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Multilayer Perceptron-Based DFE with Lattice
Structure
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~ Abstract—The severely distorting channels limit the use of lent complexity [1]. The basic idea of DFE is that if the values
linear equalizers and the use of the nonlinear equalizers then of the symbols already detected are assumed to be correct, then
becomes justifiable. Neural-network-based equalizers, especially the 1SI contributed by these symbols can be canceled exactly by

the multilayer perceptron (MLP)-based equalizers, are com- . . . S
putationally efficient alternative to currently used nonlinear ~Subtracting past symbol values with appropriate weighting from

filter realizations, e.g., the Volterra type. The drawback of the the equalizer output [2].
MLP-based equalizers is, however, their slow rate of convergence, To further enhance the performance of the DFE, the multi-

which limit their use in practical systems. In this work, the effect |ayer perceptron (MLP) has been incorporated to the DFE. Itis
of whitening the input data in a multilayer perceptron-based shown that the MLP-based DFE (MLP DFE) [3], using the back-

decision feedback equalizer (DFE) is evaluated. It is shown from fi BP) algorithm [41. ai anifi H | d
computer simulations that whitening the received data employing propagation (BP) algorithm [4], gives a significantly improve

adaptive lattice channel equalization algorithms improves the Performance over the simple DFE [2].
convergence rate and bit error rate performances of multilayer To extend the applicability of the MLP DFE to areas involving

perceptron-based DFEs. The adaptive lattice algorithm is a modi- fast time-varying channels, e.g., mobile communication chan-
fication to the one developed by Ling and Proakis. The consistency nels, the whitening procedure is a necessary preprocessing stage

in performance is observed in both time-invariant and time L - .
varying channels. Finally, it is found in this work that, for time-in- for the MLP DFE to be able to track variations in these envi-

variant channels, the MLP DFE out performs the least mean ronments. The whitening process can be achieved using a lat-
squares (LMS)-based DFE. However, for time-varying channels tice filter as an input stage to the MLP DFE equalizer. In this
comparable performance is obtained for the two configurations.  case, the effect of the eigenvalue spread will be reduced sub-

Index Terms—Decision feedback equalizer (DFE), lattice filters, Stantially in both time-invariant and time-varying channels. The
multilayer perceptron (MLP). whitening procedure in this case can be considered as an ap-
proximation to second-order methods [5] since it is used for a
nonlinear filter, that is the MLP DFE.

In this work, the performance of the MLP DFE using a
SERIOUS limitation in attempting to achieve a high transwhitening scheme in its input is evaluated, where the BP
mission rate through a particular band-limited channel iggorithm, rather than the recursive least squares (RLS) [6],

the time dispersion suffered by the signal at the receiving eisdused here to update the MLP DFE as the former has a
of this channel [1]. In data transmission, the time dispersion iffbwer complexity than the latter one. It is shown that a great
parted on the transmitted signal results in a time overlap derprovement in performance is obtained through the use of
tween successive symbols, known as intersymbol interferenhs technique over both the simple DFE and the MLP DFE in
(I1S1). Equalizers have been used to describe filters used to cagath time-invariant and time-varying channels. The whitening
pensate for such distortions in the amplitude and delay charpgecess is carried out through a simple modification of the
teristics of the channel. adaptive lattice DFE originally proposed in [7]. Preliminary

Nonlinear equalizers [1], [2] are superior to linear ones in apesults of this work were reported in [8]. In this work we
plications where the channel distortion is too severe for a line@port on further results covering the aspect of the behavior
equalizer to handle. In particular, a linear equalizer does not pef-the proposed technique to time-varying channels and other
form well on channels with deep spectral nulls in their amplitudsarameters related to the length of the lattice DFE filter and the
characteristics or with nonlinear distortion. size of the MLP configuration in time-invariant channels.

