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Machine Learning (CS 567)

Fall 2008

Time: T -Th 5:00pm - 6:20pm
Location: GFS 118

Instructor : Sofus A. Macskassy (macskass@usc.edu)
Office: SAL 216

Office hours:  by appointment

Teaching assistant : Cheol Han ( cheolhan@usc.edu )
Office: SAL 229

Office hours: M 2 -3pm, W 11 -12

Class web page:
http://www -scf.usc.edu/~csci567/index.html
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Administrative - Projects

ÅAttendance is mandatory (points off if not there)
ïLet me know beforehand if you cannot make a session 

(there are 4 sessions, let me know about each)

ÅProject paper is due on Dec 2
ïEmail to me (macskass@usc.edu) + hard copy

ïAlso turn in a sheet outlining who did what and each 
team member should sign it in my presence when you 
turn it in.

ÅSlides must be emailed to me 
(macskass@usc.edu) by noon on the day of 
presentation (pdf or powerpoint), or bring it on a 
usb key
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Administrative - Presentations

ÅLength:
ï25minutes for 4 member teams.

ï20 minutes for 3 member teams.

ï15 minutes for single and 2 member teams.

ïThese times are very strict and I will stop your talk even if you are 
not done (and grading will be done according to when I stop you).

ïI suggest you prepare a presentation ~2 minutes less than allotted 
to have time to move from one group to next. 

ÅPresentation must include:
ïProblem formulation

ïData

ïMethods used and evaluation metric
ÅHow is this new or different from prior work.

ïResults
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Administrative - Papers

ÅFinal Papers must include:

ïProblem formulation

ïRelated work

ïWhat is new

ïData characteristics

ïMethods used and evaluation metrics

ïResults and significance of your findings
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Administrative ïProject Grading

ÅAttendance: 5%
ÅPresentation: 20%
ïClarity of presentation (what the problem is, what you 

did, what your results were and what they mean); did 
you include necessary elements.

ÅPaper clarity: 25%
ïClarity of writing and are the required elements present.  

Also, after reading the paper, can a reader understand 
it well enough to replicate your work and results. 

ÅResearch: 50%
ïThe amount of work you did, the quality of the work, 

the thoroughness of your evaluation and whether you 
clearly have applied what you have learned in class in 
the appropriate manner. 
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Unsupervised Learning

ÅIn supervised learning, we have data in the form of pairs 
< x ,y>, where y= f (x ).  The goal is to approximate f .

ÅIn unsupervised learning , the data just contains x !

ÅThe main goal is to find structure in the data

ÅPotential uses:

ïVisualization of the data

ïData compression

ïDensity estimation: what distribution generated the data?

ïPre-processing step for supervised learning

ïNovelty detection

ÅThe definition of ñground truthò is often missing (no clear 
error function, like in supervised learning)
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Unsupervised Learning (2)

ÅOther potential uses:
ïDensity Estimation
ÅLearn P(X) given training data for X

ïClustering
ÅPartition data into clusters

ïDimensionality Reduction
ÅDiscover low-dimensional representation of data

ïBlind Source Separation
ÅUnmixing multiple signals
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Density Estimation

ÅGiven:  S = { x1, x2, é, xN}

ÅFind: P(x )

ÅSearch problem:

argmaxh P(S|h) = argmax h äi log P(x i|h)
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Unsupervised Fitting of 
the Naïve Bayes Model

Åy is discrete with K values
P(x ) = äk P(y=k) Ôj P(xj | y=k)

Åfinite mixture model

Åwe can think of each y=k as a separate 
ñclusterò of data points

y

x3x2x1 xn
é
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The Expectation-Maximization Algorithm (1):
Hard EM

ÅLearning would be easy if we knew 
yi for each x i

ÅIdea: guess them and then 
iteratively revise our guesses to 
maximize P(S|h)

x i yi

x1 y1

x2 y2

é é

xN yN
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Hard EM (2)

1. Guess initial y values to get ñcomplete 
dataò

2. M Step: Compute probabilities for 
hypotheses (model) from complete data 
[Maximum likelihood estimate of the 
model parameters]

3. E Step: Classify each example using the 
current model to get a new y value 
[Most likely class ǀof each example]

4. Repeat steps 2-3 until convergence

We will come back to EM later.

x i yi

x1 y1

x2 y2

é é

xN yN
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What is clustering?
ÅClustering is grouping similar objects together.
ïTo establish prototypes or detect outliers
ïTo simplify data for further analysis/learning.
ïTo visualize data (in conjunction with dimensionality 

reduction).

