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Unsupervised Learning

• The desired outputs (classes) are unknown
• Patterns could be grouped (clustered) by using 

similarity or proximity measures
• Example: Is there any relationship between a country 

Gross National Product, the level of people’s illiteracy 
and children‘s mortality rate?
– Each country is represented by a 3D feature vector



Vector Quantization

• The objective is to approximate a given training sample 
(or unknown generating distribution)

where xi is n-dimensional
• Using a finite number of prototype (codebook) vectors

where 



VQ Example in 2D

• Small points represent the data samples and large 
points indicate the prototype vectors



Applications of VQ

• Dimensionality reduction: to produce a compact/low-dimensional 
encoding of a given data set

• Interpretation of high-dimensional data sets
• Predictive modeling: to produce a model for future samples of the 

same distribution
• Preprocessing for supervised learning: feature extraction



Optimal VQ

• There are two necessary conditions for an optimal vector 
quantizer
– The codebook vectors must be the centroids of each partition 

region

– The partition must be a nearest-neighbor partition, also known 
as Voronoi regions



Voronoi Partition

• The VQ partitions are  non-overlapping and cover the 
entire input space



Clustering

• Clusters are continuous regions in feature space 
containing a relatively high-density of points, separated 
by regions of relatively low-density points 

• The aim is to organize a collection of patterns into 
clusters based on a similarity measure

• Clustering NN use unsupervised learning



Kohonen’s Map

• Self-Organizing Feature Map (SOM)
• Unsupervised Learning
• Vector Quantization of Feature Space
• Topological Ordered Mapping
• Main Applications:

– Dimensionality reduction
– Visualization of high-dimensional data in 2D or 3D maps
– Clustering
– Knowledge discovery in Databases



Teuvo Kohonen

http://www.cis.hut.fi/teuvo/http://www.cis.hut.fi/teuvo/



Kohonen’s Map

• It defines a two-dimensional grid in output space
• Neighborhood is measured in the output space
• Each node in the grid has associated a vector 

prototype in input space



Kohonen’s Map



Topological Neighborhood 



Ordering Process

Two-dimensional input space, uniformly distributed

Output space is a two-dimensional lattice

a) Initial random weights

b) After 50 iterations



Ordering Process (II)

c) Network after 1000 iterations

d) After 10,000 iterations



SOM Algorithm

• Initialize the prototypes (codebook vectors)
• Present the samples

– Search for the nearest prototype (most similar)
– Update the nearest prototypes and its neighbors so that 

they become more similar to the sample
– Decrease the range of neighborhood and the value of the 

learning rate a little

• Repeat until a stop criterion is satisfied



SOM Algorithm (II)

Multidimensional input space
Fixed discrete output 

space
The winner and its 
neighbors in Nc are 
updated



Example:  Kohonen’s Map in 2D

• It uses a 2D output grid for visualization of high-
dimensional data



U-Matrix and Kohonen Maps

• Although SOM has a topology preserving output space, 
this space is fixed and does not preserve distances

• Distance between codebook vectors is not represented 
in the maps

• Usually post-processing techniques such as U-matrix 
are required to visualize cluster boundaries in SOM

• U-Matrix: The sum of distances to its neighbors is 
displayed as elevation at the position of each neuron 
(3D) or using gray scale or colors (dark shade represent 
large distances)



Example: Poverty Map

• Statistics published by World Bank, with 39 indicator values 
describing the poverty of the countries

• Only 78 out of 126 countries had 12 or more features out of the 
39 possible (missing data)

• The data of these 78 countries was used to train a SOM (capital 
letters)

• The remaining  48 countries were labeled after training 
(lowercase letters)



World Poverty Map



World Poverty Map



U-Matrix



World Map using SOM and U-Matrix

• Kohonen’s map using 4 economic variables (1999)



Example: EVIC 2005 Audience

• The following binary features were defined:
– "University“: UCHILE UTFSM UFRO PUC USACH

OTHERS
– "Industry“: ENTEL B_ESTADO CODELCO

P_ANALYTICS INFOSYSSEYMAN OTHERS
– "Sex“:  FEMALE  MALE
– “Student" : YES NO
– "IEEE Membership“ YES NO
– “Country“: AU CL CO MX UY PE