A decision feedback equalizer (DFE) is a nonlinear equalizerThe rest of this paper is organized as follows. In Section Il, a
that is widely used in situations where the ISl is very large. Hrief review of artificial neural networks is given where the pro-
has been proved theoretically and experimentally that the Dipbsed new structure of the MLP-based DFE is presented along
performs significantly better than a linear equalizer of equivavith the modification to the adaptive lattice DFE [7]. The com-

putational complexity of the proposed algorithm is treated in
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Fig. 1. (a) Block diagram of overall system lattice filter MLP DFE. (b) Single channel lattice (stage m). (c) Two channel lattice (stage m).

recent interest in employing them in adaptive equalization feimplicity, finite parameterization, stability, and smaller struc-
data communication channels [3], [9], [10]. In this case, there size for a particular problem as compared to other struc-
linear adaptive filter is replaced by a neural network. Diftures.

ferent artificial neural-network architectures such as multi- A multilayer perceptron consists of several hidden layers of
layer perceptron, radial basis functions, and recurrent neunglurons that are capable of performing complex, nonlinear map-
networks have all been proposed in the literature for chanmhgs between the input and output layer. The hidden layers pro-
equalization [11]. Among all these structures, the most comide the capability to use the nonlinear sigmoid function (to be
monly and widely used is the MLP structure. The popularitgiefined later) to create intricately curved partitions of space with
of MLP-based equalizers is due in part to their computationedmplex nonlinear decision boundaries [12]. Furthermore, it has
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TABLE |
COMPUTATIONAL COMPLEXITY OF ADAPTIVE DFE ALGORITHMS

DFE MLP DFE MLP DFE with lattice filter
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Fig. 2. Scattering diagrams of different types of equalizers with chalinét) = 0.3482 4 0.8704z~* + 0.3482z~2 under SNR= 10 dB: (a) Unequalized
data. (b) Equalization using the simple DFE. (c) Equalization using the MLP DFE. (d) Equalization using the lattice-based MLP DFE.

been shown that only three layers are needed by the MLP to génputSz;,(f’_l)(h =1,2,..., N)fromthe(p — 1)th layer and

erate these boundaries [13]. produces an outpmﬁp), which is also a real scalar, expressed
The basic element of the multilayer perceptron is the neurgn.the following way:

Each neuron in the layer has primary local connections and is

characterized by a set of real weights ;, wo,, ..., wx,] ap-

plied to the previous layer to which it is connected and a real o = 1 <

threshold levell;. The jth neuron in thepth layer accepts real !

N
Z whﬂ};bp_l) + I](»p)> . (l)

h=1
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Fig. 3. Scattering diagrams of different types of equalizers with chafipét) = 0.408 + 0.816z~* + 0.4082~2 under SNR= 10 dB: (a) Unequalized data.
(b) Equalization using the simple DFE. (c) Equalization using the MLP DFE. (d) Equalization using the lattice-based MLP DFE.

This output value''?’ serves also as input to tiie+ 1)th layer layer are updated, respectively, according to the following rela-
(next layer) to which the neuron is connected. In the above diens:
pression,f;(.) represents the nonlinearity function. The most

commonly used one in the perceptron is of the sigmoid type, Awﬁf}) (14+1) :776](.”)@](.”_1) + aAwEf”j)(i) 3)
defined as [13] and
_ ¢, ®
1_ @ ALY (i 4+ 1) = jé; (4)
i) =1 = 2)
where

wheref;(x) is always in the range-1, 1], Yz € R (the set of n learning gain;
real numbers). The weightsu;,;} and thresholds level§l;} a momentum parameter;
are updated during training [3]. o o 3 threshold level adaptation gain.

