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Conventions

»

bold

italic

monospace

monospace bold

The following conventions are used in this manual:

The » symbol leads you through nested menu items and dialog box options
to a final action. The sequence File»Page Setup»Options directs you to
pull down the File menu, select the Page Setup item, and select Options
from the last dialog box.

This icon denotes a note, which alerts you to important information.

Bold text denotes items that you must select or click in the software, such
as menu items and dialog box options. Bold text also denotes parameter
names.

Italic text denotes variables, emphasis, a cross-reference, or an introduction
to a key concept. Italic text also denotes text that is a placeholder for a word
or value that you must supply.

Text in this font denotes text or characters that you should enter from the
keyboard, sections of code, programming examples, and syntax examples.
This font is also used for the proper names of disk drives, paths, directories,
programs, subprograms, subroutines, device names, functions, operations,
variables, filenames, and extensions.

Bold text in this font denotes the messages and responses that the computer
automatically prints to the screen. This font also emphasizes lines of code
that are different from the other examples.



Contents

Chapter 1

Introduction
Manual OrZaniZation ........c..eevevuerieriirienieetertenteriestete sttt ettt e st sbeesaesbeeaesaeenaesaeas 1-1
AbOUt Neural NEetWOTKS ....c..cooueiiriiriieiiiietenieetesie ettt ettt et 1-2
Neural Network Module and SystemBuild............ccoceeieniniininiininiinicicceeene 1-3

Chapter 2
Neural Network Fundamentals

Single Neuron Archit@CtUIe ...........ccoeieriiriiirieiinieeneeree ettt 2-1
Linear Neuron Learning Rule...........cccccocoiiiiiiiniiiniieceeceeeeeee 2-3
Sigmoid Neuron Learning Rule............ccccocieiiniiiinininiiecceciee 2-4
Threshold Neuron Learning Rule.........coccooviiiiiiiiiniiiniiniceceeeee, 2-4
Linear-Threshold Neuron Learning Rule .........ccccccocieviiniiiniinnciniiniieeeee, 2-4
Learning Rate, Momentum Factor and Epoch Length..............ccccccociei. 2-5
Neuron Layer ........cccoieiiiiiiiiiececeeeeeeeee e 2-5
Feedforward Neural NetwWorks........cccoociiiiiiiniiiiiiicceeeeeeeeee e 2-5
Output Layer Learning Rule..........cccoocoiiiiiiiiniiiiiicecceee e 2-6
Hidden Layer Learning Rule...........ccoceeiiiniiiiiiiiiiiiiieieeeeeee e 2-7
Supported MOEIS........cc.eiiiriiiiiiiieieeeeee e 2-8
Radial Basis Function Neural NetWorks..........c.ccoceeieieoiinieninciieeneeeeneeeencene e 2-9
Kohonen Neural NEtWOIKS .........coceouieiiiiiiiniiiieieieieeeeeee e 2-10
INStar NEtWOTK .....cooviiiiiiiiiiiieieeecccee e 2-11
OutStar NetWOTK.......cooiiiiiiiiiiiiicceeeeeee e e 2-11
Competitive NEtWOTK ......cc.cocuiriiiiiiniiiiieescceee e 2-11
Recurrent Neural NEetwWorks ........cccooeviiiiiiiiiiiiiiiiiiccccccee e 2-12

Chapter 3
Neural Network Interface

Starting and QUITLIIZ . ....c.eevertirieiie ettt ettt sttt sbe et et saeenaesaeas 3-1
Create Neural NetwWork BIOCKS ......cccccueieiririinineninicicicieeceeeseseseseetetene e 3-2
Specify BIOCK OPLiOnS........cc.eevuiiiiiieiiieiesiieiesie ettt 33
Specify Model OPLionsS. ......co.eeuirerrierieeient ettt sttt eae 3-4
Specify Learning OPtions. .........coceererueeierieneneeieneeie st et eee e eetesbeeeesaeens 3-5
Specify Parameters and Parameter Variables...........ccoccecivieniniiennncnneneeens 3-6
INSEANTIALION ..veviiiiitieict ettt 3-8
Exporting and Importing Neural Network Models...........ccccevieiinieieniiniiiieceeeee 3-8

© National Instruments Corporation v SystemBuild Neural Network Module



Contents

OffIINE TTAINING ...eeeveeiieeiieiie ettt ettt ettt e st e siteesbeesabe e beesateesbeesaeesnbeesaeesaseas 3-10
TTainNiNg PrOCESS...ccouiiiiiiitieiieetie ettt sttt e 3-11
Inspect Training ReSUILS.........coeviiiiiriiiiieieeeceeeeee e 3-12
Apply Training RESUILS .....ccoveeiiiiiiiiiiienieesieeete et 3-12
Simulation ConSidErations..........cocuecvireeriireerierierieneeteneeresteetenteeeeesaeeeesaeseesesieennens 3-13
TNItMOAE SEUHNZ ...eeeurieiieiiieiieie ettt ettt st e sba e 3-13
Use of Vars = 2 Keyword OPtion ........cocceevvieeneeniinnieenienieeieeeee e 3-13

Chapter 4
Neural Network Blocks

Number of Inputs to a Neural Network BIOCK .......c.ccoviiriiiiiiiiiiiiiiiiieieecee 4-1

BIOCK RELETENCE ..ot e 4-2

BIOCK Parameters..........cocuevuiiieiirieiieieceieet ettt s s 4-4
INBUION.....cuiiiiiiiiieieet ettt st et sa e s sae e 4-4
SINEIE-LAYET .....eoiiiiiiieiiciiee e e e e 4-6
INStAr Layer....coooiiiiiieiieeee et 4-8
OULSEAr LaYT ...ttt 4-10
ComPetitive Layer........ccooiiiiiiiiiiieicecieeeeeeeee et 4-11
TWO-LAYET ...ttt 4-13
RBENN L.ttt s e st 4-15
Sigmoid Hopfield, Signum Hopfield ..o 4-18

Chapter 5
Neural Network Examples

Example: Linear NEUTON .....c..cocuirirriinieiiniieie sttt sttt ettt st st 5-1
Create Training Data..........coceviiiiriiiiiniiieeeteeeee et 5-1
Set Up a Linear Neuron Model ...........ccoceviereriininiiniinienicieencneeneeeeieninns 5-2
Train the Linear Neuron Model Offline..........ccccocivvininininenincniiiiccenene, 5-2
Instantiate a Neural Network BIOCK.........cccooviiiiiiiiiiinieiieeececeee, 5-4
Example: RBFNN ..ottt ettt et 5-4
Create Training Data..........cccooiiiiiiiiiiiieee e e 5-4
Set Up an RBFNN Model ......ccooiiiiiiiiiiieieieeeieeee e 5-5
Train an RBFNN MoOdel .....cc.coouiiiiiiiiieiiiiee e 5-5
Example: Signum Hopfield NetWork ..........cccccoeeririireiieiiiiereeeeete e 5-6
Problem SpecifiCation ..........cceiierieieriiniere e 5-7
Set Up a Signum Hopfield Network Model...........cccoceniniiininieninneinieene 5-8
Verification by Using the Offline Trainer...........cccccceeveveeiiinieneneenereeeeee, 5-8

SystemBuild Neural Network Module vi ni.com



Contents

Appendix A
Technical Support and Professional Services

Glossary

Index

© National Instruments Corporation vii SystemBuild Neural Network Module



Introduction

This guide introduces the Neural Network Module (NNM) for the
MATRIXXx software family. The NNM is a powerful module with
applications in areas such as control system design, pattern recognition,
signal processing, and information theory.

The Neural Network Module (NNM) lets you define, parameterize, and
include a neural network as a SuperBlock in a SystemBuild block diagram.
Adding neural network technology to the fully integrated block diagram
language of SystemBuild includes the capability to simulate your neural
network models, and to generate embedded code for them through
AutoCode.

The NNM supports training (offline) and learning (real-time) modes of
operation.

Manual Organization

This guide includes the following chapters:

*  Chapter 1, Introduction, provides a general introduction to neural
networks.

»  Chapter 2, Neural Network Fundamentals, reviews some essential
concepts of neural networks.

e Chapter 3, Neural Network Interface, describes the NNM user
interface.

»  Chapter 4, Neural Network Blocks, explains the user interface for
neural network blocks.

*  Chapter 5, Neural Network Examples, provides examples and
tutorials.

This guide also has a Glossary and an Index.

© National Instruments Corporation 1-1 SystemBuild Neural Network Module



Chapter 1 Introduction

About Neural Networks

A neural network is a parallel computing architecture (or a computational
model) involving a network topology that can be described in terms of its
analogy to a directed, weighted graph. The nodes in the graph represent the
computing units or neurons, and the directed edges of the graph represent
connections from originating neurons to incident neurons, while weights
associated with the edges indicate the strengths of the respective
connections. If the directed weighted graph representing the neural network
topology has at least one cycle, the neural network is called a recurrent
network; otherwise, it is called a feedforward network.

Neural networks are especially useful in practice because they can acquire
knowledge through a learning process. The procedure used in the learning
process is referred to as the learning algorithm. During a learning process,
interneuron connection weights are modified in an orderly fashion so as to
obtain a desired performance objective. Therefore, the knowledge acquired
by the network is stored as interneuron connection weights.

Neural networks have been successfully used in a number of applications
to do the following:

e Learn an internal representation of the mapping between input and
output variables

e Learn plant dynamics
e Implement a controller in the closed-loop system

* Adapt to changes in plant characteristics

During the training session, the weights of the neural network are changed
according to the learning algorithm. In other words, learning is basically the
process of changing the weights such that the input-output performance of
the neural network converges to the target or desired performance. If the
target or desired output patterns are available during the training session,
the learning process is said to be supervised. In the absence of target output
patterns, the learning process is said to be unsupervised, and some other
indirect measure of network performance is applied throughout the training
session.

The most common neural network architecture is the feedforward neural
network. Feedforward neural networks consist of several layers of neurons
transforming the input signals to the output pattern. They have been widely
used in pattern recognition, classification, and clustering applications.
Feedforward networks are usually trained using the Error Back Propagation
learning algorithm.