ÅClusterings are usually not ñrightò or ñwrongòð
different clusterings can reveal different things 
about the data.
ÅA more direct measure of ñgoodnessò can be 

obtained if the clustering is a first step towards 
supervised learning, or if it is used for data 
compression.
ÅThere are two major types of clustering: flat and 

hierarchical
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What is clustering?
ÅClustering is grouping similar objects together.
ïTo establish prototypes or detect outliers
ïTo simplify data for further analysis/learning.
ïTo visualize data (in conjunction with dimensionality 

reduction).

ÅClusterings are usually not ñrightò or ñwrongòð
different clusterings can reveal different things 
about the data.
ÅA more direct measure of ñgoodnessò can be 

obtained if the clustering is a first step towards 
supervised learning, or if it is used for data 
compression.
ÅThere are two major types of clustering: flat and 

hierarchical

This is an important point!
Whenever you see clustering there 
is always the question of whether 
this is the ñrightò clustering, or how 
good it is.  Noone has a good 
answer to this, since many clusters 
are generally ñreasonableò. 
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K -means clustering
ÅOne of the most commonly-used clustering 

algorithms, because it is easy to implement and 
quick to run.

ÅAssumes the objects (instances) to be clustered are 
n-dimensional vectors.

ÅAssumes that there exists a distance or similarity 
measure between these instances

ÅThe goal is to partition the data in K disjoint subsets

ÅIdeally, we want to get a partition that ñreflects the 
structureò of the data.
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K -means clustering with real-valued data

Å Inputs:
ï A set of n-dimensional real vectors {x1, x2, é, xm}

ï K , the desired number of clusters.

Å Output: A mapping of the vectors into K clusters 
(disjoint subsets), C : {1,é,m} ! {1,é,K }

1. Initialize C randomly.

2. Repeat:
a) Compute the centroid of each cluster (which is the 

mean of all the instances in the cluster)

b) Assign each vector to the cluster whose centroid is 
closest, in terms of Euclidean distance

Until C stops changing.
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Clustering Example
Initial data
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Clustering Example
assign into 3 clusters randomly
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Clustering Example
compute centroids
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Clustering Example
reassign clusters
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Clustering Example
recompute centroids
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Clustering Example
reassign clusters
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Clustering Example
recompute centroids ïdone!
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Clustering Example
What if we donôt know the right number of clusters?
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Clustering Example
assign into 4 clusters randomly
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Clustering Example
compute centroids
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Clustering Example
reassign clusters
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Clustering Example
recompute centroids
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Clustering Example
reassign clusters
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Clustering Example
recompute centroids ïdone!
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K-means
1. Ask user how many 
clusters theyôd like. 
(e.g. k=5) 
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K-means
1. Ask user how many 
clusters theyôd like. 
(e.g. k=5) 

2. Randomly guess k 
cluster Center 
locations
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K-means
1. Ask user how many 
clusters theyôd like. 
(e.g. k=5) 

2. Randomly guess k 
cluster Center 
locations

3. Each datapoint finds 
out which Center itôs 
closest to. (Thus 
each Center ñownsò 
a set of datapoints)
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K-means
1. Ask user how many 
clusters theyôd like. 
(e.g. k=5) 

2. Randomly guess k 
cluster Center 
locations

3. Each datapoint finds 
out which Center itôs 
closest to.

4. Each Center finds 
the centroid of the 
points it owns
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K-means
1. Ask user how many 
clusters theyôd like. 
(e.g. k=5) 