The MLP did not receive much attention in applications until tha error signaﬁ(?“) for layerp is calculated starting from the

. . . . ;

the introduction of the BP algorithm [14]. The BP algorlthrrbutput layerP, as
was used in both linear equalizers [15] and nonlinear equal- '
izers (DFE) [3], and it was found that in both cases, the neural ' (P (1 _ 2D
—network-based configuration out performed its nonneural net- P (ZJ Y ) ( Y )
work-based counterpart. In this work, however, only the MLP J

DFE [3] will be considered as it is more advantageous than its )
linear counterpart. and is then recursively backpropagated to lower layerse(

[1, 2, , P — 1]) according to

5 ©)

A. The Learning Phase

In the BP algorithm, the output value is compared with the de- s _ (1 _ U?(m) 3
sired output, resulting in an error signal. This error signal is fed ! !
back through the network whose weights are adjusted to min-
imize this error. The increments used in updating the weightsherel is over all neurons above the neurpim the (p+ 1) — st
Ay, and threshold levels\ I;, of thepth (p € [1, 2, ..., P]) layer andz; is the desired output. To allow for a rapid learning,

5D, 0D

J

= ®
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Fig. 4. Learning curves of different types of equalizers with chafihelz) = 0.3482 + 0.8704z ' + 0.34822~2 under SNR= 20 dB.

a momentum ternﬁwﬁf’j)(i), scaled by, is used to filter out showed that the L-DFE has a much better performance than the
high-frequency variations of the weight vector. Consequentlyimple DFE.
the convergence rate is much faster and the fast weight changd§ this scheme is used as a prewhitening process to the MLP

are smoothed out. DFE, the performance of the MLP DFE in terms of convergence
rate, BER, and steady-state MSE will therefore be expected
B. Proposed Scheme to improve on both time-invariant and time-varying channels.

Fig. 1 gives the details of this new configuration where the
Because the BP algorithm is no more than a generalized legshFE [7] is used as a whitening scheme for the MLP DFE
mean squares (LMS) algorithm [16], it then suffers from thgs]. The L-DFE consists of a lattice predictor part and a joint
same problems as the LMS algorithm, particularly the slow raggtimator part. The predictor ha¢ = N, — N, scalar stages
of convergence when applied to channels with spectral nullstfllowed by V, — 1 two-dimensional (2-D) stages. The L-DFE
their frequency responses. These channels are known to yiglgut is the received signal(i), while its outputs{g,,(7)} and
a large eigenvalue spread of the autocorrelation matrix of thelayed versions of the decision device output are used as in-
signal at their outputs. This kind of channel characteristics pgts to the MLP DFE which has one input layer, two hidden
often encountered in time-variant channels. Moreover, as segfiers and one output layer. As shown in Fig. 1, the outputs of
later, the BP-based MLP DFE has an equal performance to tf@$ |-DFE are used as inputs to the feedforward section of the
of the simple DFE in time varying channels. The MLP DFHattice-based MLP DFE, and depending on the valug$oind
equalizer can then hardly be justified for the equalization of sugh,, the L-DFE will then consist of either a scalar stage or a 2-D
channels. Eventually, a whitening procedure must be used to igire. However, it should be noted that the neural network carries
prove the performance of the MLP DFE with the BP algorithrgut solely the estimation of the signal.
as an updating scheme. The outputs{g,.(¢)} that account for the modification to
Since lattice equalizers are known to be insensitive to theDFE [7] are detailed as follows. During the initialization
eigenvalue spread of the channel autocorrelation matrix [1pfocess, it is defined as
[18], adaptive lattice (AL) algorithms can generate a set of
orthogonal signal components that can be used as inputs to the go(4) = 0. )]
equalizer lending themselves to fast convergence. Ling and
Proakis [7] derived a generalized least squares multichanial for the scalar stage8 & m < N; — N»), they are given by
lattice DFE (L-DFE) algorithm, implemented and investigated
it on both time-invariant and time-varying channels. The results g,,(1) = gy 1(7) + k2,(i — 1)bp_1(3) /72, (i —1). (8)
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Fig. 5. Learning curves of different types of equalizers with chafiglz) = 0.408 + 0.816z~" + 0.408z~2 under SNR= 20 dB.