SystemBuild Neural Network Module 1-2 ni.com



Chapter 1 Introduction

Another type of neural network topology is the recurrent network, such
as the Hopfield Neural Network; recurrent networks are mostly used in
optimization. Recurrent networks are dynamic networks with feedback
signals from output to input neurons. These networks are commonly used
as associative memories in various applications. Training of recurrent
networks is usually complicated and mostly done through stochastic
algorithms such as Simulated Annealing.

Competitive learning is another important issue in the design of neural
networks. The basic difference between competitive learning and other
learning algorithms is competition between neurons through inhibitory
connections. The neuron that is the winner of the competition will have
its weights reinforced, while the weights of all other neurons are left
unchanged or decreased. Competitive learning is utilized in networks
such as the Kohonen Neural Networks.

A Radial Basis Function Neural Network (RBFNN) is another class of
useful Neural Networks, capable of accurate function approximation.
Particularly, RBFNNs can be used in smooth interpolation and
generalization applications. An RBFNN is a two-layer network. The first
layer of neurons, which have a Gaussian output function, roughly partitions
the input space into the clusters. Then the second layer, usually linear,
approximates the target function with a linear combination of basis (or
Gaussian) functions in the first layer. Thus, an RBFNN can fit a smooth
curve to the function to be approximated.

Control systems engineering is a successful field of neural network
applications. A neural network can be used as an adaptive controller. It also
can be used to capture the dynamics of a complex, nonlinear, time-variant
plant. Neural Networks can be trained to copy the inverse dynamics of such
plants in order to implement adaptive control systems. Other applications
of neural networks in the field of adaptive control include Neural Model
Reference Adaptive Control Systems (NMRAS) and self-tuning regulators.

Neural Network Module and SystemBuild

The Neural Network Module provides the user with an intuitive graphical
user interface (GUI) to perform the following functions:

*  Select the desired network from a predefined library of networks.

*  Define appropriate parameters for the selected network.

© National Instruments Corporation 1-3 SystemBuild Neural Network Module



Chapter 1 Introduction

The selected network can then be instantiated in SystemBuild by the press
of a button. To instantiate a network, the SystemBuild Editor must be up
and running; the instantiated network is placed in the currently active
catalog. Within a SystemBuild model, Neural Network blocks can be
readily recognized by their special icon graphics.

A typical instantiated SuperBlock contains a BlockScript block connected
to one or more Write to Variable blocks if learning is enabled. The
BlockScript blocks contain the algorithmic implementation of the neural
network model of choice. The Write to Variable blocks are used to store the
network weights and biases, making them available to you after a training
simulation. The latter is achieved by using the vars = 2 option in the
simulation command, as described in the SystemBuild User Guide and the
MATRIXx Help.

The instantiated neural network SuperBlocks behave exactly like any other
SystemBuild SuperBlock. They are open to the user for inspection,
alteration, and customization. This provides an open environment for the
design of neural networks. For example, the computational algorithms of
neural network blocks, as implemented in BlockScript, are open to
experienced users for modification, if necessary.

The Neural Network Block Editor lets you specify SuperBlock attributes
during the parameter specification phase. These attributes include input,
output, and type (for example, standard procedure and inline procedure).
The algorithms supported in the NN module are related to discrete
operations, and as a result, instantiation of Neural Network SuperBlocks in
continuous SuperBlocks is not recommended.

The SystemBuild Neural Network Module graphical user interface (GUI)
has four windows:

e Neural Network Block Editor

*  Neural Network Parameter Editor

*  Neural Network Catalog

¢ Neural Network Offline Trainer

These windows are described in Chapter 3, Neural Network Interface, and
in Chapter 4, Neural Network Blocks.

SystemBuild Neural Network Module 1-4 ni.com



Neural Network Fundamentals

This chapter discusses some important concepts about the Neural Network
Module, beginning with a single-neuron network and continuing to more
complicated networks.

Single Neuron Architecture

The single neuron is the basic element of a Neural Network and can be
considered as a small processing unit performing simple calculations.
Figure 2-1 shows a single-neuron network.

Neuron

Figure 2-1. Single Neuron

The single neuron has several inputs and one output. The net input or net
activation of the neuron can be defined as:

n

v, = ZWqu+61 (2-1)

j=1

where W, is the weight associated with the input u; to the neuron, and 8, is
the threshold (or bias) of the neuron. Equation 2-1 also can be written as
follows:

n+1
vi= Y W, (2-2)

j=1
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Chapter 2 Neural Network Fundamentals

with

Wi =0
1(n+1) 1 (2-3)
u

n+l =
In other words, the bias can be viewed as the weight to an imaginary input,
u, , 1, that has one as its fixed value. This kind of notation will be used in
all of the learning algorithms that involve biases.

The output of the neuron is a function of its net input or activation. The
weights and the threshold can have any real value, including 0.0. The neural
output function is defined as:

y1 =gy (2-4)

where g is the output function (or the activation function) of the neuron.
The supported neural output functions for a single neuron are illustrated in
Table 2-1. A single neuron with a threshold activation function is also
known as a Perceptron.

Table 2-1. Supported Neural Output Functions

Linear gv)y =v
I 1%
Threshold ) 1ifv>0
V) =
£ 0ifv<0 a 20V
—>
- 1%
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Chapter 2 Neural Network Fundamentals

Table 2-1. Supported Neural Output Functions (Continued)

Linear Threshold vifv>0
g(v) =4 .
0ifv<0
Sigmoid v 1
"% =
g 1 + e_v A g(v)
————>
- Vv

The model of the single neuron given in Table 2-1 has a limited
input/output mapping capability. For example, it can only classify linearly
separable regions in the space of the input variables.

The SystemBuild NNM supports recursive, supervised learning algorithms
for each one of the neural output functions in Table 2-1. These algorithms
specify how to update the new values of the weights and the threshold given
the old weights and the old threshold, as well as the target or desired output
t;. Therefore, the network starts with initial weights optionally supplied by
the user. The SystemBuild NNM provides the user with the choice to
specify the initial weights. The learning algorithms are summarized in

the following sections.

Linear Neuron Learning Rule

The learning rule for a single neuron having a linear activation function is
as follows:

N+1 N uj N N-1
Wi Wﬁ,»>+n<1—u>61W+H(W§;)—W?f ey
uji;

where the superscript of W is the index to the sample instance, 8; = (¢; — ;)
is the difference between the target (or the desired output) and the actual
neuron output, 1 is the learning rate, | is the momentum factor, and
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Chapter 2 Neural Network Fundamentals

n+1

ully = > (2-6)

J=1

with u,, , | being an imaginary input having one as its fixed value and the
bias as its weight. This learning rule is known as the Normalized Least
Mean Square (NLMS) learning rule.

Sigmoid Neuron Learning Rule

The learning rule for a single Sigmoid Neuron is as follows:

) (2-7)

N+1 , N N-1
W(lj "= Wi +n( -w)d,g, uj+ H(W(u)— W(lj ))
where g;” = y{(1 — y,) is the derivative of the sigmoid function relative to

the net activation. The previous algorithm is known as the Widrow-Hoff or

the Least Mean Squares (LMS) learning rule. It is a gradient-based method.

Threshold Neuron Learning Rule

The learning rule applied for Threshold Neurons is known as the
Perceptron learning rule:

N+l N N N-1 -
W= W e - wd o) -wi ) 2-8)
The Perceptron learning rule is identical to the Widrow-Hoff learning rule
with g”; = 1. However, the Perceptron learning rule is derived from a
different concept, because the threshold function and the linear-threshold
function are not differentiable at the origin.

Linear-Threshold Neuron Learning Rule

Linear-Threshold Neurons also use the Normalized Least Mean Square
(NLMS) method for learning as described in the Sigmoid Neuron Learning
Rule section.
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Chapter 2 Neural Network Fundamentals

Learning Rate, Momentum Factor and Epoch Length

All of the previous learning algorithms have been designed to minimize the
difference between the output, y;, produced by the neural network and the
target or desired output, #;, by changing the weights Wj; in the suitable
direction. The convergence rate of these is affected by three
parameters—the learning rate, the momentum factor, and the epoch length.

The value of n must be the range of (0, 2) to ensure stability; however,
typically we have 0 <m < 1. The momentum factor, satisfying 0 <p < 1,
has a typical value of 0.9.

The last parameter is the epoch length, which is not shown explicitly in the
previous learning algorithms. The epoch length is an integer with its value
greater than or equal to one. When it is greater than one, weights are
updated in a batch mode. In other words, changes on weights are
accumulated for “epoch length” sample periods before they are actually
updated. The typical value of the epoch length is either one or the number
of data points used for training. Just like momentum, this batch method can
be beneficial for certain cases. In general, users need to experiment with
those parameters to find out the optimal one for a specific case.

Neuron Layer

After the single-neuron block, the next building block in the SystemBuild
NNM is a layer of neurons. The same learning algorithms are applicable for
each neuron in the layer. Users can replace the subscript 1 in those learning
rules with i, which is the index to neurons.

Feedforward Neural Networks

The simplest type of feedforward neural network consists of layers of
neurons, where a neuron in any layer receives input signals only from
neurons in the previous layer. Figure 2-2 shows the architecture of a
two-layer, feedforward neural network.
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Chapter 2 Neural Network Fundamentals

Uy

uz

inputs hidden layer output layer

1, ™

-

Figure 2-2. Neural Network with One Hidden Layer

The layer that receives external input signals, called the input layer, has
nodes redistributing the inputs. Therefore, this layer is not counted as a
layer of the neural network. The layer that produces the output signals is
called the output layer. Any other layer in between is called a hidden layer.
Hidden layers (as well as the output layer) are usually layers of neurons.
Adding hidden layers to the network increases the network mapping
capabilities.

