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Abstract. A quick gradient training algorithm for a specific neural network structure called an
extra reduced size lattice-ladder multilayer perceptron is introduced. Presented derivation of the
algorithm utilizes recently found by author simplest way of exact computation of gradients for ro-
tation parameters of lattice-ladder filter. Developed neural network training algorithm is optimal in
terms of minimal number of constants, multiplication and addition operations, while the regularity
of the structure is also preserved.
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1. Introduction

During the last decade a lot of new structures for artificial neural networks (ANN) were
introduced fulfilling the need to have models for nonlinear processing of time-varying
signals (Haykin, 1999; Tsoi and Back, 1997; Juditskgl., 1995; Sjobergt al., 1995).

One of many and perhaps the most straightforward way to insert temporal behaviour into
ANNs is to use digital filters in a place of synapses of multilayer perceptron (MLP). Fol-
lowing that way, a time-delay neural network (Waileedl ., 1989), FIR/IIR MLPs (Back

and Tsoi, 1991; Wan, 1993), gamma MLP (Lawregtal., 1997), a cascade neural net-
work (Back and Tsoi, 1996) to name a few ANN architectures, were developed.

A lattice-ladder realization of IR filters incorporated as MLP synapses forms a
structure of lattice-ladder multilayer perceptron (LLMLP) firstly introduced by (Back
and Tsoi, 1992) and followed by several simplified versions proposed by the au-
thor (Navakauskas, 1998; Navakauskas, 2001). A LLMLP is an appealing structure for
advanced signal processing, however, even moderate implementation of its training hin-
ders the fact that a lot of storage and computation power must be allocated (Navakauskas,
1999).
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Royal Swedish Academy of Sciences and The Swedish Institute — New Visby project Ref. No. 2473/2002
(381/T81).
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Well known neural network training algorithms such as backpropagation and its mod-
ifications, conjugate-gradients, Quasi—Newton, Levenberg—Marquardt, etc. or their adap-
tive counterparts like temporal-backpropagation (Wan, 1990), IR MLP training algo-
rithm (Back and Tsoi, 1993), recursive Levenberg—Marquardt (Ngia and Sjéberg, 2000),
etc., essentially are based on the use of gradients (also called sensitivity functions) —
partial derivatives of the cost function with respect to current weights. Here we are go-
ing to show how the exploration of specific to lattice-ladder filter (LLF) computation of
gradients leads to efficient realization of overall family of LLMLP training algorithms.
While doing so, we present quickest in terms of number of constants, multiplication and
addition operations training algorithm for an extra reduced size LLMLP (XLLMLP).

2. Towards Simplified Computations

In order not to obscure main ideas, we will first work only with one LLF and afterwards
in Section 4 generalize and utilize results in a development of training algorithm for a
specific — XLLMLP structure. Although, the final LLF training algorithm is fairly simple,
many intermediate steps involved in the derivation could be confusing. Thus, here we will
present previous results on calculation of LLF gradients, introduce the simplifications we
have chosen, and only in next Section 3 actually derive all simplified expressions.

Consider one lattice-ladder filter (see Fig. 1) used in XLLMLP structure, when its
computations are expressed by

fi—i(n) | [cos®; —sinO; fi(n) .
[ éj(ln) ] o [sin@j cos@j} [zbjjl(n)]’ J=12...M, (12)
M
sout(n) = Zvjbj(n), (1b)
7=0
with boundary conditions
bo(n) = fo(n),  far(n) = sin(n). (1c)

Here we used the following notations;(n) andsout(n) are signals at input and output
of Mth order LLF, f;(n) andb;(n) are forward and backward signals floatingjitn
section of LLF,©; andv; are lattice and ladder coefficients correspondingly, while
time index and: is a delay operator such thai;(n) = b;(n — 1).

It could be shown (see, for example, (Haykin, 1996)) that gradient expressions for the
calculation of LLF coefficients requirg/ recursions, yielding a training algorithm with
total complexity proportional tdZ2. One possible way to simplify the LLF gradients
calculation was presented in (Rodriguez—Fonollosa and Masgrau, 1991).

We assume that the concept ftdwgraph transposition is already known (if not —
consult, for example, (Regalia, 1995; pages 291-293)). Applying the flowgraph transpo-
sition rules to the LLF equations (1a) and (1b), we obtain the LLF transpose realization.
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Fig. 1. A lattice-ladder filter of orded . Input signalsin(n) is processed according to (1) using latt®e and
ladderv; coefficients and as a result output sigsali(n) is obtained. Elements of the schemén a square —
a time delay, filled triangle — multiplication by a coefficient, plus sign in a circle — addition.