Finally, in the 2-D stage$N; — N2 < m < Nj), they are
expressed as

spectively, and finally.; = 1 is the number of neurons in the
output layer of the MLP.
From Table I, we see that the LMS algorithm is the simplest

() = g1 (ORI (= 1)ry (=11 (1) (m < M)
9)

of all and by using the lattice filter at the input of the MLP DFE,
a load of(20NV; 4+ 39N, — 39) computations is added. Thus, a

where all the terms in the above expressions are defined in thedeoff between performance and complexity has to be made

Appendix which gives all the details of the algorithm.

I1l. COMPUTATIONAL COMPLEXITY OF THE ALGORITHMS

when implementing the equalizer.

IV. SIMULATION RESULTS

Most common operations used in adaptive filtering algo- The performance of the new structure (MLP DFE with lattice
rithms are additions, multiplications, and divisions. Wheastructure) is compared to that of the simple DFE and MLP DFE.
digitally implemented, the last two operations are knowBoth the simple DFE and the MLP DFE structures use four sam-
to be more computationally costly than the first one angles in the feedforward section and one sample in the feedback
are very prone to causing instability specially in fixed-poingection. For the latter structure, this results in five input samples
computations. Even in systems equipped with floating-poiit its input layer. The number of neurons in the first and second
arithmetic, these two operations can sometime lead to overfldvidden layer, and the output layer are 9, 3, and 1, respectively,
hence causing the algorithm to diverge. To avoid this probleamd is denoted by the triplet (9, 3, 1) for ease of reference. Fi-
of overflow, floating-point arithmetic is preferred. From aally, the L-DFE was initially set up witlv; = 4 and N, = 1
computational viewpoint and whenever possible, algorithnggving rise to four outputsg, (i), 0 < m < 3). These four
involving fewer multiplications and divisions should alway®utputs and the delayed output from the decision device will
sought after, especially in applications involving tracking iprovide the five inputs to the MLP DFE. In this case, a (6, 3, 1)
fast-changing environments, e.g., wireless communication. configuration for the lattice-based MLP DFE is used such that

Table | gives the computational complexity of the three athe two MLP configurations have similar complexity. The back
gorithms used in this work, namely, the simple DFE, the MLPropagation algorithm is used to update the MLP DFE where
DFE, and the lattice-based MLP DFE. The notations used time learning gain parameter, momentum parameter, and
Table | are defined as followsV; is the number of feedfor- threshold level adaptation gaj#y have been chosen as in [3],
ward taps,Vs is the number of feedback tap&y; + N2) is namely 0.07, 0.3, and 0.05, respectively. The weighting factor
the number of inputs to the MLE,; and L, are the numbers for the lattice algorithm is 0.99 and the step size for the LMS
of neurons in the first and second hidden layers of the MLP, ralgorithm used in the simple DFE is 0.035. The digital message
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Fig. 6. BER performance of different types of equalizers with chafhglk) = 0.3482 + 0.8704z " + 0.3482z—2,

