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Abstract: The backpropagation algorithm and its modifications are frequently used
approaches for feed-forward neural networks training. It is shown in the present paper how
generalized net model [1,2] of pure backpropagation algorithm can be constructed. The basic
idea of this model is to be used as frame in which, with minor changes different algorithm
definitions can be introduced, tested and compared.
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81. Introduction

The idea for describing different areas of artificial intelligence by means of common
formalism dates back form early nineteens [3]. In [4] an universal generalized net model of
neural network was defined. Unlike that general model here we shall focus our attention on
training algorithm implementation.

82. A generalized net model of backpropagation algorithm

The separate neurons of the neural net are represented by « tokens. They enter the net
trough place [; with the initial characteristic

(NNI,LI,SL#),

where:

N NI is Neural Network Identifier,

L1 is identifier of the neuron layer in the network,
ST is Self Identifier of the Neuron,

f = f(net,\)is a neuron activation function;

| L
Zy =<Al, b}, {la, s}, L | Wia Wis V(i) >,
ly | Woo Wos
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where
W12 = ~W; 3 = “if there is only one «; token with given LI”, i.e.,

V(e € Kiy)(praXao # praXoo, j # 1)

where K, is the subset of tokens that are currently in place [,
W9 = “if there are more than one token a with one and the same LI”, i.e.,

Iy € K, &a € Kl2)<pT2Xa? = prgXag_))

K, is the subset of tokens that are currently in place I,(p = 1,2, ..., | Ky, ]),
W3 = “if all o tokens form a given layer is combined into one token LI” i.e.,

—3(qi € Ky &ay € Ko, ) (praXoo = praXao)

&I (i € Ky &y € K, ) (praXoo = praXao, i # j)

When enter in place Il all a tokens form one and the same layer unite into one single
token. Token « obtains the characteristic

(NNI, LI, (SIy,5@,, ..., SL.), (f1, far s fu))

in place [y and I3, where n is the number of neurons in layer LI.
Token [ with the initial characteristic ”performance index E of the neural net” and its
threshold value F,,,., i.e.,
(NNI,E, Epaz)

enters place my, where N NI again is Neural Network Identifier.
‘ l4 mo

Zy =< A{lg,mi},{ls,ma}, I3 | true false ,A(ls,my) > .
my | false true

Token o obtains as new characteristic in place 4
(NNI, LI, (SI,SIs,...,S1,), {f1, fo, s fu), W)

where W is the is the initialized matrix of weights between neurons of layer LI and layers
LI —1 and LI + 1. The 3 token obtains characteristic

<NN[7 07 Ema:r>7

in place ms.
Tokens -y, enter place n; with initial characteristic

<Xp(0)a Dp>p>a

where X,(0) is the inputs vector of the neural network and D,, is the vector of desired network
outputs,and p,p = 1,2, ..., P is the number of training patterns.
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Next transition describes the process of signal propagation within the neural network.
After the pattern p is applied to the network inputs X,(0) the outputs of all layers are
calculated subsequently layer by layer.

ls lg ms T2
ly | Was Wae false false
ls | Wss  Wse false false

Zg =< {l4,l5,l9,m2,m7,n1},{l5,l@,m3,n2}, lg Wg75 W976 false false y
mo | false false true false
my | false false true false
ny | false false false Wi,

)

/\(\/(l47 l57 l9)7 \/(m27 m7)7 nl) >7

where
Wys = Wss5 =Wy5 = “Previous layer do not have defined outputs”
Wye=Wse=Wog=-Wys.

Wi o = “All layers outputs have assigned values for the current pattern”.
Z Z3 Zg
\ 2 Y l5 v l9
Z T Z Z
Iy lf3\ ; lf“\ lg Ll > ho
my mo ms my ms me
(Y

O n®)

ni

—

All tokens from a-type obtain the characteristic

(NNI,LI,{(SI,SIs,...,SL.), {f1, fo, - fn), W, X))

where X is the vector of outputs of neurons of LI-th layer in place 5 they obtain no new
characteristic and in place lg,characteristic with calculated neuron outputs of the layer

(NNI,LI,{(SI,SIs,....SL.), {f1, fa, s, ), W, X))

where X’ are the new values of outputs.
(-token obtain no new characteristic in place ms3 and transferred + token preserve its
characteristic

(X5(0), Dy, p),

in place nq, where

Xp = {l’p717 ZL’p72, ceey xij(O)}ande = {dp,la dp,27 ceey dij(O)}.

34



Transition

‘ l7 My
Zy =< {ls,ms},{lz,ms}, lg | true false ,A(l3,m) >
ms | false true

describes the first stage of estimation and weight adjustment process related to the perfor-

mance index computation. As a result of this computation the 3 token obtain the new value
of performance index estimation

(NNI,FE' Enaz)

in place mg, where
) | M)
E'=proXepti+ 5 20 (dyy = 2pm)°
j=1

.« tokens obtain no new characteristic in place [;.
In the next transition

‘ ls ms
Zs =< {l7,mq}, {ls,ms}, Iz | true false ,N(lz,m3) >
my | false true

delta factors between desired and obtained network outputs for each layer LI are computed.
Tokens « obtain the characteristic

(NNI,LI,(SI,S15,....51,), {f1, fa, ey fu), W, X, AA,)

in place [g and token (3 obtains no new characteristic in place ms.
Transition Zg describes the process of weight adjustments. It has the form

‘ lo l1o Mg my
Zs =< {ls,ms}, {lo, lio,me,m7}, s | Wag Wsio false false
ms | false false Vsg — Vsz

A(lg, ms) >,
where
Ws 9 = “there are more unapplied patterns”
Ws10 = =Wy,
Vs 6 = “if the perforans index is below given threshold E,,,;"
Vsr = —Wse.

Token a obtains the characteristic with updated neuron connection weights W’

(NNI, LI, (SIy,SI5,....SL.), {f1, fa, e, ), W)

in place lg and final connection weight W:

(NNI,LI,{(SI,SIs,....,S1,), {f1, fo, s fu), W)
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in place l19. In place mg and place my; [ token obtains characteristic
(NNI,E, Epnaz)

describing achieved performance index F.

Conclusion:

In the present paper is described generalized net model of backpropagaton algorithm
for neural network training. This algorithm can be easily modified and tested by changing
relatively small portion of the generalized net formal description.
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