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distance” = (xg — 561)2 + (y2 — y1)2 + (29 — 21)2
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Example
(0.5 0.4 .0.1) Jlsdie 039 5la 9(0.0 1) Jssglads oo 2ludl Clusd I3 e JLiaSs
distance =sqrt((1-0.1)*+ (0- 0.4)*+ (0- 0.5))
= sqrt((0.9)>+ (-0.4)%+ (-0.5)?)
=sqrt(0.81+0.16+0.25)

=sqrt(1.22)

distance =1.106
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* An illustrative SOM example about psychogpiﬁ_?ulc segmentation analysis will be presented.

Example

The aim of using SOM is to divide a heterogeneous market into smaller homogeneous sub-
sets consisting of customers who have relatively similar characteristics. The data collected

through a survey consists of customer responses (k = 20) to items of personality traits (j = 6)
including being social (x1), innovative (x2), confident (x3), logical (x4), cheerful (xs), and

practical (xe). Table below presents the customer responses as input data. Input values range

from O to 1 where 1 denotes ”strongly agree" and O denotes ”strongly disagree"

Input space

Personality Traits (Attributes)
Customer X1 X2 X3 X4 X5 Xg
l l 0.25 | 0.75 0 0,50 | 0.50
2 025 | 0.75 | 0.75 | 0.50 | 0.25 | 0.50
3 0.75 | 0.25 | 0.50 | 0.50 | 0.50 | 0.25
A 0.50 1 1 0.75 1 0.75 0
20 0 025 1 0.75 ] 0.25 | 0.50 | 0.75
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Example (continued) PAD

6)jliaJl

® Since there are 20 input samples, at least 20 * (10%) = 2 clusters can be used to represent the
output layer. However, in order to construct a square-type two dimensional map, a topologic

structure with 2x2 network size has been chosen.

* As shown in Figure below, the SOM in this case consists of 6 input nodes and 4 output nodes
arranged in form of a 2x2 map. Because all input nodes are measured on the same scale,

input vectors do not need to be normalized. Atteibute |

Attribute 2

Attribute 3

Attribute 4

Attribute 5

Attribute 6
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Example (continued) DA

6jliall

Initial Weights:

®* The formation of the SOM starts first by initializing the weight vectors W;

= (Wil Wi .. Wi )’where i=1,2,..,n denotes the number of output
nodes in the network.

'Weights are links that connect the input nodes to the output nodes and are

updated through the learning process.

®* The most common initialization method assigns preferably small random values

to the weight vectors of nodes in the network.

https://manara.edu.sy/


https://manara.edu.sy/

Example (continued) PA@

Similarity Matching: dzola
6jliall
® Learning in SOM does not rely on predefined target outcomes that would guide the process. The output
nodes compete among themselves to become activated. Only the node whose weight vector is most similar

to the input vector will be activated and declared as the winner.

® To find this best matching node, the distances between an input data (x) and all the weight vectors (wi) of the

SOM are computed using different measurement methods, such as Euclidean distance.

® The Euclidean distance between a sample x, chosen randomly from the input dataset, and all the weight

vectors at iteration t is calculated by using the following formula:

* The weight vector W;of each output node i has the same dimension as the input vector x.

* At the end of the similarity matching process, the best-matching (winning) node c at iteration t is determined

by using the minimum distance Euclidean criterion:

c(1) = arg min {|lx(r) — wi(r)

https://manara.edu.sy/
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Example (continued) DA

6jliall
® In our market segmentation example, for all four output nodes the initial weight vectors are

assigned random values as shown in Table below.

* The node whose weight vector is most similar to the customer response data, randomly chosen

from the input space, will be activated and adjusted together with its neighboring units.

®* The Euclidean distance is applied to calculate the distances between the input data and all the

weight vectors. Suppose that the first sample record x(0) = (0.25 0.75 0.75 0.50 0.25 0.50) '

randomly selected is the response of customer number two. o
[mitial weights

W W2 Wy Wy
0.15 0.06 0.11 0.38
0.97 0.84 1.00 0.78

0.65 0.50 0.99 0.79

0.27 0.35 0.64 0.68

0.09 0.39 0.19 0.44

| wn| & wa] o] —]—.