applied to the channel is made of uniformly distributed bipoldn both figures, part (a) shows the unequalized data, whereas
random numbers<1, 1). The channel noise is taken to be aparts (b), (c), and (d) represent the effect of equalization by the
additive white Gaussian noise. simple DFE, MLP DFE and lattice-based MLP DFE, respec-
The simulation results reported in this paper were all obtainédely. As can be observed from these diagrams, the simple DFE
using MATLAB. Neither instability problem nor coefficient di- tries to remove 1SI from the received data, but with little success
vergence were observed in these simulations even for long r@gginst the contaminating noise. However, the MLP DFE not
of 107 samples. only removes ISlI, but also reduces the area of the noise cloud
The system performance will be evaluated using both a timigy restricting the equalized symbols within a small area. Fi-
invariant and a time-varying channel, as discussed below. naIIy, when Whitening the received data with the lattice filter,
the equalizer’s performance is much improved and the symbols
are seen to converge closer to their original positions. The pos-
A. System Performance in Time-Invariant Channels itive effect of the lattice filter is clear.
o ) ] In the case of the learning curves, these are obtained by av-
Two time-invariant channel models are used in thgraging 600 independent runs. Each run has a different random
simulation and are described by their transfer funGequence and random starting weights for the perceptron struc-
tions Hi(z) = 0.3482 + 087042 ' + 0.34822 %, and tyre, and an SNR of 20 dB is used. Fig. 4 depicts the convergence
Hy(z) = 0.408 + 0816z ' + 0.408z 2. The eigenvalue pehavior of the three algorithms for the first channel. This figure
spreads for the first and second channel are 25 and 81, respgfgsws a clear improvementin both the convergence time and the
tively. Also, it should be pointed out here that the first channgfeady-state MSE when whitening the received data with the lat-
model matches the one used in [3], while the second chanfgé aigorithm. This result illustrates also that even though the
matches one of the time-invariant channel models used in [7} p DFE configuration converges more slowly than that of the
During this part of the simulations, the performance measusgnple DFE, it nevertheless results in a lower steady-state MSE
is obtained through the use of scatter diagrams, learning curvggiue than that of the latter. It should also be clear from this
and BER curves. figure that the steady-state MSE of both MLP DFE configura-
Scatter diagrams are plotted in terms of the present chanrt@ns is below the noise level. This results from the nonlinear na-
output symbol as a function of the past channel-output symbutire of the equalizer transfer function [3]. Furthermore, the MLP
Figs. 2 and 3 show these diagrams for the three equalizers’ dDEE equalizer is capable of generating highly nonlinear deci-
puts after 10 000 iterations for first channel and second chanrsgn regions, in contrast to the LMS DFE equalizer which only
respectively, and with a signal to noise ratio (SNR) of 10 dBorms a hyperplane decision boundary [10]. Also, it is generally
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Fig. 7. BER performance of different types of equalizers with chaffgl:) = 0.408 + 0.816z—! + 0.408z 2.

understood in linear signal processing thatltheorm error cri- respectively. The effectiveness of MLSE over the lattice-based
terion produces a parabolic error surface with no local minimMLP DFE is very clear from these figures; however, the
and has a continuously differential nature. However/{hrm computational complexity of the MLSE technique (including
error criterion for perceptrons will not generally produce a pathe channel estimator) severely limits its applications [7].
abolic error surface owing to its nonlinear nature [19]. To further enhance the performance of the lattice-based MLP
A similar improvement is also obtained for the seconBFE as far as the size of the lattice filter is concerned, it has
channel despite its larger eigenvalue spread, as shown in Figh&en tested wheV; = 4 and N, = 1 (4, 1) against the one
The difference in convergence time between the MLP DFE amdth ~N; = 5 and Ny = 2 (5, 2) for the second channel. The
the MLP DFE using lattice algorithm is now more pronounced5, 2) configuration has now five inputs entering the MLP DFE
The insensitivity of the lattice algorithm to the eigenvaluavhereas the (4, 1) configuration has only four inputs. The results
spread is very clear. are depicted in Fig. 8. The (5, 2) configuration gives a better per-
Figs. 6 and 7 illustrate the BER curves for simple DFEprmance over the (4, 1) configuration; more than 1 dB improve-
MLP DFE, and lattice-based MLP DFE for the first and seconuient at a BER of 10 is obtained. This improvement in perfor-
channel, respectively. The consistency in performance of thrance is of course reached at a slightly higher complexity, since
proposed structure in both channels is very distinctive. Ahe (5, 2) configuration process more information and therefore
improvement with the proposed lattice-based structure of li2expected to yield an enhancement in performance.
dB over the MLP DFE and of 2-dB over the simple DFE at a Finally, an experiment was conducted for both channels to
BER of 1072 has been clearly achieved for the first channehbserve the changes in performance of the lattice-based MLP
Again, the difference is more distinct for the case of the secoBd-E configuration by reducing its size from (9, 3, 1) to (3, 2,
channel. This makes the use of the lattice structure mdte The learning curves for the lattice-based MLP DFE config-
justifiable when the ISl is large. uration for the first and the second channel are shown in Fig. 9.
To analyze further the performance of the lattice-based MLThe signal to noise ratio is set to 10 dB. From this figure, it is
DFE previously discussed, its performance is compared to tiwduserved that the decrease in the network size increases the con-
of the maximum-likelihood sequence estimation (MLSE) [20}ergence time of the neural equalizer but the steady-state MSE
which comprises a channel impulse response estimator ange@ains unaffected. This is because it takes a longer time for the
maximum likelihood sequence estimator. In the simulationeurons of the small-size MLP DFE to converge to the optimum
no channel estimation was performed and therefore the exaetights but once they converge, the mean-squared error is the
channel impulse response was used in the MLSE. The resuglésne as that of the comparatively large-sized network. But this
are reported in Figs. 6 and 7 for the first and second channegnd does not hold for any lower size of the network, i.e., re-
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Fig. 12. BER performance of different types of equalizers for time varying channel with lowpass filter bandwidth of 0.5 Hz.