Although multilayer neural networks have better mapping capabilities than
a single layer neural network, training multilayer neural networks is not as
fast or as straightforward as single-layer neural networks. For the single
neuron case, the target output is given and the error can easily be calculated
in order to generate an updated value of the weights. But in the multilayer
case, the target outputs are only given for the output layer and one has no
direct information regarding the target output of the neurons in the hidden
layers. To overcome this problem, the back-propagation (BP) algorithm
has been used, based on evaluating the error at the output and propagating
it back to the previous layers in order to correct the weights of the hidden
layers. The details of the BP algorithm for one hidden layer network for two
output functions (sigmoid and linear output functions) are described in the
following sections.

Output Layer Learning Rule

If the output layer neurons have linear activation functions, the weight
updatation rule for the output layer will be the NLMS method:

h — -
W2 U= W en (- E2) s ez - w2
2
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Chapter 2 Neural Network Fundamentals

where ||h[|, is the 2-norm of vector h.

172

P
b, = | >4/ (2-10)

Jj=1

Otherwise, if sigmoid activation functions are used, the weight updatation
rule for the output layer will be the Widrow-Hoff learning rule:

w2t = w20 (1 - ) 82,)(g2 ) e+ n(W2% - w2y (2-11)

In Equations 2-9 through 2-11, W2;, is the weight associated with the
connection between the ith output neuron and the kth hidden neuron,

82i = (t;— y;) is the modeling error occurred on the ith output neuron, A, is
the output from the ith hidden neuron, and g27= y,(1 — y,) is the derivative
of the sigmoid activation relative to the net activation to the ith output
neuron. Typical values for the learning rate, 1, and the momentum factor,
W, are discussed in the Output Layer Learning Rule section. The epoch
length, which is not explicitly shown, also can be applied to these learning
rules.

The output layer errors (each §2;) can be back-propagated to the hidden
layer by using the following equation:

m

81, = Z(Szi)gzi'Wzl.k k=1,2,...,p (2-12)

i=1

where m is the number of output neurons and p is the number of hidden
neurons.

Hidden Layer Learning Rule

Just like the output layer, the learning rule used in the hidden layer depends
on the type of activation functions you use. If linear activation functions are
used for hidden layer neurons, the learning rule for this layer will be the
NLMS:

Uu. _
wig V= w1 +n( - S1—L5 ) - wl ™)

[lull

(2-13)
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Or, if the activation functions are sigmoid functions, the learning rule for
the hidden layer is the following Widrow-Hoff rule:

(N+1)_ (V)

wig V= w1 (

+N(1 - (@1 (gl u +pw1y —wit ™) 2-14)

In Equations 2-13 and 2-14, W1,; is the weight associated with the
connection between the kth hidden neuron and the jth input and

gl = h(1 — hy) is the derivative of the sigmoid activation function relative
to the net activation to the kth hidden neuron.

Again, errors also can be back-propagated to the inputs by using the
following equation:

p
30, = Z(Slk)glk Wy j=12..n (2-15)

k=1

where p is the number of hidden neurons and r is the number of inputs.
The errors propagated to the input level is useful only if the network is
connected to other neural networks to make a deeper layer neural network.

The NNM tool supports the following two-layer feedforward neural
network models:

e Linear and Linear Network
e  Sigmoid and Sigmoid Network

*  Sigmoid and Linear Network

The word before and describes the type of activation functions for the
hidden layer, and the word after and describes the type of activation
functions for the output layer. For example, a Sigmoid plus Linear Network
has sigmoid neurons in the hidden layers and linear neurons in the output
layer.
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Radial Basis Function Neural Networks

A Radial Basis Function Neural Network (RBFNN) is a special kind of
feedforward neural network. It has a hidden layer composed of radial basis
functions and an output layer composed of neurons with linear activation
functions. For an RBFNN with # inputs, each radial basis function (RBF)
is the product of n Gaussian functions:

" 2
[Jeo{:24)

‘ 2001,
j=1 (2-16)

n

exp z(u ij)
/:12(W1"-7)

hy

where Cy; and W1; are, respectively, the center or mean and the standard
deviation of a Gaussian function. The output of an RBFNN is the linear
combination of hidden layer outputs:

= z W2,h, (2-17)

where i is a positive integer (i = 1, 2,..., m) and W2;; is the weight on the
connection between the ith output neuron and the kth RBF. Notice that a
RBFNN does not contain any bias.

When given a training data set, you can look at distribution of the data set
and subjectively determine RBF centers, C;, > and standard deviations, W1 k-
One possible solution is to make RBF centers uniformly distributed in the
input space and choose a fixed value for all of the standard deviations.
Alternatively, you can use the provided MathScript functions kmeans ( )
and rbf_radius( ) to calculate RBF centers and standard deviations.
The kmeans ( ) function uses an improved K-means algorithm to place
RBF centers so that the density distribution of those RBF centers will
match the density distribution of the input part of a training data set. This
method can put RBF centers in reasonable locations. However, you must be
aware that the density distribution does not necessarily match the
complexity distribution. For more information about MathScript functions,
refer to the Xmath User Guide or to the MATRIXx Help.
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After RBF centers and standard deviations are determined, the RBFNN use
the Normalized Least Mean Square (NLMS) learning rule to adjust weights
of RBF outputs:

VD = oV 4 (82, )— (2-18)

I3

W2,

where 02; = t; — y; is the modeling error at the ith RBF output.

Kohonen Neural Networks

Kohonen Neural Networks form a unique class of neural networks which
are widely used for pattern recognition. The general architecture of the
Kohonen network is depicted in Figure 2-3.

uq > Y1
u, > P Y2
Up P > Ym

Figure 2-3. Kohonen Neural Network

This section describes linear output functions for the neurons:

= S W, (2-19)
j=1
wherei=1,2, ..., m.

The following sections describe three types of Kohonen Neural Networks:
the InStar Layer, the OutStar Layer, and the Competitive Layer. These
networks are identical except for their learning algorithms.
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InStar Network

The InStar learning algorithm is given by the following equation:
N+1 N . .
w = ey wY) i=1,2,.,mj=12.,n (2-20)

where n is the learning rate, which the user can specify. It can be seen from
Equation 2-20 that the InStar is an unsupervised learning algorithm with no
target output. InStar networks are often used to recognize input patterns.

OutStar Network

The OutStar learning algorithm is given by the following equation:
A = W =W e i= 1,2, m j=1,2, 0 (2:21)

where t; is the ith target output. Therefore, the OutStar learning rule is a
supervised learning algorithm; it adjusts the network to recognize output
patterns.

Competitive Network

The Kohonen competitive learning rule is based on competition between
neurons. The neuron with the highest output is the winner of the
competition and is the only neuron where weight is changed. The output of
the winning neuron is set to one, and the outputs of other neurons are set to
zero. Thus, if k is the index of the winning neuron, the Kohonen
competitive learning rule can be expressed as follows:

(N+1) (N)

W = Wg)‘*n(”j—ij ) j=12,...n 2
(N+1) (N) . _ .
Wi =Wy j=12,...,m; i#k

At the beginning, the learning rate 1 is often set to a value close to 0.8. As
the learning progresses, 1 is usually lowered to 0.1 or less for equilibration.

The weights of a neuron correspond to a vector in the R" input space. Also
notice that the weight of a neuron moves toward the input whenever it wins.
After the training is complete, you have m weight vectors where
distribution resembles that of all input data. Thus, the competitive learning
law is essentially the same as the so-called k-means adjustment law.
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Recurrent Neural Networks

The feedforward neural network has a forward flow path for the signals
from the input to the output with no feedback. This is unlike recurrent
networks, where you cannot distinguish separate layers, and each neuron
provides an input signal to all other neurons, including itself. In recurrent
networks, it also is assumed that the neurons have dynamic characteristics.
This feature gives recurrent neural networks extra capabilities. To explain
these capabilities, consider the Hopfield Neural Network, which is one of
the common recurrent networks, and is implemented in this module.

A Hopfield Neural Network consists of some discrete (or continuous)
neurons with the following output function:

YWD 2 g™y i=1,2,0,0 (2-23)

where 7 is the number of neurons, g() is the activation function, and v; is the
net activation of the ith neuron:

v, = Z W,y +6, i=1,2,...n (2-24)
j=1
The NNM-supported Hopfield networks include the Sigmoid Hopfield,

which has sigmoid activation functions, and the Signum Hopfield, which as
signum-like activation function, as defined by the following equation:

1 ifv,>6,
yMr o -l if v; <9, (2-25)
yEN) otherwise

Therefore, if v; is equal to the threshold, 0;, the current state of a neuron i
will be reserved.

@ Note Equation 2-23 does not take any external inputs; however, the Hopfield network
implemented in the NNM tool accepts inputs at the beginning of the simulation as well as
the end of each epoch. Inputs read by the Hopfield network replace the current output;
therefore, they serve as initial values to the network.
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An intensive stability analysis shows that the Hopfield Neural Network, as
defined previously, is stable. This means that the neural network potentially
has a few equilibrium points that are the final states of the network. Starting
from any initial condition, the Neural Network converges to the nearest
equilibrium point. This property has been successfully used in
content-addressable memory or associative memory. In associative
memory, weights of the neural networks are chosen such that the stored
data become the equilibrium points of the network. Therefore, the network
acts like a content-addressable memory and returns the nearest stored data
to the input pattern.

The weights for a Signum Hopfield network can be designed as follows.
Let—1 and 1 be the allowed states for each neuron; a Hopfield network with
n neurons has 2" possible states. Let x;, where i = 1, 2, ...p, denote the
desired stable states; each x;is an n-vector with each element taking the
value —1 or 1. Then, the following equation defines the weights of the
Hopfield network:

W= (%)le—xir—(i—j)l (2-26)

where [ is an identity matrix. With this method, all thresholds are set to
Z€ro.

For example, let the stable states for a three-neuron Hopfield network be the
following:

_ T
x, = {1-1,1} 227

x, = {-L1,-1}"
Then, the weights of the Hopfield network can be set to the following:

W= %(xlel + xzsz) - %I

o022 (2-28)
=§—2 0
2 20

Any state other than the stable states will converge one of the stable states.
Stable states will remain unchanged.
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Neural Network Interface

The Neural Network Module Graphical User Interface (GUI) provides a
convenient and consistent environment for specification and design of
neural networks. The Neural Network Module has four windows:

*  Neural Network Block Editor

e Neural Network Parameter Editor

*  Neural Network Catalog

*  Neural Network Offline Trainer

The Neural Network Block Editor window is the first window that appears
when you run the Neural Network Module tool. This chapter describes how

to start the tool and how to use interface to complete certain tasks, such as
creating Neural Network blocks, editing block parameters, and training.