USA OTHER
– "Region“:  RM V VII VIII IX



U-Matrix



Kohonen´s Map of EVIC Audience



Neural Gas (NG)

• NG does not define an output space, in contrast to SOM
• NG updates the codebook vectors using a neighborhood ranking function in the input 

space, instead of a neighborhood in output space
• NG minimizes a global cost function, while no cost function exists for the SOM 

adaptation rule
• NG can outperform SOM when quantizing topologically arbitrary manifolds (since it 

is not constrained by an output grid)
• Only a few visualization schemes have been developed for NG



Neural Gas (NG) Algorithm

• Initialize codebook vectors wj randomly
• Present input vector xi(t) at iteration t
• Find the nearest codebook vector

and generate a ranking r(xi,wj) for each wj with respect to the input 
vector xi

• Update the codebook vectors

where                         is the neighborhood function



Neural Gas (NG)

Multidimensional input space



Example of Neural Gas

Connections are made between the best matching unit and the second closest

Connections are allowed to age and are removed eventually if not refreshed



Notation definition

Interpoint distance in input space Interpoint distance in output space



Multi-Dimensional Scaling (MDS)

• The aim of MDS is to provide a visual representation of the pattern of 
dissimilarities among a set of objects, such that the distances between points 
in the map match the original dissimilarities between pairs of objects.
– Togerson’s Classical Scaling

• Dissimilarities are Euclidean distances
• Spectral matrix decomposition

– Sammon’s Non-linear Mapping (NLM) 
• It allows a monotonic transformation of dissimilarities
• It minimizes a loss function by steepest descent

• Computational load O(N2)



Sammon stress (error)

• Quadratic optimization strategy
• Prone to get stuck at local minima

Iris 2-D projection using NLM

dij is the distance between the i-th and the j-th points in input space,
Dij is the distance between the i-th and the j-th points in output space
N number of points to be projected



NLM (Sammon) Algorithm
1. Compute the matrix of pair-wise distances in input space

where xi and xj are D-dimensional input vectors
2. Initialize positions randomly in output space 
3. Compute the matrix of pair-wise distances in output space

where yi and yj are A-dimensional output vectors
4. Compute Sammon error E



NLM Algorithm(II)
5. Update vector positions in output space

where

6. Go back to step 3 until the stop criterion is satisfied



Vector Quantization + NLM

• Off-line visualization scheme that combines a vector quantizer with NLM
– Self-organizing map (SOM)
– Neural Gas (NG)

• Each codebook vector in input space has associated a codebook position in 
output space



Example: CASEN survey
• The CASEN survey delivers several social indicators at the county, region and 

country levels in Chile.
• It aims at making a diagnosis and to evaluate the impact of the government 

social policy
• Data is publicly available at www.mideplan.cl/casen/
• Each county is described by 36 attributes, including income, social security, 

electricity and water supplies, etc.
• There are 52 counties in the metropolitan region of Santiago



List of Attributes



SOM+U-Matrix



SOM+U-Matrix



Sammon Mapping (NLM)





SOM Toolbox Version 2.0

• Free software package for Matlab 5.0 (Compatible with Matlab 6.5 but not 
7.0)

• http://www.cis.hut.fi/projects/somtoolbox
• It includes SOM, U-matrix, Neural Gas, Sammon´s Mapping, K-means, PCA, 

CCA, etc



Topology Preservation Measurement

• The topology preservation measurement qm computes the rank order of the n nearest 
codebook vectors in input space and the n nearest codebook positions in output space

• qm=0 indicates a poor neighborhood preservation, and qm=1 indicates a perfect
neighborhood preservation

where,



Trustworthiness and Continuity Measures

• A projection is said to be trustworthy if the set of k nearest neighbors of a 
point in the map are also close by in the original space

• A projection is said to be continuous if the set of k closest neighbors of a 
point in the original space are also close by in the output space

• These measures are mathematically defined



Visualization schemes based on NG

• Off-line
– NG/NLM
– NG-PSO (Particle Swarm Optimization) & 

Growing PSO
(Figueroa, Estévez & Hernández, IJCNN 2005) 

