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Clustering

Clustering systems:
Unsupervised learning
Detect patterns in unlabeled
data

E.g. group emails or search
results
E.g. find categories of
customers
E.g. detect anomalous program
executions
Useful when don’t know
what you're looking for
Requires data, but no labels

Often get gibberish
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K-Means

An iterative clustering
algorithm
Pick K random points as
cluster centers (means)
Alternate:
Assign data instances
to closest mean
Assign each mean to
the average of its
assigned points
Stop when no points’
assignments change
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Announcements
Everything due on Tuesday
Tuesday will be:
party
parting words
fun+advanced topics
snacks!
Two surveys:
This course “unofficial” survey
What classes do you like survey (cf. cf)
Both linked off the course page + sent by email
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Clustering
Basic idea: group together similar instances
Example: 2D point patterns
000 cc®oo0fog00
o
o0 ocoogo00Pogo
o 0
What could “similar” mean?
One option: small (squared) Euclidean distance
i ) = (1 — DT (g — ) = e — )2
dist(z,y) = (@ —y) ' (x—y) => (zi— )
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K-Means Example
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K-Means as Optimization

Consider the total distance to the means:
o({x}, {ai}, {ex}) = > dist(w, cqy)
el

7
points I means
assignments

Each iteration reduces phi .\i)'

Two stages each iteration: o/.',l ﬁ'
Update assignments: fix means c,
change assignments a
Update means: fix assignments a,

change means c
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Phase II: Update Means

Move each mean to the
average of its assigned points:

1
cp = T;
{i = ai = k}| 2

i:aizk

R
Also can only decrease total :
distance... (Why?)
ome
Fun fact: the point y with
minimum squared Euclidean
distance to a set of points {x} is

their mean .‘ !
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K-Means Getting Stuck

A local optimum:
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Why doesn't this work out like the: i - 3
earlier example, with the purple
taking over half the teal?
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Phase I: Update Assignments

For each point, re-assign to
closest mean:

a; = argmin dist(z;, ¢;,)
k

Can only decrease total
distance phi!

A
4
's

d({zi}, {ait {ex}) =
./v-
Z dist(zy, cq;) o T.
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Initialization
K-means is greedy b .'
Requires initial means
It does matter what you pick! oW H o

What can go wrong? [ [

Various schemes for
preventing this kind of thing:
variance-based split / merge,
initialization heuristics
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K-Means Questions

Will K-means converge?
To a global optimum?

Will it always find the true patterns in the data?
If the patterns are very very clear?

Will it find something interesting?
Do people ever use it?

How many clusters to pick?
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Clustering for Segmentation

Quick taste of a simple vision algorithm

Idea: break images into manageable regions for visual
processing (object recognition, activity detection, etc.)

hitp:/Aww
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K-Means Segmentation

Results depend on initialization!
Why?

Note: best systems use graph segmentation algorithms
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Agglomerative Clustering

Agglomerative clustering: 3
First merge very similar instances ~ * " ¢ o (@.
Incrementally build larger clusters out of )

smaller clusters e -
* . Co. .
Algorithm: ._ e \.

Maintain a set of clusters . 2
Initially, each instance in its own cluster ..
Repeat:

Pick the two closest clusters

Merge them into a new cluster

Stop when there’s only one cluster left —

Produces not one clustering, but a family & % ¢\
of clusterings represented by a

dendrogram
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Representing Pixels

Basic representation of pixels:
3 dimensional color vector <r, g, b>
Ranges: r, g, bin [0, 1]
What will happen if we cluster the
pixels in an image using this
representation?
Improved representation for
segmentation:
5 dimensional vector <r, g, b, X, y>
Ranges: x in [0, M], y in [0, N]
Bigger M, N makes position more
important
How does this change the similarities?