Starting and Quitting

To start the Neural Network Module tool, type the following command in
the Xmath Commands window:

nntool

The Neural Network Block Editor window appears as shown in
Figure 3-1.
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File Windows

rL‘ Neural Network Elock Editor

Neural Network Block

Nare : I“
Type: I_E_Sta‘ndard Procedure j
Inputs: 2+1=3
Dutputs: 1

Neural Network Model
Architecture: IENeurm j
fodel Ii:mear Neuron
Inputs: |“2

Hidden Neurons: I}{ i A

Dutput Neurons: I i

Learning Eunle: Gradient

Edit Par... |

Neural Metwork Learning

With Learning: v Yes  No

Method

Trainer. ..

Instantiate

Ready

/

Block Panel

Model Panel

Learning Panel

Figure 3-1. Neural Network Block Editor Window

This window has three panels—the Block Panel, the Model Panel, and the
Learning Panel. To exit the NNM tool, select File»Quit.

Create Neural Network Blocks

The process of creating a neural network block includes five steps:

1.
2.
3.

SystemBuild Neural Network Module

Specify block options.
Specify model options.

Specify learning options
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4. Specify parameters and parameter variables.

5. Instantiate.

These steps are explained in detail in the following sections.

Specify Block Options

All fields regarding block options are gathered in the Block Panel, which
is located on the top panel of the block editor as shown in Figure 3-1. The
only required field in this panel is Name. Notice that a neural network
block is actually a Procedure SuperBlock. The Neural Network Module
supports the following SuperBlock types:

e Standard Procedure (default)

e Inline Procedure

For a description of Procedure SuperBlocks, refer to the SystemBuild
User Guide.

The number of inputs and the number of outputs of the neural network
block are displayed in the Block Panel to the right of the Inputs and
Outputs fields. The number of outputs is always identical to the number of
output neurons. However, the number of inputs to a neural network block
depends on the following factors:

*  The number of inputs to the neural network model
*  The learning option

*  The type of learning rule (that is, supervised or unsupervised)

Due to the last two factors, a neural network block (SuperBlock) may have
one of the following components:

* A neural network model

* A neural network model with an unsupervised learning algorithm

* A neural network model with a supervised learning algorithm

For the first two cases, the neural network block has the same inputs and
outputs as the neural network model. For the third case, the inputs of the

neural network block are the inputs to the neural network model plus target
data items, which are of the same size as the model outputs.
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Specify Model Options

Information regarding the neural network model is specified in the Model
Panel—the middle panel of the Neural Network Block Editor as shown in
Figure 3-1. Fields in this panel are as follows:

¢ Architecture—The neural network architecture. Available choices are
as follows:

5

Neuron
One-Layer Network
Two-Layer Network

Recurrent Network

Note Inputs to a neural network are not counted as a layer.

e  Model—This field lists available neural network models for a given
neural network architecture. When the architecture is Neuron, for
example, the following models are available:

Linear Neuron
Threshold Neuron
Linear-Threshold Neuron

Sigmoid Neuron

where the first word in each of these models describes the activation
function (or output function) built into the model.

5

Note A threshold neuron is also known as a Perceptron.

When the architecture type is One-Layer Network, the following models
are available:

e Linear Layer
e Threshold Layer
e Linear-Threshold Layer

SystemBuild Neural Network Module

Sigmoid Layer
InStar Layer
OutStar Layer

Competitive Layer
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When the architecture type is Two-Layer Network, the possible
choices are as follows:

— Linear and Linear Network

— Sigmoid and Sigmoid Network
— Sigmoid and Linear Network
— RBFNN

When the architecture type is Recurrent Network, the possible choices
are as follows:

— Sigmoid Hopfield
—  Signum Hopfield
Inputs—Number of inputs to the neural network model.

Hidden Neurons—Number of hidden layer neurons. This field
displays N/A (for Not Applicable) if the neural network model does
not have a hidden layer.

Output Neurons—Number of output layer neurons. When the
architecture is Neuron, this field is fixed to one. When the architecture
is Recurrent Network, this field has the same value as the Inputs field;
whenever the value for Inputs or Outputs is changed, the other changes
accordingly.

Specify Learning Options

The learning option of a neural network block is set from the With
Learning checkbox in the Learning Panel shown in Figure 3-1. Notice the
following:

© National Instruments Corporation

Some neural network blocks, such as the Sigmoid Hopfield and
Signum Hopfield blocks, do not have a learning algorithm.

All other neural network blocks are equipped with one learning
algorithm, which is displayed in the Learning Rule field.

When the neural network model comes with a supervised learning
algorithm and With Learning is set to Yes, target data is required.

With the learning option set to Yes, weights of a neural network model
change as the simulation goes on. Furthermore, only the final weights
are available as Xmath variables at the end of the simulation.
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Specify Parameters and Parameter Variables

A neural network model and its learning algorithm are implemented as a
BlockScript block. Some of the block parameters of the BlockScript block
are used internally as static variables. Others, such as network weights and
learning options, are accessible by users. You can use the Neural Network
Parameter Editor shown in Figure 3-2 to specify default values and
parameter variables for these block parameters.

T Neural Network Parameter Editor K

Paraneter Size Default Value Paraneter Var PY Value

Hidden Layer Weights . Display... Im Display... |
Output Layer Weights | . Display... Im Display... |

Learning Rate ixi Ih:l leam rate Ir
Momentm Factor Lx1 I.fﬂ.s I,ilmmm I
Length of Epoch - |,1 I;lm_apud. I
Copy << J Copy >> I Cancel I Dome I

Figure 3-2. Neural Network Parameter Editor Window

To run the parameter editor, do one the following:

Click Edit Par in either the Neural Network Block Editor window,
as shown in Figure 3-1, or the Neural Network Offline Trainer
window, as shown in Figure 3-4.

Select Windows»Parameter Editor from the Neural Network Block
Editor window, as shown in Figure 3-1.

The Neural Network Parameter Editor window, as shown in Figure 3-2,
has five columns:

SystemBuild Neural Network Module

Parameter—The label of a block parameter

Size—The size (rows X columns) of the block parameter. The size for
a scalar parameter is displayed as (1 X 1).

Default Value—Displays the default value of a parameter, if it is a
scalar; otherwise, it provides a button that, when clicked, displays the
values of a parameter in the Xmath Log window.
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e Parameter Var—The name of the parameter variable.

* PV Value—For a scalar parameter, this field displays the value of the
parameter variable if the parameter variable is defined in the Xmath
Commands window; otherwise, this field is left blank. For a matrix or
vector parameter, a Display button appears in this field. When you
click the button, the value of the parameter displays in the Xmath
Commands window; otherwise, a message reports that the parameter
variable is not defined.

The Neural Network Parameter Editor window also has four buttons:

*  Copy <<—Replaces the default value of each parameter with the value
of the corresponding parameter variable, if the parameter variable is
defined in the Xmath workstation and its size matches that of the
parameter.

*  Copy >>—Copies the value of each parameter into the corresponding
parameter variable. If the parameter variable does not exist in the
Xmath Commands window, a new parameter is created.

*  Cancel—Closes the parameter editor and cancels all changes. Notice
that changes to the values of parameter variables are not recoverable.

*  Done—Closes the parameter editor and accepts the changes.

When using the Neural Network Parameter Editor, notice the following:
*  Default values for neural network weights are set at random.

e If a parameter variable is defined in the Xmath workspace, its value is
used in the simulation and the default parameter value is ignored.

* Itis the user’s responsibility to ensure that parameter variables are not
shared unintentionally by multiple neural network blocks.

* In addition to using the Copy << button, you can replace the default
parameter values by using the following Xmath script command:

updatepv NN_BLOCK_NAME

where NN_BLOCK_NAME is the name of a neural network block. Notice
that updatepv also can be used to update block parameters in other
blocks. To get more information about updatepv, type help
updatepv in the Xmath Command window.
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Instantiation

To instantiate a neural network block, complete the following steps:

1. Create a discrete-time SuperBlock or select a discrete-time
SuperBlock from the catalog of the SuperBlock Editor.

2. Click Instantiate in the Neural Network Block Editor window.
After you click Instantiate, the Neural Network Module tool does the
following:

*  Creates a neural network Procedure SuperBlock with the name
specified in the Name field

e If an active SuperBlock exists, creates a neural network block
(SuperBlock) that points to the above SuperBlock

For simulation considerations, refer to the Simulation Considerations
section.

Exporting and Importing Neural Network Models

You can export a neural network model in the following ways:

* Instantiate it as a neural network block in the SuperBlock Editor by
clicking Instantiate in the Neural Network Block Editor window.

¢ Copy it to the Xmath workspace by selecting File»Copy NN Model to
Xmath.

* Save it as an ASCII file by selecting FilexSave NN Model to File.

Similarly, you can retrieve a neural network model in the following
corresponding ways:

* Read it from the SuperBlock Editor by clicking . . . (the browse button)
in the Block Editor window. A Neural Network Catalog window,
as shown in Figure 3-3, appears and lists all neural network blocks
currently in the SystemBuild catalog. Click the neural network block
that you want to select, and then click Done.
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T Neural Network Catalog
Model :
Hopfield
Perceptron
Cancel 0E I
L.

Figure 3-3. Neural Network Catalog Window

Copy the selected block from the Xmath Commands window by
selecting File»Copy NN Model from Xmath.

