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RESUME ABSTRACT

Le papier propose une approche basée sur les réseauxTtie paper proposes a neural network approach for modelling
neurones pour modéliser les canaux non linéaires aveenlinear channels with memory. The paper only presents the
mémoire. Ce papier présente uniqguement les algorithmes adgorithms and their learning bahavior. Several applications can be
leur comportement pendant I‘apprentissage. Plusieufeund in [5].
applications peuvent étre trouvées dans [5].

i) identification and characterization of digital channels
; which are composed of physically separable parts (e.g. linear
1 Introduction filters with memory and nonlinear memoryless devices). An

Several nonlinear adaptive techniques have bed ample is a digital satellite channel, composed of a linear

proposed for modelling nonlinear channels with memoryIter fOHOV.V?d by a memoryless non_linear _travelling wave
These techniques include Volterra series, wavelet networkoe amplifier (TWT) and a second linear filter. The neural
neural networks, etc. See [11, 6] for a review. For exampl@,étwork approach mlodels the global nonllnear channel input-
adaptive Volterra series have been applied in [1] fo utput transfer function and characterizes each component of
modelling digital satellite channels. These Volterra models d € Chaf.‘”e' separate[y. The learning process uses only the
not characterize each element of the channel. They provide"danne! input-output signals. , ,
model only for the overall channel input-output transfer 1) modelling nonlinear channels which cannot be simply
function. However, Volterra models provide an estimation ofépresented by separable parts. An example is the solid state
the global system memory and the complexity of théoower amplifier (SSPA) (nonlinear amplifiers with memory)
nonlinear transfer function. used typically in satellite communications.

Non adaptive parametric techniques also have be€Fhe analytic analysis of neural network algorithms applied for
proposed for modelling nonlinear systems with memory (e.gnodelling nonlinear channels can be found in [2] and [5].
[3, 4, 7, 8, 9]). Nikias and Petropulu [7] review higher orderrhe paper is organized as follows. Section 2 gives an example
statistic-based ~ methods used for  detection andf a nonlinear channel. Sections 3 and 4 present the neural

characterization of nonlinearities. In particular, they presemietwork algorithms. Finally, section 5 is devoted to the
examples for the characterization of Volterra serieg

coefficients. Block-oriented methods have been largely usngorlthm learning behavior.

for nonlinear system identification. These methods are based )

on the idea that the system to be identified is composed & Example of a nonlinear channel

several simple subsystems. For example, several authors ) ) . ]

studied Hammerstein systems which consist of the cascade of The satellite channel is a typical nonlinear channel. It

systems composed of a nonlinear memoryless elemef@nsists of two earth stations connected by a satellite repeater

followed by a linear dynamic one. See for instance [4, 8, 9]. through two radio links (uplink and downlink). As an
The key issue in adaptive system identification is to fin®gxample, figure 1 represents a complex base-band model. The

the best model structure within which an optimal model has tgansmission filter FO, the IMUX (input multiplexing) filter

be found by using an appropriate adaptive algorithm. Thig1, and the OMUX (output multi-plexing) filter F2 are linear.

paper proposes adaptive neural network approaches fbfe TWT is a memoryless nonlinearity with a complex

modelling nonlinear channels with memory. It is shown that #ansfer function which depends only on the input complex

good choice of the neural network structure should follovgnvelope. The TWT exhibits two kinds of nonlinearities,

directly from the application and the prior knowledge on thémplitude distortion (AM/AM conversion) and phase

physical System to be mode“ed' d|St0rt|0n (AM/PM CO!’lvel’Slon) [1, 10] The TWT AM/AM
This paper presents only the algorithms and their learnird?d AM/PM conversions are represented by Saleh model

behavior. In [5] two typical problems are addressed:

‘This work has been supported in part by the French Space Agency (CNES), Toulouse, France, under contre
962/94/CNES/1232/00.
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[10]; ar a,r’ | wherer is the TWT input algorithm which minimizes the actual squared error between
A(f):1+ﬁrz'¢(f): 1B r? the channel outputi(n) and the neural network output. The
a P

squared error at time n is:

amplitude, ¢ =2 = la,=40033 and g =9104. The TWT

gainis defined as; \_ A9 _ a, - I =) = &al D+ &( )1:H @)1_2 w( n(zn )%, (11.6)
Lo where R and | denote the real and imaginary parts,
. . respectively.
3 ldentification structure The stochastic gradient recursion for the second filter is