0.46 0.85 0.47 0.22
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Example (continued) PAY/

®* The Euclidean distances for the four output nodes are calculated:

dy(0) =4/(0.25-0.15)24(0.75—0.97)2+(0.75—0.65)2+(0.5-0.27)2+(0.25—0.09)2+(0.5—0.46)2=0.385
d>(0) =4/(0.25-0.06)2+(0.75—0.84)2+(0.75—-0.50)2+(0.5—-0.35)2+(0.25-0.39)2+(0.5—0.85)2=0.521
d3(0) =+/(0.25-0.11)24(0.75— 1.00)2+(0.75—0.99) 2+ (0.5—0.64)2+(0.25—0.19)2+(0.5—0.47)2=0.405
d4(0) =+/(0.25-0.38)24(0.75—0.78)2+(0.75—0.79)-+(0.5—0.68)>+(0.25—0.44)2+(0.5—0.22)2=0.408

® For the first input record, the winning node is the first output node (c(0) = 1) that has
the minimum Euclidean distance, d1(0) = 0.385. In other words, the first output node is

most similar to the given input node.
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Example (continued) DA

. . deola
Weight Updating 6)liall
® The weight vectors of the winner and its neighboring units in the output space are adjusted to
become more representative of the features that characterize the input space.

®* This updating towards the input sample requires the consideration of the following two parameters:
Iearning rate and neighborhood size.

® The learning rate, 0((t), controls the rate of change of the weight vectors and, as in all neural
networks, it takes values between 0 and 1.

® In SOMs, the Iearning rate gradually decreases as a function of the iteration step index t. That means,
while the step index increases, the Iearning rate might decrease Iinearly, exponentially or
geometrically, or it can be inversely proportional tot.

® The learning rate should start with a reasonably high value that is close to unity and progressively
reduce to small values. This procedure corresponds to larger corrections at the beginning of the
training process (i.e. the ordering phase) than at the end where fine-tuning of the map takes place
(i.e. the convergence phase).

® The ordering phase may take as many as 1000 iterations of the SOM algorithm, and possibly more,
while the convergence phase of the adaptive process must be at least 500 times the number of
neurons in the network
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Example (continued) DAY/

Weight Updating o)liaJi

® The updated weight vector wi(t +1) at iteration t +1 is defined by
wi(t+1) =w;(t) + o(t)[x(z) — wilr)]

® The rate of adaptation of the weights decreases away from the winning node, according to a neighborhood function
h.;(t) where i denotes the index of the neighboring unit.

® The most preferred function of this type is the Gaussian function which decreases in both the spatial domain and time

domain:
1i5’-::'1:'
fii.fi:f) = €Xp (— m)

2 . . . .
where dci denotes the lateral distance between the winning neuron c and the excited neuron i, and O(t) represents the
effective width or radius of neighborhood at iteration t.

® The Gaussian function is symmetric about the maximum point defined by dci = 0, and decrease monotonically to
zero with increasing lateral distance (dci )
* Here, O(t) is some monotonically decreasing function of time leading to a decrease in the value of the neighborhood

function.
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Example (continued) DA

o)lial
*Finally, after defining the neighborhood set around the winning node ¢, a
neighborhood function is chosen to update the weight vectors of the respective
nodes. The following formula presents the update rule for the weight vector of
uniti:
wilt + 1) = w;(t) + oe(t)hei(t) [ x(r) — wi(t)]
*All three processes — competition, cooperation and adaptation — described here

are repeated for the remaining training data until the weights converge and no

noticeable changes in the low-dimensional output layer are observed.
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Example (continued) [AD

® For the first sample record selected, the winning node was the first output node (c = 1) that
had the minimum Euclidean distance. Now the weight vectors of this best matching node and
its neighborhood will be adjusted so that they become more similar to the current input
sample x(0). Setting the initial learning rate close to one (0((0) = 0.9) and applying the
adaptation formula), the updated weights for the winning node (c = 1) at t = 0 are calculated

as shown below: wi(1) = wy(0) + a(0)[x(0) — w1 (0)]