Load the model to a file by selecting FilexLoad NN Model to File.
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Offline Training

A neural network model can be trained by the Neural Network Offline
Trainer as shown in Figure 3-4.

rL‘ Neural Network Offline Trainer

File Windows Options

- Browse Button
Training Source

Source Type: I_E_[lata File j
Data File: Iv _I =

Bmath Yarishis: Iv

Data Size: Iv

Training Options

Threshold: Ivl] .1 i

Max Iterations: |/100 i

Build | Edit Par...| Train |  apply |

Plot PI | Plot aN | it |

Figure 3-4. Neural Network Offline Trainer Window

The trainer is an integral part of the Neural Network Module tool. Before
you can start the training process, you must provide training data, which
can be saved either in a data file or an Xmath variable.

The number of columns in the training data depends on the type of learning
rule. Let n denote the number of model inputs and m denote the number of
model outputs.

e If the neural network model has a supervised learning algorithm, the
training data must have n + m columns; the first n columns hold input
data and the last m columns hold target data.

e If the neural network model has an unsupervised learning algorithm,
such as the competitive learning rule and the InStar learning rule, the
number of rows of the training data must be n. In other words, no target
data is required.
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After the training data is prepared, you can complete the offline training
process by completing the following steps:

1.

© National Instruments Corporation

Set up or retrieve a Neural Network model by using the Neural
Network Block Editor.

Click Trainer in the Block Editor window to invoke the Neural
Network Offline Trainer. The neural network model must have a name
before the Trainer can be opened.

Specify the type of training data by clicking either Data File or Xmath
Variable in the Source Type field.

If you clicked the Source Type of Data File, type the name of the
training data file in the Data File field. As an alternative, you can click
. . . (the browse button) on the right end of the Data File, and a File
Selection window appears.

If you clicked the Source Type of Xmath Variable, type the name of
the Xmath matrix variable that contains the training data. The variable
must reside in the main. partition.

If the learning rule is supervised, type the value of the desired threshold
in the Threshold field. The performance index (PI), which is defined
as the root-mean-squares of approximation errors, is evaluated against
the threshold.

Type the maximum number of iterations in the Max Iterations field.
Available training data is used once per iteration.

Examine training parameters, such as Learning Rate and Length of
Epoch, through the parameter editor. The parameter editor can be
invoked by clicking Edit Par.

Click Build to build a Training SuperBlock. The Training SuperBlock
could have the following components:

*  WaveForm Block—Generates training data as specified in the
training source, either a file or an Xmath matrix.

*  Neural Network Block—An underscore is added to the name of
the neural network block so that any change to this block will not
affect the original one directly.

*  Terminator Block—A BlockScript block that evaluates the
performance of approximation.

*  Stop Block—When this block is triggered by the Terminator
block, the training process stops.
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@ Note The Terminator Block and the Stop Block appear only when the learning rule is
supervised.

10. Click Train to start the training. The training stops when the number
of iterations has reached the specified maximum number or, if the
learning rule is supervised, when the performance index is less than the
threshold.

@ Note Ifthe neural network model is changed, or if training data items are changed, rebuild
the Training SuperBlock by clicking Build again. If applicable, you also may want to
change the parameter value or the parameter variable value of Length of Epoch to the
length of the training data or a fraction of it, so performance evaluation is more consistent.
For example, if the length (or rows) of the training data is 10, consider setting Length of
Epoch to 10 or 5, but not 7. Be aware that, for most neural network models with supervised
learning, neural network weights are updated at the end of each epoch while the
performance evaluation is made for each iteration.

Inspect Training Results

Users can inspect training results as follows:

*  Click Plot PI and the graph of performance index versus number of
iterations appears.

e Click Plot NN to plot the final output from the trained Neural Network
model, in solid lines, and the training data, in markers.

*  Final weights are saved as Xmath variables. For example, if the
parameter variable for hidden layer weights is W1, then the final values
for the hidden layer are saved as W1_. You can enter the variable name
in the Xmath Commands window to check the value.

Apply Training Results

You can apply satisfactory training results by completing the following
steps:

1. Click Apply.
2.  Click Quit.
3. Click Instantiate in the Block Editor window.
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Otherwise, click the Apply button if you want to keep the current status.
When you click Apply, values of final weights are copied into parameter
variables; therefore, the final weights can be used for further training.
You can do the following to improve training results:

*  Set a different learning rate.

» Set a different epoch length.

* Increase the maximum number of iterations.
*  Provide different training data.

*  Change the structure of the neural network model. For example, add
more neurons to the hidden layer.

* Try a different neural network model. For example, replace a Sigmoid
Neuron with a Linear Neuron or replace a Sigmoid plus Linear
Network with an RBFNN.

Simulation Considerations

Initmode Setting

The following sections describe the initialization mode for AutoCode
simulation and how to capture revised weights from a training simulation.

For consistency with AutoCode, the initmode keyword in SystemBuild
must be set equal to 0 whenever you are running with neural network
blocks and AutoCode generated code. Setting actiming = 1 has the
effect of setting initmode = 0.If initmode = 0, signal transients at
startup time are not suppressed. The default value for initmode is 3,
which invokes a series of block executions before startup, automatically
cleaning up startup transients.

Use of Vars = 2 Keyword Option

If the learning option is turned on, at the end of training the acquired
knowledge of a neural network is factored into the updated weights. Thus,
you need access to these weights. To provide such access, simulate your
designs with the vars = 2 keyword option.

During the simulation the updated weights are continually written into
variables with original names plus an appended underscore character;

for example, updated weights are stored in the myweight_ file as they are
derived from the myweight file.
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The vars keyword allows the final value of these updated weights to be
transferred to Xmath. The default partition for these weights is the main
partition unless a partition is specified when the original parameter is
named. For more details on the vars = 2 keyword option, refer to the
SystemBuild User Guide.
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Neural Network Blocks

The Neural Network Module is implemented as a set of SuperBlock blocks
under SystemBuild. Each block implements a neural network function,
most of which correspond to the algorithms explained in Chapter 2, Neural
Network Fundamentals. Most of the blocks also have the option to include
a learning algorithm. The available blocks are as follows:

e Neuron—Including Linear Neuron, Threshold Neuron,
Linear-Threshold Neuron, and Sigmoid Neuron

*  One-Layer Network—Including Linear Layer, Threshold Layer,
Linear-Threshold Layer, Sigmoid Layer, InStar Layer, OutStar Layer,
and Competitive Layer

*  Two-Layer Network—Including Linear and Linear Network,
Sigmoid and Sigmoid Network, Sigmoid and Linear Network,
and RBF and Linear Network

*  Recurrent Network—Including Sigmoid Hopfield and Signum
Hopfield

Neural Network Module blocks are implemented using the National
Instruments BlockScript language. For a complete description of the
BlockScript language, refer to the BlockScript User Guide. For
documentation on SuperBlocks, refer to the SystemBuild User Guide
or to the MATRIXx Help.

Number of Inputs to a Neural Network Block

The number of inputs to a neural network block depends on whether the
block is instantiated with a supervised learning algorithm or not. Without a
supervised learning algorithm, the inputs to a neural network block are the
same as the inputs of the neural network model. Otherwise, supervised
learning requires target inputs as well as data inputs, where the total
number of inputs to a network is calculated by adding the number of inputs
for the input layer to the number of target outputs. Users only need to
specify the number of inputs for the input layer. The Neural Network
Module uses this number and the number of outputs to deduce the number
of target inputs.
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As aresult, the neural network SuperBlocks instantiated with supervised
learning would automatically have a total number of inputs equal to the
number of input layer inputs plus the number of target inputs. The inputs to
the SuperBlock are arranged so that the neural network layer inputs come
first. For an illustration of Input Layer Inputs and Target Inputs, refer to
Figure 4-1. Notice that inputs to the single neuron block have three neural
network inputs and one target input.

is rete uper o pe erio pe ew nputs utputs n eign
op e& uper o 0.1 0. I rent
]
g S——
CoH—=t
£t —
oL
O—

Figure 4-1. Single Neuron Block with a Supervised Learning Algorithm

Block Reference

For a summary of the available block calls by category, refer to Table 4-1.

Table 4-1. Summary of Available Blocks

Block Name Description Section
Neuron
Linear Neuron A single neuron with a linear activation function. Neuron
Threshold Neuron A single neuron with a threshold activation Neuron
function.
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Table 4-1. Summary of Available Blocks (Continued)
Block Name Description Section
Linear-Threshold Neuron A single neuron with a linear-threshold activation Neuron
function.
Sigmoid Neuron A single neuron with a sigmoid activation Neuron

function.

One-Layer Network

Linear Layer

A one-layer neural network with a linear activation
function.

Single-Layer

Threshold Layer

A one-layer neural network with a threshold
activation function.

Single-Layer

Linear-Threshold Layer

A one-layer neural network with a linear-threshold
activation function.

Single-Layer

Sigmoid Layer A one-layer neural network with a sigmoid Single-Layer
activation function.

InStar Layer Trains a layer of linear neurons using the InStar InStar Layer
learning rule.

OutStar Layer Trains a layer of linear neurons using the OutStar OutStar
learning rule. Layer

Competitive Layer Defines a layer of neurons with a competitive Competitive
output layer. This neural network block can be Layer
embedded with the competitive learning algorithm
if it is instantiated with learning.

Two-Layer Network

Linear and Linear A two-layer neural network with a linear Two-Layer

Network activation function in both layers.

Sigmoid and Sigmoid A two-layer neural network with a sigmoid Two-Layer

Network activation function in both layers.

Sigmoid and Linear A two-layer neural network with a sigmoid Two-Layer

Network activation function in the hidden layer and a
linear activation function in the output layer.
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Table 4-1. Summary of Available Blocks (Continued)

Block Name

Description Section

RBFNN

This block defines a radial basis function neural RBFNN
network (RBFNN) with linear activation
functions. A learning algorithm is embedded if it is
instantiated with learning.

Recurrent Network

Sigmoid Hopfield Simulates a Hopfield neural network with sigmoid Sigmoid
activation functions. Hopfield,

Signum
Hopfield

Signum Hopfield Simulates a Hopfield neural network with signum Sigmoid
activation functions. Hopfield,

Signum

Hopfield

Block Parameters

Neuron

Each neural network block contains a BlockScript block. The parameters
of the BlockScript block are regarded as the parameters of the neural
network block. This chapter describes only those parameters that you can
change. Other unlisted block parameters are used as static variables and
their values cannot be changed by the user.