) given by:
This part proposes to identify the on-board devices (F1- _ . L7
TWT-F2). The neural network identification scheme is W, (n+1) V\é(l’)+2ﬂ(-g( ha( m _)I+ f nd A ).)I (. )
presented in figure 2. Figure 3 shows the neural network The stochastic gradient recursions for the first filter and

structure which duplicates the satellite channel structure (i.e.3¢ nonlinear neural network does not follow immediately

memoryless nonlinear system between two linear system&PM (II.6). This is because the error at time n depends upon
The neural net is composed of a linear filter (W1), a nonlinedw,, (), k=01,...,N,} ~ and  {z(n- K, k=041,..,N -3
network (NLN), and a second linear filter (W2). TheEquations (.1-4) show thatz(n_ k) depends upon
nonlinear network structure also duplicates the TWT; ) ;
" . . - = - and the nonlinear network
amplifier structure. It is composed of two sub-networks wh|cr‘{""1_i(n K, JZ0L., N, ]} _ _ _
correspond to the gain and phase conversions, respectivelgights at time n-k. Therefore the gradient calculation at time
Note that these gain and phase conversions only depend mrrequires the partial derivatives gf,) according to the
the input signal amplitude (as in the TWT). N. —1 past values of the weights.
This structure characterizes separately each channel g5, axamole. the aradient according t
; - ; , ow, (n) can
component i.e. the filters F1 and F2 and the TWT amplitud P g () 9 tow, (n)
and phase conversions. Note that a classical multi-lay
neural network cannot separately characterize each channel 42(0) _ 4 3(w (m. W (n=1).... W (n=2),.... (= N+1)).
component but only can model the overall channel input- 9" (" dw (n)
output behavior. . - .
The neural net operates as follows. W1 filters the If uis suffl_(:lently small, the W-EIghtS can be assu_med to be
complex-valued inpuk(n) (real FIR filtering). The output of ~ slowly varying. Then, the gradient can be approximated by

_ - d(n) o d(w (w (-1, w(n-2),..w( - N+])
Wlis y(r)= ;)% -y (1) dwh((?) =2 ( 9w, (n- k) )
wheren; is the length of W1. (1.8)

The nonlinear network (NLN) has two nonlinear parts: 1)aCtTheref0re, the gradient in Eq. (I1.8) depends upon the

NLNG is the gain conversion; 2) NLNP is the phase ual  partial - derivative of J(n) accordlng _to
conversion. w, (), w (n-12),... and _(n- N, +1). In order to simplify

The squared amplitudg(n) of the first filter outputy(n) the algorithm, Eq. (11.8) is troncated and only thg) most
is presented to both NLNG and NLNP. Their respectivé€cent terms are used:

written as:

outputsg(n) andg(rn) are expressed as: d J(n _ i 03w, (n), w; (n=1),.., w( n-2)) . (11.9)
Ne dw, (n) & ow, (n- k)
= , 1.2 ] 0 i
G(p(n))— ;%2" f(wlep( 0+ Qlk))r Ry (-2) Thus, if A =0, only the actual term is used. Af= N, -1,
ald then all the terms in equation (11.8) are used.
olpln) = lepzk f(WplkP(”)+ bmk)‘ f( bm)’ (11-3) The following presents the updating rule for a given

The algorithm (parametrized by) will be denoted bya(x) .

where p(n):rz(n):||y(n)||2, f is a nonlinear activation NLNG update

function, andNG and N, are the number of neurons in NLNG

Second layer weights:

and NLNP, respectively. _ 2 , (1.10)

Note that (o)=0, i.e. the phase origin is 0 by Wozi (n+2) = Wy () + 205 w, (005,(n ) % 1)
construction. _ - , (11.12)

The output of the NLN is given by: beo (n+1) = b, () + 24 zo W (095,(n )

2(n) = G(p(1n) €2 (1.4) where

The NLN transfer function is similar to that of a TWT = xg (0= f(neglk( |)|) net ( h= w( el )& B )n(l.12)

amplifier: nonlinear gain and phase conversions which g4

d d onl the input signal litude. : .
epérr:a”(;? t);lgpsoerclzonz Ifrill?eur \?\I/gnc?ut?)rtrjltpié l(‘szi\f:en by: 8(n) :eR(”)(CO@( =) e - ) - sifi{ - ) (- ))
sm=3 w,qn- 9 (19 +%(n)(sir(¢(f; i)l);f;(rF )+ cofe(n- ) y(n-)
where N, is the length of W2. First layer weights: -
4 Algorithm \Af;k(n+ﬂ)=%k(r)+2u;vyﬁ”ﬁjein) wof )i f regf R n)i

The network learning is achieved at each iteration using A _ _ .15
the channel input-output complex signal pair. sz(”J’]):Qak(')JfZU;V%( 0 o) v )i ret( R ) (11.15)
The network weights are adjusted with a gradient descent
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NLNP update with small N, and N, (€.9- N, = N, =5)- Then, 5 weights are
Second layer weights: added to W1 and W2 after each 25000 iterations (i.e.