()] [0.15] (To2s] [oas]\ [o.24
wiza(1) 0.97 0.75 0.97 0.77
wis(1) | _ | 0.65 Loo| [075] _[o6s| [ _|0.74
wia(1) 0.27 0.50 0.27 0.48
wis(1) 0.09 0.25 0.09 0.23
| wis(1) | | 0.46 \[0.50]| |046|/ [0.50
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Example (continued) PAY/

6jliall
® If the learning rate was chosen equal to zero, the weights would not change, i.e. w1(1) =w1(0).
* Next, applying the Gaussian neighborhood function with G(0) = 1 and the adaptation formula given early the
updated weights for the neighboring units at t = 0 are calculated as shown below:

d* 0.544%
hi2(0) = ——12 )= —~ = 0.862
0 E"‘"( zaﬂ(m) “”( 212 )

d> 0.515%)
hi3(0) = B )= —~ —0.876
(® E"‘"( zaﬂ(m) “”( 212 )

d? 0.6762
hia(0) = L E RN I - —0.796
14(0) Exp( Zﬁz(ﬂ)) Exp( 2-1% )

where

d12 =+/(0.15-0.06)2-+(0.97—0.84)2+(0.65—0.50)2+(0.27—0.35)2+(0.09—0.39)2+(0.46—0.85)2=0.544

d13 =/ (0.15-0.11)2-+(0.97—1.00)2+(0.65—0.99)24(0.27—0.64)2+(0.09—0.19)2+(0.46—0.47)2=0.515

d14 =+/(0.15-0.38)2-+(0.97—0.78)2+(0.65—0.79)2+(0.27—0.68)2+(0.09—0.44)2+(0.46—0.22)2=0.676

hence, we obtain for output node 2:

wa(1) = w2(0) + a(0)h12(0)[x(0) — w2(0)]
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Example (continued) %V
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()] [0.06 ([o25] [oos|\ [o21]
waa (1) 0.84 0.75| | 0.84 0.77
3(1 0.50 0.75| ]0.50 0.69
(| +(0.9)(0.862) - —
waa(1) 0.35 050| |0.3s 0.47
was(1) 0.39 0.25| 039 0.28
lws(1) | 085 \[050] [o85]) |08

The weights of the output nodes 3 and 4 are calculated similarly. The adjusted weight

vectors of the winning node and its neighborhood are given below:

wi(1)
wa(1)
) =
)

=(0.24 0.77 0.74 0.48 0.23 0.50 )’

)
=(0.21 0.77 0.69 0.47 0.28 0.58 )’
:]f
)

w3(1) = (0.22 0.80 0.80 0.53 0.24 0.49
wa(1) = (0.29 0.76 0.76 0.55 0.30 0.42 )’
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Summary of the SOM Algorithm [A
o)liaJ '_I
The basic steps of Kohonen’s SOM algorithm can be summarized by the following

iterative procedure:

(1) Initialization. Choose the dimension and size of the output space. Assign random val-
ues or alternatively sample vectors drawn randomly from the training set to the initial
weight vectors w;(0). Specify the neighborhood function as well as the functional
form of the learning rate «¢(0) and radius of the neighborhood o(0). Assign starting
values for «(0) and o(0). Normalize training data. Define a critical threshold value
(7T') for the maximum number of iterations. Set iteration index r = 1.

(i1) Sampling. Randomly select an input vector x(f) from the training data set.

(i11) Similarity Matching. Compute the Euclidean distances between the input vector and
each output node’s weight vector and find the best matching node ¢(t) at iteration ¢
by applying the minimum distance criterion:

c(t) = argmin { |x(r) —wi(t) |} i=1.2,....n

i
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Summary of the SOM Algorithm

(continued)

(1v) Weight Updating. Adjust the weights of the winning node and 1ts neighborhood ac-

cording to their distances to the winning node by using the update formula:
wilt + 1) = wi(t) + (e ) hei(r) [x(2) — wilt)]
For the winning node the neighborhood function h;(f) will be equal to 1.

(v) Parameter Adjustment. Sett =t + 1. Adjust the neighborhood size and the learning
rate.
(vi) Continuation. Keep returning to Step 2 until the change of the weights 1s less than

a prespecified threshold value or the maximum number T of iterations 15 reached.

Otherwise stop.
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