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| main_progam 0 | + |
1 clc;clear all;close all,
2 x=6 * rand(1,1000)-3;
: plot(x, " *");
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E_l main_prog.m ﬁﬁ] +]

clc;clear all;close all;

x=6 * rand(1,1000)-3;

plot(x, *");

my_noise=0.2 * randn(size(x));
plot(my_noise,'*"');
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_| FRain_prog.m ﬁl +1 LSngj LSLQ 4_39.0.3 L.’ Sin(X) &’L’
1 clc;clear all;close all; ' ©
:  x=6 * rand(1,1000)-3; ~ E
> %plot(x,'*');
a my_noise=0.2 * randn(size(x));
5 %plot(my_noise, '*');
: y=sin(x)+my_noise;
7 plot(x,y,".")
\_ J nctool
( , | | | & AETAQ G \
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;_| rmain_prog.m 33?.]‘ +] |
1 clc;clear all;close all; / ;33

2 x=6 * rand(1l,10€8)-3;
2 %plot(x,"'*");

a my_noise=8.2 * randn(size(x));
5 %plot(my_noise, '*');
: y=sin(x)+my_noise;

g plot(x,y,".")
e X=[x;y]1;
9 nctnoﬂ

\_ /

(- )

X x|
HH 2x1000 double

1 2 3 4 5 ]

1 24518 -2.8065 1.1781 -1.7474 1.9449
2 -0.8667 0.6936 -0.1846 0.9316 -0.9158 1.1821
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NEURAL NETWORK CLUSTERING
& )

Import - a

DATA BUILD TRAIN PLOTS TEST
Network Training

Self-organizing map with a single competitive layer which can cluster a data set into as many classes as the layer has neurons.

iy

- 4\ Neursl Clustering (nctool)

I @ Welcome to the Neural Network Clustering app.
. Solve a clustering problem with a seff-organizing map (SOM) network.
Neural Network

Introduction

I In clustering problems, you want a neural netwark to group data by
similarity.

-

= Forexample: market segmentation done by grouping people according to

related subsets; or bicinformatic analysis such as grouping genes with

I their buying pattems; data mining can be done by partitioning data into
related expression pattemns.

= The Neural Clustering app will help you select data, create and train a
I network, and evaluate its performance using a variety of visualization tools.

ﬂ To continue, dlick [Next].

I & Neural Network Start M4 Welcome

.

Input SOM Layer Output

A self-organizing map (<=/for consists of a competitive layer which
can classify a dataset of vecters with any number of dimensions into as
many classes as the layer has neurons. The neurons are arranged in a 2D
topology, which allows the layer to form a representation of the
distribution and a twe-dimensicnal approximation of the tepology of the
dataset,

The network is trained with the SOM batch algorithm (¢

4 Back
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U

4 Import Data from Workspace — O >

Select data for training the network.

Predictors: [x-[z-:muu double] v] [Brmu’se] o
\

Observations in:  (e) Columns () Rows

X double array of 1000 observations with 2 features.

[ Refresh ] [ Ok ] [ Cancel ]
\_ J
( 4\ Neural Clustering (nctool) - u] X \

Select Data
What inputs define your clustering problem?

il G8y=o
nctool

Get Data from Workspace Summary
Input data to be clustered. Inputs X' is @ 21000 matrix, representing static data: 1000 samples of 2
B inputs: e l:l elements.

Samples are: @[] Matrix columns ) [E] Matrix rows

nctool

Want to try out this tool with an example data set?

Load Example Data Set

B To continue, dick [Next].

\| & Newral Network Start | FH Welcome | | @Back || ®Net | D Cancel J K j
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\_ | 100/
|

Output

* Change settings if desired, then dick [Next] to continue.

| & nevral Network start | | 1 welcome | @pack || &N | | D conce |
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4\ Self-Organizing Map (view) — ([l > I
| g )
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I

Layer il

Input Qutput H
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Input I

4\ Neural Clustering (nctool) — [m] x :

. I

Network Architecture 1

Set the number of neurons in the self-organizing map network. :

Self-Organizing Map Recommendation 1

Define a self-organizing map.  (selforgmap) Return to this panel and change the number of neurons if the network dees :

rf Il afts ing.