The resulting system gives rise to the following recurrent relation
gj(n) - 1 COS ®j sin@j gj,l(n) + 0
t‘jfl(n) o z —sin ®j COs @j tj(n) Vj—-1 ’
j=M,...,2,1, (2a)
with boundary conditions
tm(n) =vm, go(n) =to(n), gm(n)= sout(n). (2b)

Here byg;(n) andt;(n) we indicated forward and backward signals floatingtimsec-
tion of transposed LLF.

After simple re-arrangements (see, for example, (Navakauskas, 1999; pages 51-54))
it could be shown that filtered regressor components alternatively could be expressed as

VO, (n) = fi(n)t;(n) = b;(n)g;(n) e(n). 3)

cos ©;

Heree(n) is a LLF error.
The main idea given by J. R.—Fonollosa and E. Masgrau towards simplifying the gra-
dient computations for lattice parameters is to find a recurrence relation that realizes the

mapping

[fj—l(n)ﬁj—l(n) } R {

fi(n)tj(n) ]
bj-1(n)gj-1(n) ’

bj(n)g;(n)

in such a way that all the necessary transfer functions may be obtained from one single
filter resulting in an algorithm with total complexity proportionalé.

(4)
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3. Derivation of Simplified Calculation of LLF Gradients

There are in total4 possible and implementable ways of realization of mapping (4). The
optimal way in a sense of minimal number of constants, addition and delay operations
involved in the calculations of the gradients for LLF, and also regularity of the regressor
lattice structure, was reported in (Navakauskas, 2002). It forms the basis for new training
algorithm to be developed in next section. Thus, let us show in the step-by-step fashion
the re-arrangements involved in the derivation of optimal realization of mapping (4).
Accordingly, we are seeking a simple realization for the following optimal augmented

mapping

fi-1(n)gj-1(n) fi(n)gj(n)
jfl(n)gjfl(n> N bj (n)gj (n) (5)
fi(n)t;(n) fi—i(m)tj—a(n) |7
bj(n)t;(n) bj—1(n)tj—1(n)

while the overall system describing single section of regressor lattice is expressed by
'fj_1(n)gj_1(n)] _ [00893' —SiDGjH fi(n)gj—1(n) ] (6a)
| bi(n)gi—1(n) sin®; cos©; || zbj_1(n)gj—1(n) |’

i) _ foos6s —sindy ][ it |, @

[ fi(n)gi(n) ] _ [1 H cos 0 Sin@j][fj(n)gjl(n)}

L fi(n)tj—1(n) | —sin®; cosO; || f;(n)t;(n)

0 s, (6)
o) i R et et

+ [Ujo_l} b, (n). (6d)

In order to achieve mapping (5) two information flow directions in (6a) must
be reversed: nowf;(n)g;—1(n) must be computed based ofj_i(n)g;—1(n), and
bj—1(n)t;—1(n) must be computed based bfin)t,;_1(n).

For the first re-direction to be fulfilled we take (6a) and re-arrange it as follows

1 7SiH@j
fi(m)gj—1(n) | _ |1 0 cos®;  cosO; | [ fi1(n)gj-1(n) (7a)
i o 0 Z_1 7Sin®j 1 bjfl(n)gjfl(n) '
cos®; cosO;
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Similarly, taking (6b) and re-arranging we get
1 _ sin ®j
fi-an)tja(n) | _ |1 0 cos®;  cosO; [ f(n)t;j1(n) (7b)
b‘jfl(n)t‘jfl(n) 0zt B sin @j 1 ’
cos ©; cos O

For the convenience we rewrite unchanged expressions (6¢) and (6d) here

[ f](n)gj(n) | _ -1 17 COS@j sin@j | [fj(n)gjl(n)_
_fj(n)tj,l(n) ] L 1L — sin@j COs @j ] fj(n)tj (n) ]
0
ARG (79
[ bj(n)gj(n) | _ -1 17 COS@j sin@j | |:b] n)gj,l(n)-
_bj(n)tj,l(n) ] L <1l 7Sin@j COs @j ] bj(n)tj n) ]
0
+ L}j_l} b;(n). (7d)

Now, (7) describes a system that has no conflicting information flow directions. How-
ever, there are two advance operations to be performed in (7a) and in (7b), making the
system non-causal, hence un-implementable. There is, however, more to this computation
than first meets the eye.