The name of a neural network block parameter may be different from
that shown in the Parameter Editor window. For example, the block
parameters EpochLength and LearnRate are shown as Length of Epoch
and Learn Rate, respectively. However, with the explanation given under
each block parameter, users can identify the corresponding fields in the
Parameter Editor window.

The neuron block includes the Linear Neuron, the Threshold Neuron, the
Linear-Threshold Neuron, and the Sigmoid Neuron algorithms.

Purpose This block defines a single neuron. A learning algorithm
is embedded in the neuron if the neuron is instantiated
with learning.
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u: (vector)

The input vector to the single neuron is as follows:

u = [ul U, ... u,J 4-1)

where u; is the jth input. Neuron inputs take the first n
input pins of the neural network block.

t: (scalar)

The target ¢ takes the last input pin of the single neuron
block. This parameter appears only if the neuron is
instantiated with learning.

y: (scalar)

The neuron output.

W: (vector)

Weights and a threshold (or bias) are as follows:

W= W, W, .. W, 6] (4-2)

where Wj; is the weight of the connection between the
neuron and the jth input, n is the number of neuron
inputs, and 0, is the threshold of the neuron. If
instantiated with a learning algorithm, the values

of W change at the end of each epoch.

LearnRate: (scalar)

The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its
typical value is between 0 and 1.

Momentum: (scalar)

The momentum factor. This parameter is available only
if the neural network block is instantiated with learning.
Its typical value is 0.9.
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EpochLength: (scalar)

The length of epoch. This parameter is available only if
the neural network block is instantiated with learning.
The weights and the threshold are updated at the end of
each epoch. EpochLength is usually chosen to be the
length of the training data set.

Remarks

Single-Layer

The activation function type is indicated by the first word in the name
of the single neuron block. For example, Sigmoid Neuron is a neuron
with the sigmoid activation function.

If learning is enabled, the Widrow-Hoff learning algorithm (or the
Least Mean Squares method) is applied to Linear Neurons and
Sigmoid Neurons; the Perceptron learning rule is applied to Threshold
Neurons and Linear-Threshold Neurons.

If learning is enabled and vars = 2 is used as a sim keyword, the
final values of W are written into the Xmath Commands window after
simulation.

The layer block includes the Linear Layer, the Threshold Layer, the
Linear-Threshold Layer, and the Sigmoid Layer single-layer neural

networks.

Purpose This block defines a one-layer neural network.
A learning algorithm is embedded in the neural network
if it is instantiated with learning.

Input u: (vector)

SystemBuild Neural Network Module

The inputs to the one-layer neural network are as
follows:

u=[u uy ... u,l 4-3)

where u; is the jth input. Network inputs take the first
n input pins of the neural network block.
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t: (vector)

The target is expressed as follows:
t=1t t, ... 1,] (4-4)

where ¢, is the i th target and m is the number of neurons
(or outputs) of the one-layer neural network. Target data
takes the last m input pins of the neural network block.
Target inputs are required only if the neural network
block is instantiated with learning.

y: (vector)

The neuron outputs the following:
y=0D v o vl (4-5)

where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2,..., m).

W: (matrix)

Weights and corresponding thresholds (or biases) are as
follows:

Wll W12 “ee Wln el

| — Wy Wy ..o Wy, 6,

(4-6)
Wi Woa oo Won 0,

where W;; is the weight of the connection between the

ith neuron and the jth input, and 0; is the threshold of the

ith neuron. If instantiated with a learning algorithm, the

values of W change at the end of each epoch.

LearnRate: (scalar)

The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its
value is typically between O and 1.
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Momentum: (scalar)

The momentum factor. This parameter is available only
if the neural network block is instantiated with learning.
Its typical value is 0.9.

EpochLength: (scalar)

The length of epoch. This parameter is available only if
the neural network block is instantiated with learning.
The weights and the threshold are updated at the end of
each epoch. EpochLength is usually chosen to be the
length of the training data set.

Remarks

e The activation function type is indicated by the first word in the name
of the neural network block. For example, a Sigmoid Layer block is a
layer of neurons with sigmoid activation functions.

* Iflearning is enabled, the Widrow-Hoff learning algorithm (or the
Least Mean Squares method) is applied to Linear Layer and Sigmoid
Layer; the Perceptron learning rule is applied to Threshold Layer and
Linear-Threshold Layer.

e Iflearning is enabled and vars = 2 is used as a sim keyword, the
final values of W are written into the Xmath Commands window after

simulation.
InStar Layer

Purpose This block defines a layer of neurons. This neural
network block can be embedded with the InStar learning
algorithm if it is instantiated with learning. With the
learning algorithm, each neuron can learn an input
pattern.

Input u: (vector)

The inputs to the neural network are as follows:

u = [uguy...u,l 4-7)
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Output y: (vector)
The neural network outputs are as follows:
= yaevnl (4-8)
where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2,..., m).
Parameters W: (matrix)
Weights are as follows:
Wl 1 le e Wl n
W — W21 W22 e Wzn (4_9)
Wi Wia oo Wi
where W;;is the weight of the connection between the ith
neuron and the jth input.
LearnRate: (scalar)
The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its
value is typically between 0 and 1.
Remarks

© National Instruments Corporation

The activation function of an InStar Layer is linear and no bias is
applied to each neuron:

y; = ZWijuj, i=1,2,...,m (4-10)
j=1

The InStar learning algorithm is an unsupervised. Therefore, no target

data is required.

If learning is enabled and vars = 2 is used as a sim keyword, the
final values of W are written into the Xmath Commands window after
simulation.

The InStar learning algorithm is shown in Equation 2-22.
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OutStar Layer

Purpose

Input

Output

SystemBuild Neural Network Module

This block defines a layer of neurons. This neural
network block may be embedded with the OutStar
learning algorithm if it is instantiated with learning. With
the learning algorithm, the OutStar Layer is able to learn
output patterns.

u: (vector)

The inputs to the neural network have the following
form:

u = [uu,...u,l (4-11)

where u; is the jth input and n is the number of inputs.
Neural network inputs take the first # input pins of the
neural network block.

t: (vector)
The target is defined as follows:

t=[tty...1,] (4-12)

where ¢, is the ith target and m is the number of neurons
(or outputs) of the one-layer neural network. Target data
takes the last m input pins of the neural network block.
Target inputs are required only if the neural network
block is instantiated with learning.

y: (vector)
The output vector has the following form:
V=l (4-13)

where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2, ..., m).
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W: (matrix)
Weights of neurons are as follows:

W, Wy ... W,

W — W21 W22 cee Wzn

n

W Woy . W,

mn

Neural Network Blocks

(4-14)

where W;;is the weight of the connection between the ith

neuron and the jth input.

LearnRate: (scalar)

The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its

value is typically between 0 and 1.

*  The activation function of an OutStar Layer is linear and no bias is
applied to each neuron:

n
y; = ZWijuj’ (l = 1,2, ,m)

Jj=1

(4-15)

» Iflearning is enabled and vars = 2 isused as a sim option for sim,
the final values of W are written into the Xmath Commands window
after simulation.

*  The OutStar learning rule is shown as Equation 2-21.

Competitive Layer

Purpose

© National Instruments Corporation

This block defines a layer of neurons with a competitive
output layer. This neural network block may be
embedded with the competitive learning algorithm if it is
instantiated with learning. With the learning algorithm, a
Competitive Layer works like a K-means method. At the
end of learning, the density distribution of the weight
vectors will be similar to that of input data.

4-11 SystemBuild Neural Network Module



Chapter 4

Neural Network Blocks

Input

Output

Parameters

SystemBuild Neural Network Module

u: (vector)

The inputs to the neural network have the following
form:

u = [uu,...u,l (4-16)

where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2, ..., m).

y: (vector)
The output vector has the following form:
Y=yl 4-17)

where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2, ..., m).

here y; is the jth output and m is the number of outputs.
W: (matrix)

Weights of neurons are as follows:

Wll W12 e Wln
W — W21 W22 cee Wzn (4—18)
Wml Wm2 Wmn

where W;; is the weight of the connection between the ith
neuron and the jth input.

LearnRate: (scalar)

The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its
value is typically between 0 and 1.
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Remarks

Two-Layer

The competitive learning algorithm is an unsupervised algorithm.
Therefore, no target data is required.

Given the weight vector, { W;;, Wp,..., W,,}, the neuron has the shortest
distance to the input is the winner.

The output of the winner is 1; the output of any other neuron is 0.
If learning is enabled, only the weights of the winner will be tuned.

If learning is enabled and vars = 2 is used as a keyword option for
sim, the final values of W are written into the Xmath Commands
window after simulation.

The two-layer block includes the Linear and Linear Network, Sigmoid and
Sigmoid Network, and Sigmoid and Linear Network algorithms.

Purpose This block defines a two-layer neural network.

A learning algorithm is embedded in the neural network
if it is instantiated with learning.

Input u: (vector)

© National Instruments Corporation

The inputs to the two-layer neural network are as
follows:

u=[u u, ... u,] 4-19)

where u; is the jth input. Network inputs take the first n
input pins of the neural network block.

t: (vector)
The target is expressed as follows:

t=1[t, ty ... t,] (4-20)

where t; is the ith target and m is the number of output
neurons. Target data takes the last m input pins of the
neural network block. Target inputs are required only if
the neural network block is instantiated with learning.
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Output

Parameters
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y: (vector)

The neural network outputs the following:
y=ye e vl 4-21)

where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2, ...m).

W1: (matrix)

The hidden layer weights and thresholds (or biases) are
as follows:

Wi, Wi, ... W1, 01,

w1 = | Wl Wiy o W1y, 81,

(4-22)
Wi, Wi, ..wl, 61,
where W1, is the weight of the connection between the

kth neuron and the jth input, and 61, is the threshold of
the kth hidden layer neuron.