– NG-CE (Cross Entropy)
(Estévez, Figueroa & Saito, IJCNN 2005, Neural Networks Journal, 2005)

• On-line
– TOPNG (Figueroa & Estévez, IJCNN 2004)
– OVI-NG (Estévez & Figueroa, WSOM 2005; Neural Networks Special Issue on

Self-Organizing Maps)



TOpological Projections (TOP)
Figueroa & Estévez, IJCNN 2004

• TOPSOM and TOPNG add a continuous output space 
• Online visualization schemes: Codebook vectors and codebook positions are adjusted 

simultaneously
• Computational load is O(N)
• A heuristic rule is added for updating the codebook positions zi



Online VIsualization Neural Gas 
WSOM 2005, P. Estévez and C. Figueroa

Invited to Special Issue Neural Networks Journal

• A global cost function similar to the one used by CCA is introduced:

• F(sj,k) is a bounded and monotonically decreasing function to favor local 
topology preservation

• A ranking of position vector in the output space wrt to the codebook position 
asociated to the winner, is introduced



OVI-NG (II)

• The weighting function F is an exponential function of the ranking of 
position vectors in the output space

• Instead of using gradient descent, the codebook position associated to the
winner, zj*(t), is fixed, and all the other positions are moved toward the
winner’s position, disregarding any interaction among them

• Computational load is O(NlogN)



OVI-NG Learning Algorithm

1. Initialize codebook vectors, wj, and codebook positions, zj, randomly. Set the
connection set to the empty set.

2. Present an input vector, xi(t), to the network (i=1,…,M) at iteration t
3. Find the best matching unit (BMU):

and generate the ranking r(xi(t),wj(t)) for each codebook vector wj(t) wrt the input
vector xi(t).

4. Update the codebook vectors:

where hλ is the neighborhood ranking function.



OVI-NG Learning Algorithm (II)

5. If a connection between the BMU and the second closest unit does not exist already, 
create a connection between these units

where the index of the second nearest unit is

Set the edge of the connection j*-k* to zero (refresh the connection if the
connections exists)

6. Increment the age of all edges emanating from wj*:

Remove those connections with an age exceeding the lifetime T(t).



OVI-NG Learning Algorithm (III)

7. Generate the ranking s(zj*(t),zj(t)) for each codebook position zj(t) wrt to the
codebook position associated to the winner unit zj*(t), with j* different than
j.

8. Update the codebook positions:

where F(f) is defined as

9. If t<tmax go back to step 2)



Chainlink Data Set
– 3 tore-shaped clusters of 500 

points each, which are intertwined 
like the links of a chain
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Chainlink Results
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Chainlink: Performance measures

TrustworthinessTrustworthiness as a as a 
functionfunction kk
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Chainlink: topology preservation

qmqm topologytopology preservationpreservation measuremeasure as a as a 
functionfunction ofof kk
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Iris Data Set

– 3 classes of Iris flowers: setosa, 
versicolor and virginica

– 150 examples with 4 attributes

Iris Iris FlowerFlower



Iris Results

QuantizedQuantized data data projectionprojection
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Iris Data: Topology Preservation

dzdz--dwdw representationrepresentation TopologyTopology preservationpreservation
measuremeasure qmqm
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Sleep data set

• Real-world problem
• 6463 examples with 6 attributes
• Type of signals:

– Rapid eye movements (REM)
– Theta waves (TW)
– Slow Delta (SD)
– Sleep Spindles (SZ)
– Muscular tone (MT)
– Wakefulness detector

• 5 classes
– Non-REM I (red)
– Non-REM II (blue)
– Non-REM III&IV (green)
– REM (yellow)
– Wakefulness (magenta)

PolysomnographicPolysomnographic recordingrecording

A: A: AbsenceAbsence
P: P: PresencePresence



Sleep results

QuantizedQuantized data data projectionprojection
withwith OVINGOVING

Data Data projectionprojection withwith
CHR CHR connectionsconnections
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Wood data set

• Real-world problem
• 16800 examples with 64 attributes
• 11 classes:

– Clearwood (red)
– Birds eye (green)
– Pocket (blue)
– Wane (yellow)
– Split (magenta)
– Blue stain (cyan)