ducing the network size further will deteriorate the behavior @ obtained for both MLP DFE and LMS DFE configurations;
the equalizer, since the equalizer will lack the minimum netrowever, for the time-invariant channels, it was found that the
essary computational power (number of neurons) to be ableMaP DFE gives better performance over the LMS DFE.
track variations in the weights caused by changes in the envi-To further investigate the consistency in performance of the
ronment. lattice-based MLP DFE, the rate of variation of the channel im-
pulse response is increased. This is done by increasing the band-
width of the low-pass filter, e.g., bandwidth of 1.0 Hz. There is
a deterioration in the performance of both the LMS DFE and the
The time-variant fading channel was used to evaluate the ¢4 P DFE and the difference between them and the lattice-based
pability of the equalizer to track the changes in a time-varyingLP DFE will increase as clearly shown in Fig. 13. The lat-
dispersive channel. The discrete-time channel model ftite-based MLP DFE attains lower error floor than both of the
time-varying fading channel is described by the followingMS DFE and the MLP DFE. The LMS DFE and the MLP DFE
transfer functionH (2) = ao(t) +a1(t)z 1 + a2(t)2 2, where saturate after the SNR of 13 dB to approximately to same BER.
ao(t), a1(t), and as(t) are the time-varying coefficients of Again in this case the MLP DFE and the LMS DFE have com-
the channel impulse response. These are generated by passingble performance.
white Gaussian noise through a low-pass filter of a specifiedFor comparison purposes, the theoretically optimum DFE
bandwidth [7]. If we assume that we have a nominal 3 kHz HFf] was simulated. This is a transversal DFE with coefficients
channel, the signaling rate is 2400 symbols/s, and the low-p&stected according to the exact characteristics of the channel
filter is a two-pole Butterworth filter, then the 3-dB bandwidthat each time instant, to yield minimum MSE. The comparison
of the low-pass filter can be used as a parameter to control tietween the lattice-based MLP DFE and the theoretically op-
rate of variation of the channel impulse response. The curw@aum DFE for channel variations characterized by bandwidths
representing the time variation of the coefficients are depict@dlL Hz, 0.5 Hz and 1.0 Hz were used in simulation yielding
in Fig. 10 for bandwidth of 0.5 Hz. results shown in Figs. 11-13, respectively. Comparable per-
Figs. 11 and 12 show the BER performance of the three equalrmances were obtained in Figs. 11 and 12. However, when
izers for the time variations of the coefficients for bandwidths dhe variation of the channel impulse response is increased, the
0.1 Hz and 0.5 Hz, respectively. The results illustrate the sugeerformance of the lattice-based MLP DFE degrades a little bit.
riority of the lattice-based MLP DFE. In both figures, the other The saturation effect (error-floor) for both LMS DFE and
two equalizers’ performances are not attractive. Moreover, B8P DFE in Fig. 11 is due mainly to whehk, /N is larger
can be noticed from these figures that comparable performartican 10 dB, noise has little influence on the BER, because at

B. System Performance in Time-Varying Channels
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Fig. 13. BER performance of different types of equalizers for time varying channel with lowpass filter bandwidth of 1.0 Hz.