2. Randomly guess k 
cluster Center 
locations

3. Each datapoint finds 
out which Center itôs 
closest to.

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

5. éand jumps there

6. éRepeat until 
terminated!
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K-means 
Start

Advance apologies: in 
Black and White this 
example will deteriorate

Example generated by 
Dan Pellegôs super-duper 
fast K-means system:

Dan Pelleg and Andrew 
Moore. Accelerating Exact 
k-means Algorithms with 
Geometric Reasoning. 
Proc. Conference on 
Knowledge Discovery in 
Databases 1999, 
(KDD99) (available on 
www.autonlab.org/pap.html )
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K-means 
continues
é



Fall 2008 Unsupervised Learning - S. A. Macskassy37

K-means 
continues
é
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K-means 
continues
é
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K-means 
continues
é
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K-means 
continues
é
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K-means 
continues
é
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K-means 
continues
é
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K-means 
continues
é
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K-means 
terminates
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Questions
ÅWhat is K-means trying to optimize?

ÅWill it terminate?

ÅWill it always find the same answer?

ÅHow should we choose the initial cluster centers?

ÅCan we automatically choose the number of 
centers?
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Example application: color quantization

ÅSuppose you have an image stored with 24 bits per pixel.

ÅYou want to compress it so that you use only 8 bits per pixel 
(256 colors)

ÅYou want the compressed image to look as similar as 
possible to the original image.

ÅIn general, you may want to take continuous data and map it 
to a discrete space; this is called vector quantization

ÅIf we want to send the image over, now we can send the 
compressed version, plus the color map.

ÅIf you only send the compressed version, you want to 
minimize the reconstruction error



Fall 2008 Unsupervised Learning - S. A. Macskassy47

Loss (distortion) function
ÅIn a similar way, suppose we want to send all the instances 

over a communication channel

ÅIn order to compress the message, we cluster the data and 
encode each instance as the center of the cluster to which 
it belongs

ÅThe reconstruction error for real-valued data can be 
measured as the Euclidian distance between the true value 
and its encoding.

ÅNote that if we encoded the instance using the center of a 
different cluster, the error would be larger!

ÅIf we try to minimize the error, we take its derivative, set it 
to 0, and see that the center of a cluster should be the mean 
of its instances.
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Distortion

Given..

Åan encoder function: ENCODE : Án ­ [1..k] 

Åa decoder function: DECODE : [1..k] ­Án

Defineé
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ii
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2
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The Minimal Distortion

What properties must centers c1 , c2 , é , ck have 
when distortion is minimized?

ä
=

-=
m

i

iCi

1

2

)( )(Distortion mx
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The Minimal Distortion (1)

What properties must centers c1 , c2 , é , ck have 
when distortion is minimized?

(1) x i  must be encoded by its nearest center

é.why?

ä
=
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m
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ii

1
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)(C )(Distortion mx
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..at the minimal distortion

Otherwise distortion could be 
reduced by replacing ENCODE[x i] 
by the nearest center
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The Minimal Distortion (2)

What properties must centers c1 , c2 , é , ck have 
when distortion is minimized?

(2) The partial derivative of Distortion with respect 
to each center location must be zero.
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(2) The partial derivative of Distortion with respect 
to each center location must be zero.
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Improving a suboptimal configurationé

What properties can be changed for centers c1 , c2 , é , ck

have when distortion is not minimized?

(1) Change encoding so that x i  is encoded by its nearest center

(2) Set each Center to the centroid of points it owns.

ä
=

-=
m

i

ii

1

2

)(C )(Distortion mx
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Improving a suboptimal configurationé

What properties can be changed for centers c1 , c2 , é , ck

have when distortion is not minimized?

(1) Change encoding so that x i  is encoded by its nearest center

(2) Set each Center to the centroid of points it owns.

Thereôs no point applying either operation twice in succession.

But it can be profitable to alternate.

éAnd thatôs K-means!

Easy to prove this procedure will terminate in a state at 
which neither (1) or (2) change the configuration. Why?
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Termination of K -means clustering

ÅFor given data { x1, é, xm} and a clustering C, consider the 

sum of the squared Euclidean distance between each vector 
and the center of its cluster:

where mC(i ) denotes the centroid of the cluster containing x i .