. N,(n=25000 = N,(n= 2500p= 5 & 10 etc.). The new
n+ + n 1 2
W (13 = Wy ( 1 ZHZ w0 Gel )0 0) ) weights are initialized at 0. WheR, = N, =60 (i.e. at the

(”-16) 275000 iteration), the number of weights is fixed until the
where end of the learning process.
Xep (D) = f(nel;,lk( r)u)— (Ig,lk( i) net (e w( )l )m b )n Figures 4-6 show the algorithm mean-square-error (MSE)
(1.17) learning for different learning ratgs. The MSE is calculated
and over blocks of 2500 iterations, ie.
H - —ai _ S _ k+2500
()= e srlel o= D)o D-eofelm (D) et e asod) = = ST )
+e,(n)coden- ) ye(n- )~ siffg( n- 1) y(n-)) 2500.

Comments on the convergence behavior:

1) At the beginning of the learning phase, the algorithms
display a rapid convergence (the MSE has a stair-case

M(ml):\/\g,lk(r)ﬁ,uivg( héd m)iaf niwe( m)i{ rey( n)id n)i  shape). This is due to the increasenofand n, at each of

(1.18)
First layer weights:

(1.19) the 25000 iterations.
A ‘ ‘ 2) The MSE asymptotically approaches a small value.
b = 0+245 wl W m)jod il m)f { et n)i- £ B 7)) However, near convergence, the MSE oscillates. The two
" (11.20) model filters begin alternative oscillations about their

optimum values. These oscillations are more apparent
when the learning ratg is high.

3) Figures 4-6 show faster convergence Asincreases.

Update of W1:
w, (n+1)= V\&i(ri+2.u

C
8 (n- 'z ear(1=) (et (= D) v (- ). g Therefore, a tradeoff exists between convergence speed,
Sz(an )xa(n-i- )+ y,(n=)x (0= i- ) g MSE performance and computational complexity.
O o= )1 (et - ) v n_)% 4) The algorithms were able to model each part of the
a VPRI by ; 0 T channel (see e.g. [5]). However, although the memoryless
. grolen=ia(n- g(“ )x(n=i-) % portion of the satellite channel has been accurately
_ZDWZi(“)B ¥, (n=i)x (n=i- ) % modelled by the nonlinear network, the linear filters were
o B}OJ«,(p(n i ) (n-i-j) O g O mis-matched in delay, i.e. the impulse response of the first
a BﬂR(n)H_ ol ) )E o a model filter W1 was delayed bg units of time relative
Bg(p(n- .)) smaAn=Ulxin=t=18 o g to the impulse response of the first channel filter, whereas
B %f(dp(n i)))%e(n=i-1) % B the second model filter W2 was advanced/byunits of
O (n)%cog{(,(p(n .)xl n-i- )i i time relative to the impulse response of the second
(” 21) channel filter. Thus, the overall system delay was correct.

Remarks: Note that the delays can be removed if an instruction is
' . . . added to the algorithm near convergence. This instruction
1) The above algorithms have some common properties with consists of adding one unit advance (resp. one unit delay)
the classical _backpropagatlon algorithm such as error 45\ (resp. to W2). If the learning MSE increases, then
backpropagation, parallelism, etc. values of W1 and W2 (before adding the advance/delay)
2) The two nonlinear sub-networks NLNG and NLNP can be  are kept. Otherwise, if the MSE decreases, this procedure
adjusted in parallel and simultaneously (i.e. the updating is repeated (i.e. by adding a new unit advance/delay).
terms of each sub-network do not depend on the other).
3) The computational complexity (CC) increases As

increases (e.g. the CC of) =1) equals at least two times 6 Conclusion

that ofa(x = 0)). The paper presented neural network algorithms for modelling
4) Note that the above algorithms can be slightly modified imonlinear channels with memory. A typical example of a
order to model systems which are composed simply afonlinear satellite channel was given. Simulation examples
two blocks rather than three, for example a linear filtevere given in order to illustrate the algorithms learning
followed by a TWT can be modelled by a W1-NLN pehavior.
structure. Note that simulation results have shown that if
ou use a WI1-NLN-W2 structure to model a two block
)s/tructure composed of F1-TWT (resp. TWT-F2), then Wﬁ eferences

(resp. W1) converges to a constant. S .
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Figure 1: A simplified satellite channel.
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