Notice first, the mapping (5) needs only four expressions to be specified. Thus a sim-
plification of (7) becomes plausible. It could be shown that (7) could be simplified dras-
tically and finally expressed by

fi(n)g;(n) 1000
bj(n)g;(n) 10100
fi—1(n)tj—1(n) 0020
bj_l(n)tj_l(n) 0001
sin ©; 0 0 0 0110
1+ 0 sin ©; 0 0 1001
: 0 0 —sin®; 0 1001
0 0 0 —sin®; 0110
(10007 fi—1(n)gj—1(n) 0
0200]|bj—1(n)gj—1(n) 0
X + v 8a
0010||  fonm | T fam) (62)
0001 bj (n)tj(n) bj_l(n)

The simplified system of single section of regressor lattice is already causal. Moreover,
its implementation requires only delay operators3 constantsn ©;, —sin®; and

v;—1) and8 addition operations (more evident from pictorial representation of (8) that
we skiped to save space). In order to finish the derivation, the boundary conditions when
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M such systems are cascaded must be considered. Based on (1c) and (2b) we get such
new boundary conditions

fo(n)go(n) = fo(n)to(n), bo(n)go(n) = bo(n)to(n),

fM(n)tM(n) =VMm, bM(n)tM(n) :vMbM(n)

(8b)

4. Simplified Training Algorithm for Extra Reduced Size LLMLP

One way of LLMLP structure reduction could be achieved by restricting each neuron to
have only one “output” lattice-ladder filter while connecting layers through conventional
synaptic coefficients. It yields an extra reduced size lattice-ladder multilayer perceptron
structure (XLLMLP) thats pictorial representation is given on next page in Fig. 2 and
definition follows.

DEFINITION 1 (Navakauskas, 2001). A XLLMLP of sizk layers,{N°, N1, ... NE}
nodes and filter ordersMt, M2, ... M} is defined by

Nl—l Ml
sﬁl(n)@l{Zwéhzvfj.béj(n)}, h=1,...,N', 1=1,...,L, (9a)

i=1 j=0

= dn)

when local flow of information in the lattice part of filters is defined by

L (n cos®l. —sin@©!, L(n
[ " ! W = . ) l”( ) ] j=12...,M,  (9b)
bi;(n) sin®;; cosOy; | | 2b; i 1(n)
with initial and boundary conditions
bio(n) = fio(n),  fiapsa(n) = s (n). (9¢)

Heres! (n) is an output signal of the “output” neurosjj(n) is an output signal of the fil-
ter that is connected to‘input” neuron;w!, represents single (static) weight connecting
two neurons in a Iayel(%)ﬁj andvzl-j are weights of filter's lattice and ladder parts corre-
spondinglybﬁj(n) andfilj (n) are forward and backward prediction errors of the filier;
4, h andl index inputs, filter coefficients, outputs and layers respectively.

Let us consider calculation of sensitivity functions using backpropagation algorithm
for XLLMLP (th hidden layer neurons. It could be shown (Navakauskas, 2001) that sen-
sitivity functions for XLLMLP could be expressed by

Vi, (n) = 5(n) 8, (n), (10a)
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O——»{ LLE,

c>—> E

B {@l,vl}[Nl,fy]\,{t] —- W[lszyNz] e (I)l(')[]vl] — >

Fig. 2. Alayer of XLLMLP. Input signalsiﬁl(n) from a previous layer are processed according to (9) firstly by
a group of lattice-ladder filters LLFsee Fig. 1 for more detailed treatment), then by static synad§g§inally

by neuron activation function®!(-) forming current layer output signakg(n). Emphasized intermediate
signals: LLF output signalsl(n) and signals before activation functiog§(n). For the purpose of clearness
size of main matrices (shown in brackets) are revealed at the bottom.