Size of two-dimensional Map: P D (_ Laye‘r \ :

1

1

I

W :

I

I

I

I

I

I

I

I

i

Neural Network :

I

I

Input SOM Layer Qutput 1

I

I

I
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Import Train Stop
- -
DATA BUILD TRAIM
\_ .
| Metwork Training L]

il G8y=o
nctool

Training Results

Training finished: Reached maximum number of epochs &

Training Progress

Unit Initial Value Stopped Value Target Value
Epoch 0 200 200 o
Elapsed Time - 00:00:05 - -
r (&)
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Meighbor  Weight | Sample | Weight
Distances  Planes Hits | Positions

PLOTS s _ ,\@

SOM Neighbor Weight Distances

25

il G8y=o
nctool

15

0.5

-0.5
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Meighbor | Weight Sample Weight
Distances | Planes Hits Positions

PLOTS

\.

e

.

Metwork Training Meighbor Distances Plot Weight Planes Plot = \

Weights from Input 1 Weights from Input 2

25 25
2 2
15 156
1 1
05 05 p
e K2 F
) ) ULSol olw
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-0.5 -0.5 ) .
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‘SOM Neighbor Weight Distances
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A
I
I
I
I
I
I
4 \ :
[ | |
1 1 1
1 1 1
1 1 1
! i i
1
1 | Generate | Export 1 1
| | Code v | Model ~ i é 9 i
1 1 —— I
H =4 Generate Simple Training Script i i
: =" Generate script to reproduce training workflow : :
1
1 1 1
1 1 1
H —% Generate Comprehensive Training 5cript H H
: = Generate script to reproeduce training workflow, including deployment i i
1
1 i i
\\ __________________________________________________ /' :
:
T e e e e P E E E E E————— ~~
{ \ i
1 1 I
: 1 ¥ = x; : :
1 . s I 1
I 2 % Create a Self-Organizing Map ! !
1 . . 1 1
I = dimensionl = 3; ' !
1 . . 1 I
I ¢ dimension2 = 3; ! !
1 . » . * 1 I
I 5 net = selforgmap([dimensionl dimension2]); I I
1 . 1 I
i ¢ % Traln the Network : !
= 1 1
i 7 [net,tr] = train(net,x); I :
1 2 B
i 5 % Test the Network i : ol J:.I‘l“’
I
i ¢y = net(x); i : nctoo
. I
i % View the Network i :
i view(net) i !
\ 1 I
b v i
I
i
I
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4\ Neural Network Training (nntraintool - O x 3 Se T e
9l ) uvjgol Soul 49
Neural Network
La
Input e Qutput f '\@
2 g 9
Algorithms
Training: Batch Weight/Bias Rule (trainbu)

Performance: Mean Squared Error  (mise)
Calculations:  MATLAB

Progress
Epoch: 0 | 200 iterations | 200
Time: | 0:00:02 |
Plots
SOM Topology (plotsomtop)
50M Neighbor Connections (plotsomnc)

S0OM Input Planes (plotsomplanes)

|§ |
| |
| SOMNeighbor Distances  (plotsomnd)
| |
| |
| |

S50M Sample Hits (plotsomhits)
S50M Weight Positions (plotsompos)
Plot Interval: ' 1 epochs

v Training finished: Reached maximum number of epochs

@ Stop Training @ cancel

o e s
N - -
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E:i Editor - main_prog.m
§| main_prog.m | som_netm X | 4

- clc;clear all;close all;
2 x=6 * rand(1,1000)-3;

2 %plot(x,'*"); a4
4 my_noise=8.2 * randn(size(x));
5 %plot(my_noise, '*"');

5 y=sin(x)+my_noise;

. plot(x,y," . ")

: X=[x;y]1;

3 som_net(X)|

18

~

1@
11

12

QB

function som_net(X)

X = X;

% Create a Self-Organizing Map
dimensionl = 3;

dimension2 = 3;

net = selforgmap([dimensionl dimension2]);
% Train the Network

[net,tr] = train(net,x);

% Test the Network

y = net(x);