ÅThere are finetely many possible clusterins: at most K m

ÅEach time we reassign a vector to a cluster with a nearer 
centroid, J decreases

ÅEach time we recompute the centroids of each cluster, J

decreases (or stays the same)

ÅThus, the algorithm must terminate.
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Will we find the optimal configuration?

ÅNot necessarily.

ÅCan you invent a configuration that has 
converged, but does not have the minimum 
distortion? (Hint: try a fiendish k=3 configuration hereé)
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Trying to find good optima

ÅIdea 1: Be careful about where you start

ÅIdea 2: Do many runs of k -means, each 
from a different random start configuration

ÅMany other ideas floating around.
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Trying to find good optima

ÅIdea 1: Be careful about where you start

ÅIdea 2: Do many runs of k -means, each 
from a different random start configuration

ÅMany other ideas floating around.
Neat trick:

Place first center on top of randomly chosen datapoint.

Place second center on datapoint thatôs as far away as 
possible from first center

:

Place jôth center on datapoint thatôs as far away as 
possible from the closest of Centers 1 through j -1

:
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Choosing the number of clusters

ÅA difficult problem, ideas are floating around

ÅDelete clusters that cover too few points

ÅSplit clusters that coer too many points

ÅAdd extra clusters for ñoutliersò

ÅMinimum description length: minimize loss + 
complexity of the clustering

Åé
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Choosing the number of clusters (2)

ÅMost common approach is to try to find the 
solution that minimizes the Schwarz 
Criterion (also related to the BIC)

 log)parameters(# Distortion Rɚ+

 log Distortion mɚnk+=

n=#dimensions k=#Centers m=#Records
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Why the sum of squared Euclidean distances?

Subjective reason: It produces nice, round clusters.
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Why the sum of squared Euclidean distances?

Objective reason: Maximum Likelihood Principle

ÅSuppose the data really does divide into K clusters

ÅSuppose the data in each cluster is generated by a 
multivariate Gaussian distribution, where

ïThe mean of the Gaussian is the centroid of the cluster

ïThe covariance matrix is of the form s2I (Itôs a ñroundò 

Gaussian.)

ÅThen the probability of the data is highest when 
the sum of squared Euclidean distances is 
smallest.
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Why not the sum of squared Euclidean distances?

Reason 1: It produces nice, round clusters!

Reason 2: Differently scaled axes can dramatically 
affect results.

Reason 3: There may be symbolic attributes, which 
have to be treated differently



Fall 2008 Unsupervised Learning - S. A. Macskassy64

K-means-like clustering in general

Given a set of objects,

ÅChoose a notion of pairwise distance / similarity 
between the objects.

ÅChoose a scoring function for the clustering

ÅOptimize the scoring function, to find a good 
clustering.

For most choices, the optimization problem will be 
intractable.  Local optimization is often necessary.
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Examples
Distance metrics:
ÅEuclidean distance
ÅHamming distance
ÅNumber of shared transcription factors (between two 

genes)
Åé

Scoring functions:
ÅMinimize: Summed distances between all pairs of objects 
in the same cluster. (Also known as ñwithin-cluster 
scatter.ò)

ÅMinimize: Maximum distance between any two objects in 
the same cluster. (Can be hard to optimize.)

ÅMaximize: Minimum distance between any two objects in 
different clusters.
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Common uses of K -means

ÅOften used in exploratory data analysis

ÅOften used as a pre-processing step before 
supervised learning

ÅIn one-dimension, it is a good way to discretize 
real-valued variables into non-uniform buckets

ÅUsed in speech understanding/recognition to 
convert wave forms into one of k categories 

(vector quantization).
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A different view of clustering

ÅSuppose you had a classification data set, with 
data coming from K classes.

ÅBut someone erased all the class labels!

ÅYou would like to know to what class each 
example belongs

ÅThis is exactly the problem solved by K-means!