Vol (n) =bl;(n Z&h (10b)

Z]

Vel (n Z vir(n) 5 @l Z w6 (n (10c)

Note, that these expressions are similar to standard LLF gradient expressions in a way
that here we used additional indexes to state LLF position in the whole XLLMLP ar-
chitecture (being precise, we showed expressions for sensitivity functiorghfooeffi-

cients of LLF connectingth input neuron withhth output neuron itith layer of LLMLP)

and replaced output err@(n) term by the generalized local instantaneous error, i.e.,

8t (n) = OE(n)/04} (n), that could be explicitly expressed by

e ({3}, =1,

Sh(n) = MUt NIt (10d)
PO L k) L, 1AL
7=0
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with 7”1( ) and its companlowl“( ) by

I+1 1+1 . 141 141

90;:;] 1(n) | |cos 65:5 75111@;:; gplh‘g (n) 10e)
1 - . 1 1 1 .

Vhy (1) sin@,5 cosOF || 2y (n)

Aiming to present simplified training of XLLMLP we replace (10c) with

l 1 _
V@éj (n) = ij(n)tij (n) bi; gzj Z w! h6h (11)

cos @l

=vVe.(n)

where order recursion computation is done in a way of (8) by

fj (n)gfj (n) 1 zsin @lij sin @lij 0
bﬁj (n)gfj (n) B sin @l z 0 sin @lij
fil,j_l(n)tﬁ’j_l(n) | -z sin@ﬁj 0 z  —zsin @éj
bl -1 (n)tt j—1(n) 0 —zsin @éj —sin @éj 1
f;‘l,j—l(n)géj—l(n) 0
b j—1(n)g; ;_1(n) 0
x | il b1 +ob , 12a
()i () o PN R
béj(n)tlz’j(n) bij 1(n)
with boundary conditions:
ffo(n)géo(n) = fil() (n)tﬁo(n), béo(”)gfo(") = béo(")tlio (n), (12b)
iM! (n)téMl (n) = Uzl'Mlv szl( )téMl (n) = biMl (”)Uzl'Ml- (12c)

Full XLLMLP training algorithm is presented at the end of the article. Let us here

only summarize main steps of it:

1. XLLMLP recall. Given input patters!(n) is presented to the input layer (see line 1

of the algorithm). Afterwards it is processed through XLLMLP in a layer by layer
fashion (lines 2—14): first by corresponding lattice-ladder filters (lines 3-9), then
by static synapses (lines 10-13). In that way XLLMLP output pattértn) is
obtained.

. Node errors. Using rezults of previous calculations, errors of output layer neurons
are determined (line 15). Then, again in a layer by layer fashion — however this time
in the backward direction — these errors are processed through XLLMLP (lines 16—
23). Following that way errors of hidden layer neuréfén) are calculated.

. Gradient terms. Simplified calculation of gradient terms for the lattice weight up-
dates is done as in (12). Let us here be more specific. Working in a layer by layer
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fashion and taking filter one by one (lines 24—38; note however that processing or-
der here is insignificant), algorithm proceeds as follow: at line 25 initial conditions
are assigned as in (12c¢); in lines 26—29 two lower equations from (12a) are evalu-
ated for all sections of the filter; at line 30 left boundary conditions are fulfilled as
in (12b); for all sections of the filter (lines 31-37) by lines 32—35 remaining upper
equations from (12a) and in line 36 alﬁﬁﬁj(n) from (11) are evaluated.

4. \\eight updates. Dynamic synapses (LLFs) are updated at lines 41 and 42 realizing
expressions (10b) and (11), while static ones — at line 44 realizing (10a) and taking
into account their previous values, training paramgtanode errors and gradient
terms.

5. Sability test. New parameter values of lattice filters are checked if they satisfy sta-
bility requirement (see lines 46-48), if some of them do not satisfy — old parameter
values are substituted at line 47.

5. Conclusions

In this paper we dealt with the problem of computational efficiency of lattice-ladder mul-
tilayer perceptrons training algorithms that are based on the computation of gradients,
for example, backpropagation, conjugate-gradient or Levenberg—Marquardt. Here we ex-
plored calculations that are most computationally demanding and specific to lattice-ladder
filter — computation of gradients for lattice (rotation) parameters.

The optimal way in a sense of minimal number of constants, addition and delay op-
erations involved in aforementioned computations for single lattice-ladder filter, and also
regularity of the regressor structure, was found recently by the author. Based on it quick
training algorithm for the extra reduced size lattice-ladder multilayer perceptron was here
derived.

Not surprisingly, presented algorithm requires approximaiélyimes (whereM is
the order of filter) less computations while it follows exact gradient path (because of the
fact that derivations do not involved any approximations) when coefficients of filters are
assumed to be stationary. More importantly, incorporated in the algorithm implementa-
tion of a single section of regressor lattice will require oklyelay elements3 constants
and8 addition operations.