% View the Network

view(net)

enﬂ 4/ \_

U
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(G P Variables - X \ J|.>9.n.3 o) g 8‘30

ditor - som_net.m
main_prog.m | som_netm i | +
1 function som_net(X)
2 X = X; 4 ,}3
3 % Create a Self-Organizing Map -
< dimensionl = 3;

s dimension2 = 3;

¢ net = selforgmap([dimensionl dimension2]);

7| % Train the Network

= [net,tr] = train(net,x);

% Test the Network

)y = net(x);

11 % View the Network

12 yiew(net)

1200 % Plots

12 % Uncomment these lines to enable various plots.
15| %figure, plotsomtop(net)

15| %figure, plotsomnc(net)

17| %figure, plotsomnd(net)

12| %figure, plotsomplanes(net)

13| %figure, plotsomhits(net,x)

- %figure, plotsompos(net,x)

2 end

- S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S -
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4\ Self-Organizing Map (view) — O X .

JeniEng e figure, plotsomtop(net) jLisbw juss
Input Layer Output
2 8 8

\. J
( . \ ( E S0OM Tepology (plotsomtop) — m}

! -FunCtlon s{,m—ﬂe.t(}":) File Edit View Insert Tools Desktop Window Help k]

2 X = X;

| % Create a Self-Organizing Map
¢+ dimensionl = 4;

s dimension2 = 2;

¢ net = selforgmap([dimensionl dimension2]); 1.5
7. % Train the Network

= [net,tr] = train(net,x);
¢ % Test the Network 08
ey = net(x); 0
11| % View the Network
12 view(netﬂ

= end -

SOM Topology

LSl b
nctool
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% Uncomment these lines to enable various plots.
%figure, plotsomtop(net) s
%figure, plotsomnc(net)

%figure, plotsomnd(net)

figure, plotsomplanes(net)
%figure, plotsomhits(net,x)
%figure, plotsompos(net,x)

SOM Neighbor Connections
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% Uncomment these lines to enable various plots.
%figure, plotsomtop(net)
%figure, plotsomnc(net)
%figure, plotsomnd(net)
figure, plotsomplanes(net)
%figure, plotsomhits(net,x)
%figure, plotsompos(net,x)

SOM Neighbor Weight Distances

-1 05 0 05 1 1.5 2 25 3 35 4 45
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nctool wLSol julw

Export
Madel =

v Export to Workspace

Export structure array containing trained network and results to the workspace

W Export to Simulink
Expori netwaork as Simulink block

=4 Export Network Function for MATLAB Compiler
Export metwork as MATLAE function with matrix and cell aray arguments

=4 Export Network Function for MATLAB Coder
Expori metwork as MATLAE function with matrix-only arguments

o

nctool

N o o o

- S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S S -
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A
i
I
I
== i i
i & L[ i
1 Export I I
: Madel v : :
1 Expo Workspace ! !
i W E:p:)rtns:tzcture arr:y containing trained network and results to the workspace i i
1 L 1 I
i W ::pt‘:t r‘eh-:)rk asl S'r';JIink block i i
1 I I
= Xpo ork Function for ompiler I I
i Eféb IEE::;rtr::tI::r‘:( ask:'IATL.:\B m:dio:q:l—:igtfi: anz Lel amray arguments : :
1 I
: =4 Export Network Function for MATLAB Coder | : :
: |;‘é1> Export network as MATLAB function with matrix-only arguments [] I
N e e e D s \_ J H
T T T T T T T T T T T T T T T T T T T T EE T EE S i

¢
l' ] Variables - X \‘I :
1 ; M M TT— ' I !
: main_prog.m ¥ | som_net.m {\.l untitled3 * 2 | + | : :
N Function [Y,Xf,Af] = myNeuralNetworkFunction(X,~,~) v i
i 201 %MYNEURALNETWORKFUNCTION neural network simulation function. i '
Hoe % ! i
i| ¢ % Auto-generated by MATLAB, 27-Feb-2024 89:47:53. i I
Hos| % ! i
i ¢ % [Y] = myNeuralNetworkFunction(X,~,~) takes these arguments: i :
I
| i =
'{ = % X = 1xTS cell, 1 inputs over TS timesteps v i
i s % Each X{1,ts} = 2xQ matrix, input #1 at timestep ts. i !
: 18 % : i
i u| % and returns: i i
. I
i 12| % Y = 1xTS cell of 1 outputs over TS timesteps. i !
Il & % Each Y{1,ts} = 9xQ matrix, output #1 at timestep ts. I i
| i =
'l 5 % where Q is number of samples (or series) and TS is the number of timesteps. ! i
\\ _ ,’ :
i
I
I
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4\ Neural Network Clustering