W2: (matrix)

The hidden layer weights and thresholds (or biases) are
as follows:

W2, W2y, ... W2y, 62,

W2y W2y, ... W2y, 02,

w2 = (4-23)

W2, W2,, ... w2,,02,
where W2;; is the weight of the connection between the
kth hidden neuron and the jth hidden neuron, and 62, is

the threshold of the kth output neuron.
LearnRate: (scalar)

The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its
value is typically between 0 and 1.
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Momentum: (scalar)

The momentum factor. This parameter is available only
if the neural network block is instantiated with learning.
Its typical value is 0.9.

EpochLength: (scalar)

The length of epoch. This parameter is available only if
the neural network block is instantiated with learning.
The weights and thresholds are updated at the end of
each epoch. EpochLength is usually chosen to be the
length of the training data set.

The activation function type is indicated by the name of the neural
network block. For example, the Sigmoid and Linear Network name
indicates that sigmoid activation functions are used for the hidden
layer and linear activation functions are used for the output layer.

If learning is enabled, the learning algorithm for each neural network
block is the back-propagation algorithm.

If learning is embedded and vars = 2 is used as a sim keyword, the
final values of W are written into the Xmath Commands window after
simulation.

Purpose This block trains a Radial Basis Function Neural

Network (RBFNN) to learn a set of patterns. For
RBFNN, a learning algorithm is embedded in the neural
network if it is instantiated with learning.

Input u: (vector)

© National Instruments Corporation

The inputs to the one-layer neural network are as
follows:

u=[u uy, ... u,l (4-24)

where u; is the jth input. Network inputs take the first n
input pins of the neural network block.
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t: (vector)

The target is expressed as follows:
t=1[t t, ... t,] (4-25)

where ¢, is the ith target and m is the number of output
neurons. Target data takes the last m input pins of the
neural network block. Target inputs are required only if
the neural network block is instantiated with learning.

y: (vector)

The neural network outputs the following:
y=oyae vl (4-26)

where y; is the output of the ith output neuron and m is
the number of neurons (i =1, 2, ..., m).

W1: (matrix)

The hidden layer weights are as follows:

Wi, Wi, ... W1,

Wiy Wiy ... W1,

w1l = 4-27)

Wi, Wi, ... w1,
where W1y, is the weight of the connection between the
kth radial basis function (RBF) and the jth input. Notice

that no thresholds (or biases) are applied to radial basis
functions.

W2: (matrix)
The output layer weights are as follows:

W2y W2y ... W2y,

W2y W2y ... W2y,

w2 = (4-28)

W2y W2,y oo W2,
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where W2 is the weight of the connection between the
ith output neuron and the kth radial basis function.

C: (matrix)

The radial basis functions have the following centers:

Cll C12 e Cln
C - C21 C22 e Czn (4_29)
Cp Cpy .. Gy,

where the kth row, {C;Cy,...Cy,}, is the center of the
kth radial basis function.

LearnRate: (scalar)

The learning rate. This parameter is available only if the
neural network block is instantiated with learning. Its
value is typically between O and 1. The adjustments of
RBF centers are not affected by the learning rate.

EpochLength: (scalar)

The length of epoch. This parameter is available only if
the neural network block is instantiated with learning.
The weights and RBF centers are updated at the end of
each epoch. EpochLength is usually chosen to be the
length of the training data set.

Remarks

© National Instruments Corporation

The hidden layer of an RBFNN is composed of radial basis functions
and the output layer is composed of neurons with linear activation
functions.

If learning is enabled, the Normalized Least Mean Square (NLMS)
method will be used to adjust the output weights (W2).

Hidden layer weights (W1) and RBF centers (C) will not be changed

during learning. Instead the user can either set values intuitively (for

example, by observing the distribution of the training data) or by use

of the kmean ( ) and rbfradius ( ) MathScript functions that come
with the NNM distribution.
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* Iflearning is embedded and vars = 2 is used as a sim keyword, the
final values of W1, W2, and C are written into the Xmath Commands
window after simulation.

Sigmoid Hopfield, Signum Hopfield

Purpose

Input

Output

Parameters

SystemBuild Neural Network Module

This block simulates a Hopfield Neural Network.
u: (vector)

The inputs to the one-layer neural network are as
follows:

u=[u u ... u,l (4-30)

where 7 is the number of neurons. The number of inputs
is the same as the number of outputs.

y: (vector)

The neural network outputs the following:
y=W yy ol (4-31)

where 7 is the number of neurons. The number of inputs
is the same as the number of outputs.

W1: (matrix)

The hidden layer weights and thresholds (or biases) are
as follows:

Wi, Wi, ... W1,, 8,

Wiy Wi, ... Wl,, 0,

w1l = (4-32)

Wi, Wi, ... W1, 8,

where W;; is the weight of the connection between the ith
neuron and the jth neuron, and Oj is the threshold of the
Jjth neuron.
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EpochLength: (scalar)

The length of epoch. This parameter is available only if
the neural network block is instantiated with learning.
The weights and thresholds are updated at the end of
each epoch. EpochLength is usually chosen to be the
length of the training data set.

Remarks

© National Instruments Corporation

For the definition of Hopfield networks, refer to the Recurrent Neural
Networks section of Chapter 2, Neural Network Fundamentals.

The Sigmoid Hopfield network has sigmoid activation functions and
the Signum Hopfield network has signum activation functions.

Hopfield networks do not have a learning rule available.
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This chapter provides examples on how to create and train different neural
network models. This includes the following examples:

* Linear Neuron
* RBFNN
*  Signum Hopfield Network

Example: Linear Neuron

This example shows how to create a Linear Neuron block with one input
and one output. It also shows how to train this neuron offline so that it can
approximate a line in two-dimensional space. The basic process for this
example is as follows:

1. Create training data.

2. Set up a Linear Neuron model.
3. Train the Linear Neuron model.
4

Instantiate the Linear Neuron block.

Create Training Data

The training data set chosen for this example is a noisy line, which can be
generated with the following Xmath commands:

m = -0.8;

c =0.2;

u = [-1:0.2:11";

noise = 0.3 * (rand(u) - 0.5);
yvd =m * u + ¢ + noise;

1inll = [u,yd];

where m is the slope, c is an offset, noise is uniform white noise, yd is the
target (or the desired output) of the linear neuron, and 1in11 is the training
data set, which has a column of input data and a column of target data.
Alternatively, users can type the following MathScript command to
generate the same training data set:

maketrd "linll";
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This command generates a variable called main.1inl1 in the Xmath
Commands window.

Set Up a Linear Neuron Model

To set up a Linear Neuron block, complete the following steps:

1.

SANEAE S

Launch the Neural Network Module tool by typing nntool in the
Xmath Commands window.

In the Name field, type a name— for example, nn1.
Select Type»Standard Procedure.

Select Architecture»Neuron.

Select Model»Linear Neuron.

In the Inputs field, type 1. A Linear Neuron does not have any hidden
layers and the number of outputs is fixed to 1.

Train the Linear Neuron Model Offline

To train the Linear Neuron model offline, complete the following steps:

1.

®© NNk WD

10.

SystemBuild Neural Network Module

In the Neural Network Block Editor window, click the Trainer
button.

For the Source Type field, select Xmath Variable.

In the Xmath Variable field, type in 1in11.

In the Threshold field, type in 0. 1.

In the Max Iterations field, type in 100.

Click Build to create a Linear Neuron model for training.

Click Edit Par.

In the Parameter Editor window, complete the following steps:

a. Set Learning Rate to 0.3 by changing either the default value or
the parameter variable (PV) value. If PV is defined, the default
value is ignored.

b. Set Momentum Factor to 0.9.

c. Set Length of Epoch to 11.

d. Click Done to validate these changes.
Click Train to start the training.

Click Plot PI to plot the performance index versus the number of
iterations. The results are shown in Figure 5-1.
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Figure 5-1. Performance Index versus Number of Iterations

11. Click Plot NN to plot the target data and the final output from the
neural network block. The results are shown in Figure 5-2.

T E : ! g :
: : * Training Data ]
Final NN Output

0.5 [

CutputfTarget

Data Index

Figure 5-2. Target Data and Final Output from the Linear Neuron

12. Click Apply so that the neuron weight matrix in the memory and in the
Xmath Commands window are updated.

13. Click Quit to close the Offline Trainer window.
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Instantiate a Neural Network Block

To create a Linear Neuron block, complete the following steps:

1. Select or create a discrete-time SuperBlock and make it the active
SuperBlock.

2. Click No for With Learning in the Neural Network Block Editor
window.

3. Click Instantiate.

Example: RBFNN

This section explains how to create a Radial Basis Function Neural
Network (RBFNN) to fit data sampled from a sinc ( ) function. The basic
process for this example is as follows:

1. Create training data.
2. Set up an RBFNN model.
3. Train the RBFNN model.

Create Training Data

The function used for generating the training data is defined as follows:

_ sin(8x +¢€) )
Sx) = “8rie (5-1)

This function is also known as a sinc function. Training data based on this
function can be generated easily by running the following MathScript
function:

maketrd "sincll"
This function creates an Xmath variable called sinc11, where 11 indicates

that the training data is for a model having one input and one output. A plot
of the sinc11 variable is shown in Figure 5-3.
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Figure 5-3. Training Data for a RBFNN Model

Set Up an RBFNN Model

To set up the RBFNN model, complete the following steps:

1. If the Neural Network Module is not running, open it by typing
nntool in the Xmath Commands window.

In the Name field, type rbfnn.

Select Type»Standard Procedure.

Select Architecture»Two-Layer Network.
Select Model»RBFNN.

In the Inputs field, type 1.

In the Hidden Neurons field, type 10.

i N

In the Outputs field, type 1.

Train an RBFNN Model

1. Click Trainer from the Neural Network Block Editor window. This
brings up the Neural Network Offline Trainer window.

In the Source Type field, click Xmath Variable.
In the Xmath Variable field, type sincl1.

In the Threshold field, type 0.01.

In the Max Iterations field, type 100.

A
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6. Click Build. A dialog box appears asking you if you want to update
RBF centers and standard deviations. Click Yes.