Note: real vision systems use more
sophisticated encodings which can

slide 15 capture intensity, texture, shape, etc. CS 5300: ML II

Hal Daumé IIl (hal@cs.utah.edu)

UNIVERSITY
o UTAH

Other Uses of K-Means

Speech recognition: can use to quantize wave slices
into a small number of types (SOTA: work with
multivariate continuous features)

Document clustering: detect similar documents on
the basis of shared words (SOTA: use probabilistic
models which operate on topics rather than words)
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Agglomerative Clustering

How should we define “closest”
for clusters with multiple
elements?
Many options

Closest pair (single-link clustering)

Farthest pair (complete-link
clustering)

Average of all pairs

Distance between centroids
(broken)

Ward's method (my pick, like k-
means)

Different choices create different
clustering behaviors
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" Linguistic Typology
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with Yee Whye Teh, Lyle Campbell, Dan Roy]

Implicant O Implicand Analysis
Postpositions O Genitive-Noun Greenberg #2a
OV o Postpositions Greenberg #4

OV O Genitive-Noun
Genitive-Noun O Postpositions
Postpositions O OV

Greenberg #4 + Greenberg #2a
Greenberg #2a (converse)
Greenberg #2b (converse)

Vrud

SV 2 Genitive-Noun
Adjective-Noun 2 Numeral-Noun
Strongly suffixing O Tense-aspect suffixes
VO O Noun-Relative Clause
Interrogative verb morph O No question particle

Greenberg #18
Clear explanation

Lehmann

Appeal to economy

Numeral-Noun 2 Demonstrative-Noun
Prepositions O VO
Adjective-Noun O Demonstrative-Noun
Noun-Adjective O Postpositions
SV o Postnositions
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Hawkins X VI (for postpositional languages
Greenberg #3 (converse)
Greenberg #18

Lehmann
277
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" Latent Dirichlet Allocation

[Blei, Ng + Jordan, JMLR 03]

Unigram model of documents

Each document is a mixture
Each topic is a mixture over

Generative model for each d

Choose a single topic mixture: ~

For each word (N total):

Choose a topic for this word: z ~
Choose the word itself: w ~

over topics
words

ocument (M total):
Dir( )

Mult( )
Mult( ?)

-

O

\/l\/

Z

L @} O

M
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“Arts” “Children” “Education”

NEW MILLION CHILDREN SCHOOL

FILM TAX WOMEN STUDENTS

SHOW PROGRAM PEOPLE SCHOOLS

MUSIC BUDGET CHILD EDUCATION

MOVIE BILLION YEARS TEACHERS

PLAY FEDER AL FAMILIES HIGH

MUSICAL  YEAR WORK PUBLIC

BEST SPENDING PARENTS TEACHER

ACTOR NEW SAYS BENNETT

FIRST STATE FAMILY MANIGAT

YORK PLAN WELFARE NAMPHY

OPERA MONEY MEN STATE

THEATER PROGRAMS PERCENT PRESIDENT

ACTRESS GOVERNMENT CARE ELEMENTARY

LOVE CONGRESS LIFE HAITI
The William Randolph Hearst will give toLincoln Center, Metropoli-
tan Opera € iew York Philharmonic and Juilliard School.  “Our felt that we had a
real opportunity to make a mark on the futre of the performing arts with these an act
every bit asimportant as our traditional areas of in health, medical ion
and the social Hearst Randolph A, Hearst said Monday in

the: Lincoln Center’s share will be for its new which
will young artists and new The Metropolian Opera Co, and
New York Philharmonic will each. The Juilliard School, where music and
the performing  arts are taught. will get The Hearst a leading supporter
of the Lincoln Center Consolidated Corporate will make its usual
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Collaborative Filtering

Ever wonder how online merchants decide
what products to recommend to you?

Simplest idea: recommend the most popular

items to everyone - .
Not entirely crazy! (Why) S
Can do better if you know something S
about the customer (e.g. what they've R
bought) LT
Better idea: recommend items that similar P :.'
customers bought [P
A popular technique: collaborative filtering -~ " ~7< " -
Define a similarity function over customers % =" "+ .z
(how?) Sl
Look at purchases made by people with Vel i
high similarity here
Trade-off: relevance of comparison set vs
confidence in predictions
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LDA: Geometric Interpretation
[Blei, Ng + Jordan, JMLR 03]
bank

Doc 1: topography
Doc 2: finance

river money.
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" Integrating Topics and Syntax

[Griffiths, Steyvers, Blei +
Tenenbaum; NIPS 2004]

For each document M:
Choose a topic mixtute
For each word N:

Choose topic z
Choose class s
Choose w from:
Bz if s=0
Cs otherwise

network images
netvork
08 || neunt image kernel
I’ networks
| output output objects

neural network svm images
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Summary

Unsupervised learning is the wave of the future

But it can easily give you junk if you don't know what
you're doing
(Contrasted with supervised learning which will usually do
something sort of reasonable even if you're a dunce)
ngs
All about specifying models that make sense for your
problem

suds:

i
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