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Introduction (1)

Tool: Data projection algorithms

A. Conventional Approaches:

Usually analysts choose a projection algorithm to
project data and then explore the intrinsic
dimensionality and analyze the clustering tendency of
high-dimensional data by viewing the scatter plot of
the projected data

(1) Local minima problem:
(2) Parameter selection problem:

(3) Display problem



Introduction (2)

B. Our Approach:

Use of the SOM algorithm to
project data

* Display a sequence of intermediate
scatter plots during the projection
process



Review of the SOM Algorithm (1)

* Appealing Properties:
(1) preserving topological property
(2) easy to implement
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Review of the SOM Algorithm (2)

e Step 1: Initialization: Choose random
values for the initial weights i

e Step 2: Winner Finding: Find the
winning neuron at time 4, using the
minimum-distance Euclidean criterion:

[ = agmin9 -, =1 N2
where represents the Input pattern, Is

the total number of neurons, and
Indicates the Euclidean norm.



Review of the SOM Algorithm (3)

e Step 3: Weights Updating: Adjust the
weights of the winner and its neighbors,
using the following rule

wi (k+1) = wj (k) +7(K)A i« (K)[x(k) —w; (k)]

where

d2
A - (K) = exp(——)



Simulations of SOM Algorithm (1)
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Fig.1 Simulation of SOM algorithm: (a) initial map; (b) after 50 iterations;
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Simulations of SOM Algorithm (2)
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Simulations of SOM Algorithm (3)
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Fig. 3 The phoneme map.



Interpretation Methods

DSOM Algorithm

J-matrix Method
Kraaljveld et al
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The New Model of Self-
Organizing Neural Networks (1)

* The predetermined rigid structure of
neural networks implies limitations on the
data visualization and projections.

Solution: To adjust the architecture of
the network during a self-organization
process.



Network Architecture (1)

* The Initial topology of the network Is a
rectangular grid. Each neuron j has an n-
dimensional synaptic weight vector W;

attached. In addition to the vector,
another two-dimensional position vector_pj

Is also attached to neuron j. The vector
can be regarded as the location of neuron
] In the continuous output space.



Network Architecture (2)
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Network Dynamics (1)

* During the self-organization process, not
only the synaptic weight vectors but also
the position vectors are adapted. The
whole adaptation procedure referred to as
the “ Double Self-Organizing Feature Map
“* (DSOM) algorithm 1s summarized as

follows

e Step 1: Present an input pattern into
the network.



Network Dynamics (2)

* Step 2: Locate the best matching
neuron using the minimum-distance
Euclidean criterion:

j*=argmjinHz<(k)—v_ij, j=1-,N2. (1)

* Step 3: Update the synaptic
vectors 's using Egs. (2)-(4)

wj (k+D) =w; () + (A - WXk -w; (] (2)

n(K) =m0 (3)
A () =expl-s, @O, 0 -p [T (4)



Network Dynamics (3)

e Step 4: Update the position vectors'’s
using Eqgs. (5)-(7)

P, (k+2)=p (K +n(Kh. (Kp (K)-p.(K)] (5)
n(K) =70 13 ©)
h . (k) = expl-s,(L+ ) p, (K) - B, (K| (7)

< exp{-s,J|w; (K) - x(K)| - [w;* (k) - x(k)|)

e Step 5: Go to step 1 until It converges or
some terminating criteria is satisfied.



Network Dynamics (4)

* Here S, and S, are two predetermined scalar
parameters This formula tells us that

(1) If neurons have similar responses as the
winner neuron /* (/.e, |w-x|=w (-xx) then their
position vectors's P,(K) should be adjusted to
move near to the winner’s position vector P; ).

(2) If neurons that are closer to the winner
(1.e. P, (K=~p.(K) then the updating step should be
larger.

