== 01-26-10A-4 41812 =57] "01-10 Vol.26 No.10A

On Neural Network Adaptive Equalizers for Digital
Communication

Hongrui Jiang*, Kyung-Sup Kwak* Regular Members
ABSTRACT

Two decision feedback equalizer structures employing recurrent neural network (RNN) used for non-linear
channels with sevetre intersymbol interference (ISI) and non-linear distortion are proposed in this paper, which
skillfully put the traditional decision feedback structure for linear channels equalization into RNN, replace decision
feedback signal with training signal in the learning process and adaptively adjust the learning step. Simulative
results of the first type of two new equalizer structures have shown that it has better equalization performances

than traditional recurrent neural network equalizer (RNNE) under the same condition.

I. Introduction

Channel equalization can be regarded as a
mode  classification  problem. Since  neural
networks have good mode classification properties,
different neural networks structures are applied to
channel adaptive equalization [1][2][3] with the
development of neural networks technology.
Varicus structures and algorithms of equalizers
possess their own advantages and shortcomings.
For example, provided enough freedom, the
multilayer perceptron can be applied to arbitrary
complicate non-lincar channel equalization. But in
project realization, there is always a contradiction
between its properties and complexity of
realization. The larger the structure, the longer the
time needed for computing, and the smaller the
data transmitting rate. Recurrent neural network
(RNN) has the properties of small size and good
performance, and it relieves the contradiction in
the channel equalization [3). Because it is similar
to TIR filter, it can get good equalization effects,
or complete complicate non-linear map with only
a few nodes. But the output of each node will
join the feedback, which causes bad stability and
consistency of RNNE. The introduction of

decision feedback structure can overcome this
fault [4].

In this paper, decision feedback structure is put
into RNN, and two decision feedback recurrent
neural network Equalizer (DFRNNE) structures
and their algorithms are proposed, and the
leamning step is adaptively adjusted. Section II
summarizes two DFRNNE structures. Section III
gives the learning algorithms of DFRNNE.
Section IV shows simulation results. Section V
concludes this paper.

. Two DFRNNE Structures

The channel equalizer model is shown in Fig.l1.

854, g Xiand 5, , represent signal, noise,
input signal of equalizer and estimate signal,
respectively. In this paper, the following distortion
channel models [6] are used:
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Fig. 1 Channel equalizer model
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LCH:
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where linear distortion channel with severe ISI
(LCH) and non-linear distortion channel (NLCH)
are investigated. In the following simulative
experiments, S, is a random sequence with
equal probability of 1 or +1 with unity power,
and Gaussion white noise is added to the

equalizers reception end.

W

Fig. 2 RNN structure with 3 nodes

Fig.2 is RNN structure with 3 nodes, where all
neurons connect each other, each input will be
imported into each neuron, and each neurcn
output may be regarded as the external output of
the network.

Fig. 3 Structure of S-DFRNNE

Fig.3 is DFRNNE structure with serial outputs
(S-DFRNNE). We define that n, m and [ are the
numbers of inner nodes, the delaying inputs and
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the feedback delaying inputs of S-DFRNNE.
The weighted sum of the pth node’s inputs is

0 (D= 3w v, (04 B wpnei Xacinr (D

+ g] w,o,n+m+i/§ k—d-1 P=1’ 25 ey I
3

where x,_,., (=1, 2, .., n) represenis the
delaying input signal, y, the output of the ith
(=1, 2, .., n} node, %, ,_; (d is the channel
delay) the feedback delaying signal, w, the
weight from the ith (i=1, 2, .., n) node to the
pth node, w, the weight from each delaying
input signal (j=n+l, .., n+m) to the pth node,
and w, the weight from each decision feedback
delaying signal (h=n+m+l, .., n+m+{} to the pth
node.

Let

yi(t+1)=j{0i+l]s i=13 2s vy I (4)

where Ax) is the active function, and

__1—exp{—2x}
AD=TT exol 29 ©)
and
3 emg=SGNU v ,,(t+1)) ()]

In training process (switch S poinis to 1)
training signal is regarded as the delaying input
of each decision feedback signal so that effective
information can be taken full use and false
propagation be prevented. When signals propagate
(switch S points to 2), equalizer’s decision output
SGM y,) becomes delaying feedback input.

Fig. 4 is DFRNNE structure with parallel
outputs (P-DFRNNE), whose formulas are the
same as those of S-DFRNNE except wv,(¢+1).
The v,(t+1) of P-DFRNNE is expressed as

v, (t+ )= 12[ wyu ¥y (H+ :21 Wonti Xe-is1 (D

+ gjl wp,n+m+i§ R—d-1,i ()]
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where 5, 4, is the decision feedback input of
the ith node with d+1 time delay ¢=1, 2, .., n) .