7. Click Edit Par and set the Learning Rate to 0. 8 and Length of
Epoch to 1.

8. Click Train to start the training. When the training is finished, a dialog
box will appear showing the final performance index and the number
of iterations used.

9. Click Plot PI to plot the history of the performance index.
10. Click Plot NN to plot the final output of the neural network model as

well as the training data.

A plot of the final output is shown in Figure 5-4.
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Figure 5-4. Training Data for an RBFNN Model

Example: Signum Hopfield Network

In this example we show how to create a Signum Hopfield Network for
pattern recognition. The basic process for this example is as follows:

1. Specify a problem.
2. Setup a Signum Hopfield Network model.
3. Verify it using the Offline Trainer.
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Problem Specification

The goal of the problem is the create a Signum Hopfield Network to
recognize the patterns 0 and 1 shown in Figure 5-5.

o0 e e O o080 0
O3 INGINGN O BN IO
O e 00 @ o080 0
O BGOSR SINOTN NGNS
O e 00 e o080 0
O BGOSR SINOTN NGNS
o0 e e O o 8 8 O

Fatterm "0 Fattern "1"

Figure 5-5. Two Patterns to be Recognized by a Signum Hopfield Network

Each pattern has 7 rows and 5 columns. Therefore, we need to create a
Hopfield Network having 35 neurons. Each neuron has two possible states:
—1 indicates an empty cell and +1 indicates a filled cell. Furthermore, there
must be a one-on-one mapping between pattern cells to neurons. One
possible solution is to number neurons from 1 to 35 then the associate the
cell on the ith row and jth column with neuron number (i — 1) * 5 + j. The
two stable states can be denoted as the following:

x1 =1[-1, -1, +1, +1, -1,
-1, +1, -1, -1, +1,
-1, +1, -1, -1, +1,
-1, +1, -1, -1, +1,
-1, +1, -1, -1, +1,
-1, +1, -1, -1, +1,
-1, -1, +1, +1, -11';

x2 =[ -1, -1, +1, -1, -1,
-1, +1, +1, -1, -1,
-1, -1, +1, -1, -1,
-1, -1, +1, -1, -1,
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-1, -1, +1, -1, -1,
-1, -1, +1, -1, -1,
-1, +1, +1, +1, -1]1';

After we have the stable vectors, the desired network weights can be
calculated as:

Wl = (x1*x1’ +x2*x2')/3 - (2/3)*eye(35,35);

You also can use the following MathScript to generate the weight matrix:

maketrd "hop7x5"

which creates an Xmath variable called main.w1. In addition,

maketrd( ) also creates an Xmath variable main.hop7x5, which is a
row vector has 35 elements representing a randomly generated pattern. This
pattern can be displayed by running the following MathScript command:

hoppattern hop7x5, 7, 5

You will use main.hop7x5 later to test the Hopfield Network.

Set Up a Signum Hopfield Network Model

To set up a Signum Hopfield Network model, complete the following steps:

1. If the Neural Network Module is not running, open it by typing
nntool in the Xmath Commands window.

In the Name field, type hopfield, or any other name.
Select Architecture»Recursive Network.

Select Model»Signum Hopfield.

AR

In the Inputs field, type 35, and then type Return. The Outputs field
will be updated automatically.

Verification by Using the Offline Trainer

1. Click Trainer in the Neural Network Block Editor window. This
opens the Neural Network Offline Trainer window.

2. In the Source Type field, click Xmath Variable.
In the Xmath Variable field, type hop7x5.

4. In the Max Iterations field, type 3. The Threshold field will be
ignored.

5. Click Build. A dialog box appears asking you if you want to update
RBF centers and standard deviations. Click Yes.
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6. Click Edit Par. Set Length of Epoch to 3 and assert that the parameter
variable for Weights is w1. Click Done in the Parameter Editor
window to validate the changes.

7. Click Train to start the testing.

Even though you are using the Offline Training, there is no actual training.
The weights of the Hopfield network are fixed during the simulation
process. For this case, the Offline Trainer simply provide a testing
environment. Results of the testing can be displayed by typing the
following MathScript command:

hoppattern _nntool.y, 7, 5

where _nntool .y is the Xmath variable used to save the simulation
output.

Pattern 1
e e
e
e ee
e e
ee
e e
e
Pattern 2
ee

D ® ® ® ®
D ® ® ® ®

ee
Pattern 3
ee

D ® ® ® ®
D ® ® ® ®

ee
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Pattern 1 is a distorted pattern fed in to the Hopfield network. After one
sample period, the Hopfield network restores the pattern to 0, which is a
stable pattern. A stable pattern will remain stable, as shown in Pattern 3.
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Technical Support and
Professional Services

Visit the following sections of the National Instruments Web site at
ni.com for technical support and professional services:

Support—Online technical support resources at ni . com/support
include the following:

Self-Help Resources—For answers and solutions, visit the
award-winning National Instruments Web site for software drivers
and updates, a searchable KnowledgeBase, product manuals,
step-by-step troubleshooting wizards, thousands of example
programs, tutorials, application notes, instrument drivers, and

SO on.

Free Technical Support—All registered users receive free Basic
Service, which includes access to hundreds of Application
Engineers worldwide in the NI Discussion Forums at
ni.com/forums. National Instruments Application Engineers
make sure every question receives an answer.

For information about other technical support options in your
area, visit ni.com/services or contact your local office at

ni.com/contact.

Training and Certification—Visit ni . com/training for
self-paced training, eLearning virtual classrooms, interactive CDs,
and Certification program information. You also can register for
instructor-led, hands-on courses at locations around the world.

System Integration—If you have time constraints, limited in-house
technical resources, or other project challenges, National Instruments
Alliance Partner members can help. To learn more, call your local
NI office or visit ni.com/alliance.

If you searched ni . com and could not find the answers you need, contact
your local office or NI corporate headquarters. Phone numbers for our
worldwide offices are listed at the front of this manual. You also can visit
the Worldwide Offices section of ni.com/niglobal to access the branch
office Web sites, which provide up-to-date contact information, support
phone numbers, email addresses, and current events.
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Glossary

A

associative memory

back-propagation

C

competitive learning

data flow

F

feedforward neural
network

© National Instruments Corporation G-1

Neural networks with associative learning and retrieval of information are
usually referred to as associative (neural) memories.

An algorithm that has been used, based on evaluating the error at the output
and propagating it back to the previous layers in order to correct the weights
of the hidden layers.

Based on competition between neurons through inhibitory connections, the
neuron that is the winner of the competition will have its weights reinforced
while the weights of all other neurons are left unchanged or decreased.
Competitive learning is utilized in networks such as the Kohonen Neural
Networks.

A channel between processes where data can flow. Also referred to as a
connection.

Consists of several layers of neurons transforming the input signals to the
output pattern. Frequently used in pattern recognition, classification, and
clustering applications.

SystemBuild Neural Network Module



Glossary

neural network

NLMS

NMRAS

P

Perceptron learning
rule

R

RBF

RBFNN

recurrent networks

S

supervised learning
process

u

unsupervised learning

process

A parallel computing architecture (or a computational model) involving a
network topology that can be described in terms of its analogy to a directed,
weighted graph.

Normalized Least Mean Square method.

Neural Model Reference Adaptive Control Systems.

The learning rule originally created for Perceptrons.

Radial Basis Function.

Radial Basis Function Neural Network. A class of neural network capable
of accurate function approximation.

Dynamic networks with feedback signals from output to input neurons;
mostly used in pattern recognition.

When the target or desired output patterns are available during a training
session. In the absence of target output patterns, the learning process is
said to be unsupervised, and some other indirect measure of network
performance is applied throughout the training session.

When the target or desired output patterns are not available during the
training session. In this case, some other indirect measure of network
performance is applied throughout the training session.
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X

Xmath workspace A working space used to store Xmath partitions and variables. The contents
of the workspace can be displayed by using the Xmath command who.
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learning algorithm, 2-11, 4-8
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KnowledgeBase, A-1
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L

learning
algorithms, 2-5
defined, 1-2
Learning Panel, 3-5
LearnRate parameter, 4-8, 4-11, 4-12, 4-17
Linear and Linear Network, 4-13
Linear Layer, 4-6, 4-13
Linear Neuron, 4-4, 5-1
Linear-Threshold Layer, 4-6, 4-13
Linear-Threshold Neuron, 4-4

Model Panel, 3-4

National Instruments support and services,
A-1
network topology, 1-2, G-2
Neural Model Reference Adaptive Control
Systems (NMRAS), 1-3
Neural Network
Block Editor, 3-1
Catalog, 3-8
examples, 5-1
Graphical User Interface, 3-1
models, 1-1
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Module (NNM), 1-1

Offline Trainer, 3-10

Parameter Editor, 3-6
Neural Networks, in SystemBuild, 1-3
NI support and services, A-1
nntool, 3-1

0

Oneneuron block, 4-4
output layer (neural network), 2-6
OutStar
block, 4-10
layer, 4-10
learning algorithm, 2-11
learning rule, 4-10
Network, 2-11

P

Perceptron learning rule, 2-4
programming examples (NI resources), A-1

R

radial basis function (RBF), 4-16

Radial Basis Function Neural Network block
(RBENN), 1-3, 4-15

RBFNN, 4-15

recurrent neural network, 1-2, 2-12

S

Sigmoid and Linear Network, 4-13
Sigmoid and Sigmoid Network, 4-13
Sigmoid Hopfield, 4-18

Sigmoid Layer, 4-6, 4-13

Sigmoid Neuron, 4-4

Signum Hopfield, 4-18

single neurons, 2-1

software (NI resources), A-1
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starting the NNM, 3-1
supervised training, 1-2, G-2
support, technical, A-1

T

technical support, A-1
Threshold Layer, 4-6, 4-13
Threshold Neuron, 4-4
training
process, 1-2
supervised, 1-2
unsupervised, 1-2
training and certification (NI resources), A-1
troubleshooting (NI resources), A-1
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u

unsupervised training, 1-2, G-2

v

vars = 2 keyword option, 1-4, 3-13

W

Web resources, A-1

X

Xmath Commands window, 4-6
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