D@ B2 = =

I% . [
M :
Import ap5|ze Tigin  Stop | Ne

WS 9 55 (gady adubg Lios dgjg

- - stances Planes Hits

My Data

Import Data
Import predictors and responses from workspace or file

Example Data

il G8y=o
nctool

Import Simple Clustering Data Set
Cluster sample data into four classes

Import Iris Flowers Data Set

Cluster iris flower cbservations into three species using four flower features

ot
N o ———————————— -
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4\ Meural Network Clustering

o -
E : =) > O @ m

|NEURAL NEI"'."U'DRKCLUSTERINGI 9 2w o e g Liud g9

Jxo cuslw

PLL L L LS
"

Impart Train  Stop le ) (=
- - Di Dlans H Map size: 3
: one mport | MPSEE 315
| My Data =
Import Data DATA BUILD
N o T T -’

Import predictors and responses from workspace or file

Example Data

Import Simple Clustering Data Set
Cluster sample data into four classes

il G8y=o
nctool

Import Iris Flowers Data Set
Cluster iris flower cbservations into three species using four flower features

o e e e
e s e s e g s e s e s e g e s e s o s e s o s e e e s e e 7

Model Summary

Train a neural network to cluster predictors.

Data
Predictors:  irisinputs - [4x150 double]
irisinputs: double array of 150 observations with 4 features.

Algorithm
Training algorithm:  Batch unsupervised training

Training Results
Training start time: 27-Feb-2024 12:18:06
Map size: 3

nctool

ﬂ Mo performance metrics for self-organizing maps.
zenerate plots to assess network performance.
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A\ Neural Network Training (nntraintool) — O *

Neural Network

Input Layer Output 4\ Self-Organizing Map (view) — O *

Input Layer Output

4

Algorithms

Training: Batch Weight/Bias Rule (trainbu)
Performance: Mean Squared Error  (mse)
Calculations: MATLAB

il G8y=o
nctool

Progress

Epoch: 0 | 200 iterations || 200
Time: | 0:00:00 |

Plots

S0OM Topology | (plotsomtop)

50M Meighbor Connections | {plotsemnc)

|
|
| S0OM Meighbor Distances | (plotsornnd)
|
|
|

SOM Input Planes | (plotsomplanes)
SOM Sample Hits | (plotsomhits)
S0M Weight Positions | (plotsempos)
Plot Interval: ' 1 epochs

& Opening SOM Sample Hits Plot

. Stop Training . Cancel
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¢ _ Iris 4 '

Y
i
I
I
I
I
I
I
I
I
I
I
Donated on 6/30/1988 i
I
A small classic dataset from Fisher, 1936. One of the earliest known datasets used for evaluating classification methods. i
I
Dataset Characteristics Subject Area Associated Tasks :
Tabular Biology Classification :
I
Feature Type # Instances # Features :
Real 150 4 i
I N -
i . ! Il G8y=0
I/ \ i nctool
: | i
= - load 1iris_dataset.mat; I !
" » ] I
P2 X = irisInputs; | i
]
Pooe % Create a Self-Organizing Map i i
I - *
Pooa dimensionl = 1; ] i
I - * ] I
» - dimension2 = 3; I !
. . . . 1 1
b net = selforgmap([dimensionl dimension2]); ! i
]
b7 % Train the Network i i
I . ] rF
oo [net,tr] = train(net,x); i i m
1 2 2 2 o e ; .
s % Test the Network i i e L 2
! : i nctool
} e y = net(x); i ! | |
]
o1 % View the Network i i
P12 view(net) | i
: ' ’
\ ) 1
i
I



Lo JS (530 aubgs (53545 JUo U=

SOM Neighbor Connections

0.5

Hits

0

.5

-0

- S —————————————— - - - - -
-

e  ———————————————— -

150 double
3150 double

Value

dimension’
dimension
irisTargets
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