo\'\’l— CLF'H)‘) Hl) (‘LJJV)

m Classify: Assign each l;‘)omt E{1,.. M} to nearest
center: h L s p
C9(j) — argmin ||m —ajl?

- . "

m Recenter: y, becomes centroid of its point:

(t+1) ; 112 .- Zz .
pi T —argmin 3 (lp-al? e M= T

j:C(5)=1
3:C() mp ot
Equivalent to u, «<— average of its points! gl h thusk. s

©Carlos Guestrin 2005-2013 10




What is K-means optimizing?
" JEE
m Potential function F(u,C) of centers u and point
allocations C:

N
F(p, )= > e — zj||?
i=1

m Optimal K-means:
min,ming F(u,C)

Does K-means converge??? Part 1
" JEE
m Optimize potential function:
k

minmin F(p,C) = minmin >~ >~ ||Mz'—33j||2
e YO s cG)=

m Fix u, optimize C

©Carlos Guestrin 2005-2013




Does K-means converge??? Part 2
" S

m Optimize potential function:
k
min mclnF(u,C)_mJn min ; ' Z ‘||l% ]|
i=1;5:0(j)=i

m Fix C, optimize n

©Carlos Guestrin 2005-2013

Coordinate descent algorithms
" —— O ", X ]

Want: min, min, F(a,b)
Coordinate descent:
fix @, minimize b
fix b, minimize a
repeat
Converges!!!
if F is bounded

to a (often good) local optimum

= as we saw in applet (play with it!)
(For LASSO it converged to the optimum)

m K-means is a coordinate descent algorithm!

©Carlos Guestrin 2005-2013




Mixtures of
Gaussians

Machine Learning — CSE446
Carlos Guestrin
University of Washington

May 15, 2013

Carlos Glestrin 2005-2013

(One) bad case for k-means
* JEE
m Clusters may overlap

m Some clusters may be
“‘wider” than others




Gaussians in m Dimensions
= JEEE

X —l(x—u)T = (x-u)

1
PX)=—
) Qo)™ 111" © p[ 2

Suppose You Have a Gaussian For
Each Class

1 1 -
Xp __(X_Mi)r Zil(X—H,-)

Pxly—i)o— 1 ¢
ly =0 s e 2

©Carlos Guestrin 2005-2013




Gaussian Bayes Classifier
* JEE

m You have a Gaussian over x for each class y=i:

1 _
G|yt 5 )

m But you need probability of class y=i given x:

P(xly=i)x

m Thank you Bayes Rule!!

P(y=ilx)= pxly=0P(y=i)
p(x)

©Carlos Guestrin 2005-2013 19

Predicting wealth from age

wealth = poor wealth = rich
(prior = 0.760718) (prior = 0.239282)
1 mean  cov 1 mean  cov
age 37.374 198935 age 447727 111618
4 i 0.037
density 0,025 density
0.029
0.015 0.021
0013
0.005 0.005
20 30 40 S0 60 70 80 890 25 35 45 55 B5 75 85
age age
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Predicting wealth from age

wealth = poor
(prior = 0.760718)
1 mean  cov

age 37.374 198935

density 0.025

0.015

0.005

age

40 S0 60

wealth = rich
(prior = 0.239282)
1 mean  cov
age 447727 111618
densty 0037
0.028
0.021

0013
0.005

wealth values:

prob 1

06
0.2‘

poor rich
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~
o 354 e 23 1.
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20 30 40

50 60 70 80 90

age
Learning modelyear of oz = o,

'mpg ---> maker .

maker = europe

(prior = 0.173469)

1

mpg
modelyear

modelyear

mean
27.6029

75.6765

cov
43.2088 11.3562
11.3562 11.7147

maker = america maker = asia
(prior = 0.625) (prior = 0.201531)
1 mean  cow 1 mean  cov
mpg 20,0335 41.4785 152012 mpa 30.4506 37.0887 12.6427
modelyear 755918 152912 13.3083 modelyear 77.443 12.6427 13.3268
* seshes ve 0 o ose o
modelyear 1 modelyear a0 T O
81 81
d . P .. /
79 Y4 79 /
Y il . ;7 - e e ff .
777 /'" F2 2 T S

o

P

I\U. e .

homess + 00 soref o . | . e [
‘/ /
75] preseerees / . e e

hl

10 15 20 25

mpg

30

i

20 25 30 35 40
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General: O(m?) ol

'parameters

O"Z .o O'

maker = america maker = asia maker = europe
ior = 0.625; - -
G ctzy maker values: america asia europe :
1 mean  cov e e e e . mean  cov
mpg 200335 414785 152012) modelyear i e e o o 76020 43.2088 11.3562
modelyear 755918 152012 13.3983 '5.6765 11.3562 11.7147
6 o oo o R
modelyear | . | ..
81 - S rrimetets s ¢ e e sm s . 281
79 T .
I, 4 oo s oo SN ] }
T ofomrs o0 & T o oom )
75- Jotoo.bo. . 75- .. . ’,a’,
75 e e
=afy| gpooco o0 @ 0000 000 0o . W 71 \ °0o o
4 — sesess sessiee 4 e d “Te
! 73 !
'IIJ "5 20 '2 srres serr s sran 20 25 '30 55 ‘40
mpg mpg
71
Al T T T T T T T
10 15 20 25 30 35 40 45
mpg
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Aligned: O(m) 0 ol 0 -
.
2
s 0 0 o; -
'paralneters S R
2
0O O - o,, 0
2
0 . 0 o,

maker = america

maker = asia

maker = europe

(prior = 0.625) (prior = 0.201531) (prior = 0.173469)
1 mean  cov 1 mean  cov 1 mean  cov
mpa 200335 41.4785 0 mpg 304506 37.0887 0 mpa 276020 432088 0
modelyear 755918 0 13.3983 modelyear 77.443 0 13.3268 modelyear 75.6765 0 11.7147
+ eeeres sr s v e e see .
modelyear 1 o5 600 o O o o modelyear " ) o modelyear
] - 31
/ . N eme Wy e e .
| [ o= o o 29 ..
1 wunes e lw e = v ese
4 \ i/
75 sersesase o 7 . . .
= ‘;: ‘e e s I
] oo P e e .
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Aligned: O(m)