(3) In addition, the weighting function is chosen
as a decreasing function of iterations.
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Simulation Results (1)
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Figure 9: The projection results obtained by the Sammon’s projection algorithm:
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Simulation Results (2)

 Example 1: 2-dimensional artificial data
set
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Figure 4: The training sequences for the 2D data set: (a) Initial position vectors.
(b) Position vectors after 2 epochs. (c) Position vectors after 8 epochs.
(d) Position vectors after 21 epochs. (e) Position vectors after 31 epochs.
(f) Position vectors after 50 epochs.



Simulation Results (3)
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Simulation Results (4)

e Example 2: 3-dimensional artifical data set
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Figure 5: The training sequence for the 3D data set: (a) Initial position vectors.
(b) Position vectors after 2 epochs. (c) Position vectors after 8 epochs.
(d) Position vectors after 21 epochs. (e) Position vectors after 31 epochs.
(f) Position vectors after 50 epochs.



Simulation Results (5)
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Simulation Results (6)

e Example 3: 4-dimensional iris data set
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Figure 6: The training sequence for the iris data set: (a) Initial position vectors.
(b) Position vectors after 2 epochs. (c) Position vectors after 8 epochs.
(d) Position vectors after 21 epochs. (e) Position vectors after 31 epochs.
Position vectors after 50 epochs.



Simulation Results (7)

Tuo Dimension Projection Data file ! iris.txt Tuo Dimension Projection
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Simulation Results (8)

* Example 4: 13-dimensional animal data
set
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Figure 7: The training sequence for the animal data set: (a) Initial position vectors.
(b) Position vectors after 2 epochs. (c) Position vectors after 8 epochs.
(d) Position vectors after 21 epochs. (e) Position vectors after 31 epochs.
(f) Position vectors after 50 epochs.



Simulation Results (9)
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U-matrix Method (1)

* 1. Distances of each map neuron to each of Its
Immediate neighbors are calculated and
visualized using gray shade.

* The distances can also be visualized using the
shape and size of each map neuron.

e Ref: A. Ultsh and H. P. Siemon, “Kohonen’s self
organizing feature maps for exploratory data
analysis,” Procd. Of Neural Network Conference
(INNC’90), Springer, pp. 864-867, 1990. see
http://www.cis.hut.fi/projects/ide/publications/



U-matrix Method (2)
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(a) U-matrix (b) Distance matrix (¢} Similarity coloring

Fig. 2. The cluster struciure of the SOM is typically visualized using distance matrix techniques. (a) shows the U-matrix visualization,
The while dots indicate locations of map units and hexagons between them show the actual values of the U-matrix. The gray shade of
the hexagon denotes distance 1o the neighboring map unit. The darker the shade, the bigger the distance. Thus, clusters in the vi-
sughzation can be seen as light areas with dark borders, There are several such clusters on the U-matrix. With further examination the
characteristics of these cliusters can be determined. For example, the area aircled on the U-matrix could be named as ‘Groundwood’
cluster (cl. Fig. 7). (b} gives essentially the same information as (a). It is an averaged version of the U-matrix: the size of ezch map unit
is proportional to its averspe distance 1o its neighbors. (€) illustrates the similarity visualization of the map: areas with similar hues are



U-matrix Method (3)
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Figure 9: The projection results obtained by the U-matrix method:
(a) the 3D data set; (b) the iris data set; (c) the animal data set



Display Method by Kraaijveld et al

(1)

 Stepl: A large network Is chosen.

* Step 2: Every neuron corresponds to a pixel and

the grey value of each pixel is determined by t
maximum distance In the feature space of t
corresponding unit to its four neighbors In t
network. The larger the distance, the lighter t
grey value is.

ne
ne
ne

ne

Ref: M. A. Kraalijveld, J. Mac, and A. K. Jain, “A nonlinear

projection method based on Kohonen’s topology
preserving maps,” IEEE Trans. on Neural Networks, vol.

6, no. 3, pp. 548-559, 1995.



Display Method by Kraaijveld et al
(2)
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