that time, errors are mainly caused by tap-gain lag due to the  varying channels comparable performance is obtained
variation of channels. As the channel variation increases, the  for the two configurations. The LMS and the BP algo-
saturation effect gets worse, this is depicted in Figs. 12 and 13. rithms have comparable tracking capabilities in time-
Finally, as explained earlier, it was made sure that the two varying channels.
MLP configurations have similar complexity. 7) In time-varying channels, on which the results of
Figs. 11 and 12 are based, the performance of the lat-
tice-based MLP DFE is close to that of the theoretically

optimum DFE.
V. CONCLUSION 8) The simulation results indicated that the lattice-based
MLP DFE is stable and no sign of instability was shown
The results of our study can be summarized briefly as follows; __ for both time-invariant and time-varying channels.

o o 9) A separate study to be reported later shows the robust-
1) The use of the lattice filter as a whitening scheme for the ness of the proposed scheme with respect to nonlineari-

MLP DFE equalizer’'s input data results in substantial ties.

improvements in terms of convergence rate, steady-state; g) Fyrther work aimed at comparisons with LS DFE in

MSE, and BER. _ _ both time-invariant and time-varying channels is cur-
2) The convergence rate of the lattice-based MLP DFE is rently being pursued.
mTetnane ?f t?e ?!genyalug sptref]ld of tlhe channel Cor'Finally, this work has presented the improvements brought
3 [I(_aha |onh.rtna.r|x or r:me—mvarl':sm (t:hanlmtet's. based M out by whitening the received data samples before they are
) DFeE\IN tening .,f.’c etmizhma_ es ; teh al\/llcl:_(laD_ ;se ¢ pplied to the MLP DFE. The lattice-based MLP DFE out per-
€ss sensilive 1o the size of the OWN 10 & rmed both the LMS DFE and MLP DFE in both time-invariant

tolerable size. X .
) . . and time-varying channels.
4) Increasing the size of the lattice DFE enhances further ying

the performance of the lattice-based MLP DFE.

- APPENDIX
5) The proposed lattice-based MLP DFE has better
tracking capabilities than both the LMS DFE and MLP THE LEAST SQUARESLATTICE DFE ALGORITHM
DFE in time-varying channels. The algorithm stated below is adapted from [7], and is sum-

6) It is found that, for time-invariant channels, the MLRnarized for convenience. Note that bold faced characters repre-
DFE out performs the LMS DFE. However, for time-sent matrices or vectors. Specificalfy, (¢), b, (¢) andkZ, (¢)
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are 2x 1 vectors, whiler/, (i), r¥, (¢) andk,, (i) are 2x 2 ma- /(i) =wxrd (i — 1) 4 (i — D)E, ()L (0)
trices. We also denote the inverserfif(é) andr;, () by r,, 7 (i) 12 (3) —wp5r? (i — 1) + o ()b (3B, (3)
andr;;?(i), respectively. All otherquantltles are scalars Finally, = . oT b .
Tn_q IS the detected sample. In this algorithnis chosen to be gm(0) = gm—1(0) + k5 (1 = Dy 3 (0= Doy (i)
a very small positive number, white is a positive number close (m < Ny)
to one (typically 0.95-1.0). (1) = 1 (3) — &2, (DL _ (D2 ()b (i)
A. Initialization em (1) = Tn—a(t) = gm(7)
k}qrz(L) =w* k}qrz(L - 1) + amfl(i)bm 1( )ern 1( )
(m < Ny).
b (i) = fo(d) = y(i)
v) () =ro(0) = wxrf (i — 1)+ |y()?
eo(t) =En—alt), 9o(3) =0, (i) =1 ACKNOWLEDGMENT
v/ (0)=r" (0)=~,  kn(0)=0, k%(0)=0 The authors would like to thank the anonymous reviewers
(m=1,..., Ny — Ny — 1) for their constructive suggestions which r_las helpeq impr_ove the
kﬂ’w(O) —0 (M = Ny — \y) paper and Dr. L. Cheded for the discussions on this topic.
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