Wood sample

Image Acquisition

Image Segmentation

Feature Extraction

Classifier
(Neural Network)

Image

Objects

Features

Defects

– Stain (brown)
– Pith (dark green)
– Dead knot (navy blue)
– Live knot (gray)
– Hole (black)



Wood results

DIPOLDIPOL--SOM onlineSOM online NG/NLMNG/NLM OVIOVI--NGNG



Conclusions

• OVI-NG method provides an output representation to the NG that is useful 
for data projection and visualization

• It is an online method that simultaneously adjusts both the codebook vectors 
and the codebook positions

• It is computationally efficient with O(NlogN) complexity
• OVI-NG obtained the best results in terms of the topology preservation

measurement, qm, and the trustworthiness and continuity measures for local 
neighborhoods.



Future Work

• OVI-NG could be extended to map all data points
• Curvilinear or graph distances could be considered in order to 

unfold strongly nonlinear maps
• Other topology preservation measurement could be used such as 

the Topographic Product



OPTIONAL PART



Applications of Kohonen’s Map

• Text Retrieval in Very Large Document Collections
• Content-Based Image Retrieval
• Dimensionality reduction
• Visualization of high-dimensional data in 2D or 3D maps



Text Retrieval Problem

GIVEN:
• A large collection of textual documents in natural 

language
• A user query in the form of a textual string
FIND:
• A ranked set of documents that are relevant to the query



Information Retrieval Architecture

IR
System

Query 
String

Document 
collection

Ranked
Documents

1. Doc1
2. Doc2
3. Doc3

.

.



Example: A Web Search System

Web

Query 
String

IR
System

Ranked
Documents

1. Page1
2. Page2
3. Page3

.

.

Document
collection

Spider



Basic IR Approach: Keyword Query

• The assumption is that the keyword appears in the 
document collection.

• The keyword can be a simple word or a complex 
sentence.

• Terms can be combined by Boolean logic (AND, OR, 
etc.)



Limitations of Keyword Searching

• The user needs to know the domain to select an 
appropriate keyword

• Synonyms are not taking into account
– “United States” vs. “USA”

• The context is lost 
– “Apple” (company vs. fruit)
– “bit” (unit of data vs. something held with the teeth)



Vector Space Model (VSM)

• A popular method for document encoding
• The documents and queries are represented by vectors in which 

each component corresponds to one word
• The value of a component is a function of the frequency of 

occurrence of the word in the document and of its importance
• The relevance of a document to a query is measured using the 

similarity of the corresponding vectors



Representing a set of documents

• Using VSM, a set of Q documents containing R words is represented 
by a matrix M of dimension RxQ

• Each matrix element corresponds to the “weight” of a term in the 
set of documents
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Weights mij

Let ni/Q be the frequency of the ith-word in the 
collection of documents
IDF: Inverse Document Frequency, where words that 
occur in few documents obtain larger weights
The weight mij of the ith-word in the jth-document is

where fij es the number of ocurrences of the ith-word 
in the jth-document

)log(**
i

ij n
QfIDFTF =



Data Cleaning and Preprocessing
Non-textual information is removed
Articles and common words like  pronouns, 
prepositions, conjunctions, etc. are deleted
A word stemming process is applied to remove 
suffixes: e.g.,  `writing' to `write'; `are', `did', 
`were' to `be'
A thesaurus may be used to take into account 
synonymous



Example of Vector Space Model
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Similarity Measure
• The similarity between two vectors representing 

documents, or a search string and a document can 
be measured as

• Cosine of the angle between the vectors
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Limitations of VSM

• The contextual information is missed
– VSM assume that each word is independent, does not take into 

account semantic relationships
– The syntactic information is also missed (e.g. phrase structure, 

word order, proximity information).