Fig. 4 Structure of P-DFRNNE

M. Learning Algorithms of DFRNNE

3.1 Modified RTRL Algorithms

Real-time tecurrent learning (RTRL) algorithm
is modified for adjusting the equalizers weights of
the two structures, and the aigorithm expressions
for each of which are a little different. &, (h=1,

2, .., n) is the expected response or training
signal, and error of the hth neuron is defined as

ea(ttl)= dp(t+1)— y,(e+1)
h=1, 2, ., 0 (8

The networks instantaneous total error is given by

Ke+D=1 3 e ft+1) ©

The objective of algorithm updating the
connecting weight w; is to minimize ft+1).
Case 1: S-DFRNNE:
Define

=1 i=»
2u={ ‘s 1o

and the derivative of the active function

) — 4
f = [ exp(x) +exp(—x)] b
The sensitivity is defined as
Pt D= £ Co DN 2 wan(B 6 KO
+ 8, 2,(9] (12)

w(t+1)= wﬁ(t)+a§]le,,(:+1)p3(:+1)
+ul wi(H— wy(¢—-1n (13)

where o is the leaming siep of the adaptive
equalizer. o>0; p=1, 2, .., m; i=l, 2, ., o, j=I,
2, .., B, 0+l, .., ntm, n+mtl, ., ntmtL 200
represents the output of S-DFRNNE inner nodes
=1, 2, .., m), the exiernal input signal (j=n+1,
.., n+m) or feedback input signal {(j=n+m+}, ..,
n+m+f). Moreover, momentum factor u
(0<u<0.001) is introduced to help updating the
weights.

Case 2: P-DFRNNE:

Its expressions are the same as S-DFRNNE
except j which is defined to be 1, 2, .., n, n+l,
ey Itm, ntm+l, L, ntmin

3.2 Adaptive adjusting of the leaming step

Q and 400 L1 L 1200 1200 a0n 1800 1400 2000
Numbar ot Harations

Fig. 5 The RNNE leaming curves with different @
(LCH, SNR=22dB)

The leaming step o has certain effect on the
convergency speed of algorithm. Fig.5 is RNNEs
leamning curves with different o where MSE and
SNR represent mean square emor and signal-
to-noise ratio, respectively. As shown in Fig. 5,
within certain range of values, the convergency
speed of algorithm increases with the increase of
a. For larger g, the algorithm converges quickly,
but is subject to vibration and instability; For
smaller g, the algorithm converges slowly, and is
subject to trapping into local minimization. So the
selection of « is very important, The methods of
adaptive adjusting o are proposed according to
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the above analysis. Its basic idea is to
continuously adjust o after each iteration, which
possesses two objectives: one is to let algorithm
skip out of the local minimization and speed up
the convergency process, the other is to try to
avoid the instability of algorithm.

Firstly define the system’s total error E, which
is equal to 2K¢+1). Use a exponential function
to realize the adaptive adjusting of ¢ This
function regards E, as independent variable. Set

a= agexp(— E,) (0.1< a,{1.5) (14

The algorithm will adaptively adjust & during
the process of the iterations. If the total error is
large, « will decrease; if the total error is small,
o will increase. The total error will become
small with the increase of the iterations, and «
gradually holds a certain level.

V. Simulation Study

In accordance with S-DFRNNE, the simulative
experiments are done to compare it with the
traditional RNNE under the same condition.

4.1 Comparison of learning performance

In every experiment, initial weights w, initial
sensitivity p % and initial output y, of each
node are random numbers whose absolute values
are less than or equal to 10 "% The parameters
of tradiionai RNNE and S-DFRNNE are
respectively m=2, n=1, =0.5 and m=2, n=I,
1=3, &,=0.5. Therefore, two groups of learning
curves are obtained in accordance with two
different distortion channels.

In Figs, the distortion channel is LCH,
SNR=16dB. In Fig.7, the distortion channel is
LCH cascade-connected with NLCH, SNR =18dB.
According to Fig.6, S-DFRNNE converges at
about -30 dB, while RNNE at about -10dB with
greater vibration. According to Fig.7, S-DFRNNE
converges at about -30 dB, while RNNE doesnt
converge at all. In short, S-DFRNN has better
learning performance than the traditional RNNE.
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Fig. 6 Learning curves (LCH)
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Fig. 7 Leaming curves (LCH+NLCH)

4.2 Comparison of Bit Error Rate (BER)

In order to rtesearch the BER performance of
S-DFRNNE, two groups of BER curves (Fig.8
and Fig9) are obtained according to above
distortion channels.

According to these curves, we note that
S-DFRNNE has better BER performance than
RNNE. During the simulation process, we find
that, for the two given distortion channels, the
BER of RNNE always presents inconsistency and
possesses certain vibration, and that the BER
performances are even deteriorated with the
increase of SNR, which is the fault of RNNE
applied to channel equalization, while S-DFRNNE
makes up for the fault and its BER possesses
consistency.
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Fig. 8 BER curves (LCH)
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Fig. 9 BER curves (LCH+NLCH)

V. Conclusion

RNNE is very sensitive to the setting of
various initial values. How to select initial values
has still no conclusion, which is the existent
problem for most of neural networks adaptive
equalizers, especially for RNNE. However,
S-DFRNNE is easy to be real-time disposed since
it is not sensitive to various initial values. In
adaptive training, it only needs to set any initial
value as smaller random data and properly select
adaptive step, which will gain better equalization
effects that are sufficiently supported by the
consistency of the learning and BER curves.

From the above discussion we can draw a
conclusion that S-DFRNNE used for non-linear
channels with severe ISI and non-linear distortion
has better and more stable equalization properties.
It not only possesses the advantage of only a few

adjusting  parameters, but also exerts the
predominance of the decision feedback structures
that can refrain from ISI. And it is a feasible
scheme for the project implementation. In
addition, the structure and algorithm of
P-DFRNNE are proposed in the paper
P-DFRNNE can produce signals in the output end
in  parallel and has the approximate same
hardware cost as that of S-DFRNNE, which can
save time and improve the availability of
hardware. In conclusion, both S-DFRNNE and
P-DFRNNE are preferentially selected for adaptive
equalizers in practical application.
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