ÅAnd as we saw, it gives a maximum likelihood 
solution, but under a very restrictive assumption.

ÅLet us try a move general mixture model , using 
Gaussian distributions
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Missing Values

ÅSuppose we have a model of the probability distribution of 
the data with parameters q, and the values y are missing in 

some (or all) of the instances.

ÅThe likelihood of the data can be written as:

ÅFor the second term, we must consider all possible valuesfor 
y:

ÅIn our problem, y is never observed, so we only have the 
second term.

ää +=
data incomplete

i

data complete

i )|( log)|,( log)( log qqq xx PyPL i

ä ää ö
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Expectation Maximization (EM)

ÅA general purpose method for learning from 
incomplete data

ÅMain idea:
ïIf we had complete data we could easily maximize the 

likelihood

ïBut because the data is incomplete, we get a summation 
inside the log, which makes the optimization much harder

ïSo in the case of missing values, we will ñfantasizeò what 
they should be, based on the current parameter setting

ïIn other words, we fill in the missing values based on our 
current expectation (the E step in EM)

ïThen we compute new parameters, which maximize the 
likelihood of the completed data (the M step in EM)
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Special Case: k-Means Clustering

1. Assign an initial yi to each data point x i at 
random

2. M Step.  For each class k = 1, é, K compute the 
mean:

3. E Step.  For each example xi, assign it to the 
class k with the nearest mean:

yi = argmin k || x i - mk||

4. Repeat steps 2 and 3 to convergence

[ ]ä =Ö=
i

ii

k

k ky
N

I
1

xm
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Example: Gaussian mixture models

ÅSuppose that all inputs x where real-valued, and we have 
some number of classes c1,é,cK with K ¸ 2

ÅAssume a model similar with naïve Bayes, but with no 
independence assumptions: class label ci determines the 

probability distribution of the instances with that class, and 
this distribution is a multivariate Gaussian

ÅThe parameters of the model are the probabilities of 
different classes, P(ck), and the parameters of the 

corresponding Gaussian distributions, mk, Sk

ÅThe best parameters should maximize the likelihood of the 
data:

( )ä +=
i

iii yPyP  L )|(log)( loglog x
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Maximum likelihood solution

ÅLet di ,k=1 if yi= c
k

and 0 otherwise

ÅThe class probabilities are determined by the empirical 
frequency of examples in each class:

ÅThe mean and covariance matrix for class k are the 
empirical mean and covariance of the examples in that 
class:
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The EM algorithm

Å The true EM algorithm augments the 
incomplete data with a probability 
distribution over the possible y values

1. Start with initial naive Bayes 
hypothesis

2. E step: For each example, compute 
P(yi) and add it to the table

3. M step: Compute updated estimates 
of the parameters

4. Repeat steps 2-3 to convergence.

x i yi

x1 P(y1)

x2 P(y2)

é é

xN P(yN)
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Details of the M step

ÅEach example x i is treated as if y i=k with 
probability P(yi=k | x i)

P ( y = k) :=
1

N

NX

i= 1

P ( yi = k jx i )

P ( x j = vjy = k) :=

P
i P ( yi = k jx i ) ¢I ( x i j = v)

P N
i= 1 P ( yi = k jx i )
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Gaussian Interpretation of K-means

ÅEach feature x j in class k is gaussian 
distributed with mean mkj and constant 
variance s2

P ( x j jy = k) =
1p
2¼¾

exp

"
¡ 1

2

( kx j ¡ ¹ kj k) 2

¾2

#

log P ( x j jy = k) = ¡ 1

2

kx j ¡ ¹ kj k2

¾2
+ C

argmax
y

P ( x jy = k) = argmax
y

log P ( x jy) = argmin
y

kx ¡ ¹ kj k2 = argmin
y

kx ¡ ¹ kj k

ÅThis could easily be extended to have 
general covariance matrix Sor class-
specific Sk



Fall 2008 Unsupervised Learning - S. A. Macskassy76

Example: Mixture of 2 Gaussians

Initial distributions

means at -0.5, +0.5