• The dimensionality of the vector could be huge for large 
document collections



WEBSOM

• Automatic organization of a massive document 
collection according to textual similarities

• Graphical display map provides an overview of the 
collection

• Similar documents are found near each other
• Interactive browsing
• Scalable to very large document collections



WEBSOM System (I)

First the document is encoded into                
a numerical vector
The dimensionality of the vector            

can be reduced

First the document is encoded into                
a numerical vector
The dimensionality of the vector            

can be reduced



WEBSOM System (II)

Secondly, the numerical representation 
of the document is mapped onto a display 
of the document collection by using SOM

Secondly, the numerical representation 
of the document is mapped onto a display 
of the document collection by using SOM



Application: A Million Documents from 
85 Usenet Newsgroup

– amiga - comp.sys.amiga.hardware
– booksEach white20 - rec.arts.books
– cdrom - comp.publish.cdrom.hardware
– compilers - comp.compilers
– fuzzy - comp.ai.fuzzy
– genetic - comp.ai.genetic
– hp - comp.sys.hp.hardware
– acorn - comp.sys.acorn.hardware
– humor - rec.humor
– lang.eiffel - comp.lang.eiffel
– lang.ml - comp.lang.ml
– linux - comp.os.linux.hardware
– lisp - comp.lang.lisp
– lisp.mcl - comp.lang.lisp.mcl
– mac.storage -

comp.sys.mac.hardware.storage
– movies - movies 

mac -
comp.sys.mac.hardware.misc
music - music 
nt - comp.os.ms-

windows.nt.setup.hardware
pc.cdrom -

comp.sys.ibm.pc.hardware.cd-
rom
pc.chips -

comp.sys.ibm.pc.hardware.chi
ps
pc.comm -

comp.sys.ibm.pc.hardware.co
mm
pc.storage -

comp.sys.ibm.pc.hardware.sto
rage
pc.video -

comp.sys.ibm.pc.hardware.vid
eo
philosophy - philosophy 
plant - bionet.biology.plant
prolog - comp.lang.prolog
sci.lang - sci.lang

mac -
comp.sys.mac.hardware.misc
music - music 
nt - comp.os.ms-

windows.nt.setup.hardware
pc.cdrom -

comp.sys.ibm.pc.hardware.cd-
rom
pc.chips -

comp.sys.ibm.pc.hardware.chi
ps
pc.comm -

comp.sys.ibm.pc.hardware.co
mm
pc.storage -

comp.sys.ibm.pc.hardware.sto
rage
pc.video -

comp.sys.ibm.pc.hardware.vid
eo
philosophy - philosophy 
plant - bionet.biology.plant
prolog - comp.lang.prolog
sci.lang - sci.lang



Newsgroups Application

• About 1,100,000 million documents written in English
• Average length of each text was 218 words
• Size of the SOM was 104,040 prototypes
• Whole vocabulary contained 1,127,184 unique 

words, which was reduced to 63,773 words after 
stemming and filtering

• Final dimensionality was reduced to 315 by using the 
random projection method



WEBSOM Map - Million Documents

Browsing: When clicking on 
the map image with the 
mouse,  a zoomed view 
of the part of the map 
will appear.

Labels: Give a general idea of 
the document collections 

Coloring: Yellow areas are 
clusters and red areas 
empty spaces. 



WEBSOM Zoomed Map

blues - rec.music.bluenote
books - rec.arts.books
cdrom - comp.publish.cdrom.hardware
classical - rec.music.classical
humor - rec.humor
lang.ml - comp.lang.ml
mac - comp.sys.mac.hardware.misc
music - music 
neural-nets - neural-nets 
pc - comp.sys.ibm.pc.hardware.misc
pc.storage - comp.sys.ibm.pc.hardware.storage
philosophy - comp.ai.philosophy

Click arrows to move to neighboring areas on the map,
and to move up to the overall view.



WEBSOM Zoomed Map (II)

Click any white dot to enter the node, and
see the contents of the individual map unit



Websom node cc 183

rec.music.bluenoterec.music.bluenote
Re: DOLPHY/BLUENOTE?????Re: DOLPHY/BLUENOTE????? Alan Saul, 6 Jun 1995, Lines: 35.Alan Saul, 6 Jun 1995, Lines: 35.

Rude boys, leave your guns at home!Rude boys, leave your guns at home! Jeremy Jeremy MushlinMushlin, 6 Jun 1995, Lines: 33., 6 Jun 1995, Lines: 33.

Newbie seeks opinionsNewbie seeks opinions RJMATTER@delphi.comRJMATTER@delphi.com, 7 Jun 1995, Lines: 51., 7 Jun 1995, Lines: 51.