Experimental study of the proposed algorithm was not considered because of the fact
that computations of gradients are exact and possible comparison inherently will be bi-
ased depending on the chosen way of implementation.
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XLLMLP Training Algorithm

1. XLLMLP Recall
1 Let leMl(n) = s?(n).
2 fori=1,2,...,Ldo
3 fori=1,2,...,N""'do

4 for j=M!...,2,1do
5 {le]ll(”)} _ {C‘.)S@%j(”) Sin@%j(”)“ l zlg( n) }
bij(n) sm@ij(n) cos@ij(n) bi 1(n—1)
6 end for j
7 bio(n) = fio(n),
Ml+1
8 si(n) = 3 vj;(n)bl;(n).
j=0

9 end for ¢
10 forh=1,2,...,N'do

1 8j(n) = Z w34 (n),
12 Sh( @l{él }

13 end for h
14 endforl

2.Node Errors

15 ek(n)=du(n) —sk(n), h=1,2,... NL

6 foril=L—-1,L—2,....,1andh=1,2,...,N'do

17 Let'yfl,M, (n) =0.

18 forj=M'...,21do

[(pﬁw_l(n)} _ {cos@ﬁlj(n) —sin@ﬁlj(n)][ goﬁlj(n) ]
'yflj(n) sin@ﬁlj(n) cos@ﬁlj(n) 'Yfl,j—1(” Ny

20 end for j

19

2 pho(n) =vh(n).

—eﬁl(n)q)'L{gé%(n)}, =17,

Ml+1 NL+1

22 5t(n) = R
n(n) @’l{sﬁl(n)} Z Ué‘;lvfz‘;l Z wi;;léll)“ 1# L.
j=0

23 endforh,l
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3. Gradient Terms

24 forl=1,2,...,Landi=1,2,...,N'""t do
25 Letbt;Ml = Uzl.,Ml (n)bt;(n), fté,Ml = Sé_l(n)vé,Ml (n).

26 forj=M"'...,21do

27 bté’j_ll = btl; " [fth;(n) +bgl ;1 (n—1)]sin©;(n)
+v; 51 ()b ;1 (n),
28 fté,j—l(n) = fté,j (n—1)+ ’Ué,j—l(n)fil,j—l(n)'

29 end for j
30 Lettemp = btly, fgly = ftio(n —1).
s forj=1,2,...,M"do

32 ftliyjfl(n) = ftéj(n -1)— [fgij—l + btéj] sin @lij(n),
33 fgéj = fgé,j—l + [bgé,j—l(n -1+ ftéj(”)} sin Géj (n),
34 bgé,jfl(n) = temp,

35 temp = bgijfl(n -1+ [fgfﬁj,l + btéj] sin@lij(n),

36 %@ij(n) = [fti;(n) — temp] / cos ©L;(n).

37 end for j
s end fori,!

w

4. Weight Updates

9 forl=1,2,...,Landi=1,2,...,N'""1do
w0 forj=1,2,...,M"do

Nl

4 ’Uéj(n +1) = Uéj (n) + Mbéj (n) Z: 52(")7
~ ) N!
42 @éj(n +1)= @lij(n) + ,LLV@lij(n) h; wt, 6 (n).

43 end for j
44 for h=1,2,...,Ndowl, (n+1) =wl,(n) + ud (n)s(n).
45 endfori,l

5. Sability Test

4 forl=1,2,...,Landi=1,2,...,N""'andj=1,2,...,M'do
a7 if [©%;(n+1)] > m/2then ©L;(n + 1) = ©L;(n).
48 end for 5,14,
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Greitas ypatingai mazo dydzio pyni€iu-kopeteliy daugiasluoksni
perceptrony mokymo algoritmas

Dalius NAVAKAUSKAS

Straisnyje pateiktas gr&@ausias pagal naudojankoeficient) bei sueéties ir daugybos opera-
ciju skatiy ypatingai mazo dydzio pyiu-kopetliu daugiasluoksni perceptron mokymo algo-
ritmas. Jis yra iSvestas nagejant esmie visy gradientiniy mokymo algoritny dal, — specifinius
pynweiy-kopetliy daugiasluoksniams perceptronams gradi@ynuéms skaiiavimus.