'parameters

maker = america

maker = asia

Q
SR
=)
[

(prior = 0.625)

1 mean cov

mpg 20,0335 41.4785 0 modelyear
modelyear 755918 0 13.3983
. e
modelyear | e e
1 /*"\\
sl eeeemenes
1 o ee

751 \ooooooooo .
EIRTIRTS .

d edeees ee e o

7]

I R ST
0 15 20 2
mpg
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Spherical: O(1)
'cov parameters 5

o o S
o Q o
Q, o o
©c o o
©c oo

0O 0 0 - o> 0
O 0 0 - 0 o

maker = america

(prior = 0.625)

mean cov 1
mpg 200335 27.4384 0

modelyear 755918

modelyear i o
797
7?- R T
5] peesessee s
Ee e -
o 15 20 /25 30 35

mpg

maker = asia

(prior = 0.201531)

mean cov
mpa 30.4606 25.2078
modelyear 77.443 0/ 25.2078"
/ oo o lpae
modelyear ofe FRTSTR PO
a1
70 t
] e e e
. PR
IR /
. . ! ..
- oD e S

maker = europe

(prior = 0.173469)

1

mean  cow
mpa 27.6029 27.5067 O

modelyear 756765 0

modelyear J
81
79.‘ A .. .. .
71 . ‘e .
P
7
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. o 0 O 0 O
.
2
Spherical: O(1) 0 o 0 0 0
2
s 0 0 o 0 O
'COV paran eters P :
2
0O 0 O o 0
0O 0 O 0 2
maker = america maker = asia maker = europe
G ctzy maker values: america asia europe Y
1 mean cov s e s s s e [ne:
mpa 200335 27.4384 0 modelyear | o o oo N 76020 27.5067 0
modelyear 755918 0 - e . 5.6765 0 FT5067
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Next... back to Density Estimation

* JEE——
What if we want to do density estimation with
multimodal or clumpy data?

= Auton’s Graphics [ |
><1
0.8
0.6
0.4
0.2
t
0 0.2 0.4 0.6 0.8 1
0
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* JE
m MLE:
argmax [, P(y,x)

m But we don’t know yi!!!
m Maximize marginal likelihood:
argmax [, P(x) = argmax []; 3;-4* P(y'=i,x)

©Carlos Guestrin 2005-2013 29

Special case: spherical Gaussians

. and hard assignments

—7lxi 1 1 i_ T s i_ =7
P(y=ilx )“W“P[—E(X Hi) 2 (X Mi)]P()’—l)

m If P(X|Y=i) is spherical, with same ¢ for all classes:
1 2
Px’/ly=i)xexp|—
(x’ ly=1) p[ o7 ]

m |f each x; belongs to one class C(j) (hard assignment), marginal likelihood:

X' =,

m k m
HEP(Xj’y=i)°cHexp[_ 2(172 X' = Ueq) 2}
i=1 j=1

m Same as K-means!!!

©Carlos Guestrin 2005-2013 30
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The GMM assumption
" JEE
* There are k components

» Component j has an associated
mean vector u,

U
o Ug
U
The GMM assumption
" JEE—

» There are k components
» Component i has an associated
mean vector u, w

* Each component generates data
from a Gaussian with mean m;and
covariance matrix o’I

Each data point is generated
according to the following recipe:

©Carlos Guestrin 2005-2013
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The GMM assumption
* JEE

*  There are k components

+  Component i has an associated
mean vector u,

+  Each component generates
data from a Gaussian with
mean m;and covariance matrix
oI

Each data point is generated
according to the following
recipe:

1. Pick a component at random:
Choose component i with
probability P(y=i)

©Carlos Guestrin 2005-2013

The GMM assumption
* JEE—

. There are k components

*  Component i has an associated
mean vector y,

. Each component generates
data from a Gaussian with
mean m;and covariance matrix
oI

Each data point is generated
according to the following
recipe:

1. Pick a component at random:
Choose component i with
probability P(y=i)

2. Datapoint ~ N(u,, o°I')

©Carlos Guestrin 2005-2013




The General GMM assumption
" JEE

* There are k components

+  Component i has an associated

mean vector m;

+  Each component generates
data from a Gaussian with
mean m;and covariance matrix

3

]

Each data point is generated
according to the following

recipe:

1. Pick a component at random:

Choose component i with

probability P(y=i)

2. Datapoint ~ N(m;, 3})

©Carlos Guestrin 2005-2013
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Unsupervised Learning:

. gaotas hard as it Iooks

Sometimes easy

Sometimes impossible

and sometimes in between

©Carlos Guestrin 2005-2013

IN CASE YOU'RE
WONDERING WHAT
THESE DIAGRAMS
ARE, THEY SHOW 2-d
UNLABELED DATA (X
VECTORS)
DISTRIBUTED IN 2-d
SPACE. THE TOP ONE
HAS THREE VERY
CLEAR GAUSSIAN
CENTERS
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