Re: George Barrow?Re: George Barrow? Dennis Dennis WhitlingWhitling, 7 Jun 1995, Lines: 10., 7 Jun 1995, Lines: 10.

Re: Re: George Barrow?Re: Re: George Barrow? ""AshotAshot W W BakuntsBakunts", Wed, 07 Jun 95, Lines: 21.", Wed, 07 Jun 95, Lines: 21.

Re: George Barrow?Re: George Barrow? Laurie Laurie SonnenfeldSonnenfeld, 7 Jun 1995, Lines: 22., 7 Jun 1995, Lines: 22.

Re: Time: How to feel it?Re: Time: How to feel it? Marc Marc SabatellaSabatella, 7 Jun 1995, Lines: 30., 7 Jun 1995, Lines: 30.

Re: Re: MingusMingus/The Black Saint and the Sinner Lady/The Black Saint and the Sinner Lady Todd Adamson, 11 Jun 1995, Lines: 18.Todd Adamson, 11 Jun 1995, Lines: 18.

Re: Re: MingusMingus/The Black Saint and the Sinner Lady/The Black Saint and the Sinner Lady Gerald D. Wright, Wed, 14 Jun 1995, Lines: 22.Gerald D. Wright, Wed, 14 Jun 1995, Lines: 22.

Re: Music to bury me byRe: Music to bury me by TornCotTornCot, 14 Jun 1995, Lines: 11., 14 Jun 1995, Lines: 11.

Re: Joe Henderson Double Rainbow TourRe: Joe Henderson Double Rainbow Tour Thomas F Brown, 23 Jun 1995, Lines: 10.Thomas F Brown, 23 Jun 1995, Lines: 10.

Re: Coltrane reissues on ImpulseRe: Coltrane reissues on Impulse KyungKyung--GooGoo DohDoh, 03 Jul 1995, Lines: 23., 03 Jul 1995, Lines: 23.



Application: Corpus of US, Japanese 
and European Patents

• About 7,000,000 million patent abstracts written in 
English

• Average length of each text was 132 words
• Size of the SOM was 1,002,240 prototypes
• Whole vocabulary contained 733,179 words, which 

was reduced to 43,222 words after stemming and 
filtering

• Final dimensionality was reduced to 500 by using the 
random projection method



Content Addressable Search

• The user can type a query in the form of a short 
document

• The query is represented by a vector
• The resulting vector is compared with the prototypes 

of all map units
• The best matching points are marked with circles
• These locations provide good starting points for 

browsing



Content Addressable Search (II)
Query: Laser surgery on 
the cornea

Best Matching: Marked 
with circles

Zooming: Reveals a cluster 
of map units containing
patents about the cornea 
of the eye



PicSOM

• Content-based image retrieval with SOM in large 
databases

• Creates a 2D map, where similar images are found 
near each other

• Iterative process utilizing the relevance feedback 
approach

• The initial query begins with an initial set of images 
selected from the database



Conclusions

Unsupervised neural networks are usually Unsupervised neural networks are usually 
applied for clustering and visualization of highapplied for clustering and visualization of high--
dimensional data dimensional data 

Patterns in highPatterns in high--dimensional feature space can dimensional feature space can 
be projected onto 2D or 3D mapsbe projected onto 2D or 3D maps

Neural networks techniques can help to improve Neural networks techniques can help to improve 
the traditional information retrieval methodsthe traditional information retrieval methods

Neural maps could be useful for browsing and Neural maps could be useful for browsing and 
exploratory analysisexploratory analysis



Conclusions (I)

Unsupervised neural networks are usually Unsupervised neural networks are usually 
applied for clustering and visualization of highapplied for clustering and visualization of high--
dimensional datadimensional data

Patterns in highPatterns in high--dimensional feature space can dimensional feature space can 
be projected onto 2D or 3D mapsbe projected onto 2D or 3D maps

Ideally the projections should be distance and Ideally the projections should be distance and 
topology preserving to avoid false interpretationstopology preserving to avoid false interpretations

There exist quality measures of distance and There exist quality measures of distance and 
topology preservationtopology preservation
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