BLIND CANCELLATION OF INTERSYMBOL INTERFERENCE
IN DECISION FEEDBACK EQUALIZERS

Sylvie MARCOS !, Sofiane CHERIF * and Meriem JAIDANE *

1T aboratoire des Signaux et Systémes, CNRS-ESE, Plateau de Moulon,

91192 Gif-sur-Yvette cedex, France, e-mail : marcos@lss.supelec.fr

2Laboratoire des Systémes de Télécommunications, ENIT/ESPTT, Campus Universitaire,

BP 37, Le Belvédére, Tunis, Tunisia. e-mail : elcelab@espttn.esptt.tn

ABSTRACT

This paper presents the cancellation of intersymbols in-
terferences (ISI) as a criterion for the blind adaptation
of decision feedback equalizers (DFE). We show that this
criterion is an alternative to the decision directed (DD)
algorithm. This paper also proposes to replace the hard
limiter in the decision device of DFE by a soft decision
implemented by a hyperbolic tangent function in order to
escape from local minima during the initialization of the
blind algorithms. As the theoretical investigation of these
criteria and algorithms is difficult, we here analyse some
simple examples to illustrate the interest of the proposed
solutions.

1. INTRODUCTION

High speed data transmission over band-limited and /or
dispersive channels requires the equalization technique
to remove the intersymbol interference (ISI) between
the successive transmitted data. Equalization is usu-
ally performed by a linear transversal equalizer (LTE)
followed by a decision device. When the channel trans-
fer function has zeros close to the unit circle, the LTE
has to compromise between inverting the channel trans-
fer function and avoiding the noise enhancement. De-
cision feedback equalizers (DFE), which consist of a
recursive filter in conjunction with the decision de-
vice in the feedback loop, offer improved performances
compared to the LTE in case of difficult channels.
The optimization of the equalizers is achieved by adap-
tive algorithms derived from the minimum mean square
error (MSE) criterion between the equalizer output
and the transmitted data sequence. During a prelimi-
nary learning phase, a reference data sequence, known
by the receiver, is transmitted in order to initialize the
adaptation of the equalizer. In some applications, this
preliminary learning phase is too constraining.

Blind or self-adaptive equalization which consists in
recovering the transmitted data sequence without a
reference sequence to be transmitted, has drawn the
attention of many researchers. Different classes of
techniques have been considered. Among them, the
Bussgang-type algorithms [1] are least mean square
(LMS) algorithms which include a nonlinearity on the
output of the equalizer. Whereas these algorithms
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(see [2][3], for example) were initially introduced and
analysed for LTE, they may, however, be implemented
for DFE [4]. The present paper focusses on the blind
adaptation of DFE.

The following section introduces the ISI cancellation
(ISIC) criterion as an alternative to the decision di-
rected (DD) criterion [4] for the blind optimization of
DFE. Based on simple examples, the error surfaces
are investigated as well as the convergence properties
of the corresponding self-adaptive algorithms. Section
3 presents a procedure for initializing the blind algo-
rithms in order to prevent them from getting stuck in
a local minimum. This is obtained by replacing the
hard limiter in the decision device by a soft decision
function which smoothes the local minima and makes
them disappear. Section 4 is the conclusion.

2. BLIND CANCELLATION OF ISI IN DFE
2.1. The ISI cancellation (ISIC) criterion

Let us consider the channel and the DFE in Figure
1. The transmitted symbols a; are transformed by
the channel with coefficients h;, i = 0,..., N, into a
sequence of received data

N
T = Zhiak—i (l)
=0

We here assume that the aj, are iid and zero—mean and
that the channel is causal. The DFE with coefficients
gi,1=1,... N, is designed to construct an estimation
of the causal ISI so that the signal at the input of the
decision device is

N
Yk = Ty — Z!]iak—i dp-1 = flye-1) (2)
=1

where f(.) is the nonlinear function implemented in
the decision device. The optimization of the DFE
is usually performed by minimizing the MSE J, =
E [(a;c - yk)z] between the transmitted symbol and
the signal y; before decision. The corresponding LMS
algorithm then requires a preliminary phase during
which the transmitted data must be known from the
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receiver. During the running phase, the reference sym-
bol is replaced by the estimated symbol so that the
criterion being performed is then J; = E [(a — vk )?].
Used from the beginning of the adaptation, it gives
the DD algorithm {2].

We here consider and analyse the minimization of J, =
E [y,%] Under the assumption of iid and zero-mean
ay, this criterion corresponds to the cancellation of the
causal ISI before decision. It will be referred to as the
ISIC criterion in the following. It can also be viewed as
a kind of nonlinear prediction of the received sequence
), generated by (1). Noting that J, = Jo+(1—-2ho)02,
where 0':;’ is the variance of ag, it follows that Jy and
J2 have the same characteristics. The advantage of J;
over Jy is that it provides a blind algorithm. Besides,
the proposed criterion is valid for any type of modu-
lation of the transmitted signals.

The following is devoted to a simplified analysis of the
error surfaces associated with J; and J,.

2.2. Analysis of the error surfaces

We could apply to the ISIC criterion the analysis made
in [4] for the DD algorithm. The results are, however,
too general to be useful for the comparison of J; and
Js. By considering simple systems, we can investi-
gate the surfaces associated with J; and J, and the
conditions of existence of local minima as functions of
the characteristics of the channel. Let us consider the
case of ¢) iid ax € {—1,1} with equal probability, i)
a channel with two coefficients, hy and hy,ie. N =1
and g = g, i) f(.) = sgn(.). The cost functions are
thus

Ji1(9) = Ja(g) +1—2hoE [arar]
—gh1E[ak—1ak] - 2gE[ak—1gk] (3)
Ja(g) = ki + hi + g% — 2gh1 E [ag_1@k—1]

Clearly, the probability distribution of the data @_,
and @ also depends on the DFE parameter g. Taking
into account that yx—; can only take a finite number of
values depending on the channel and DFE parameters
and on the data levels, it appears that

D={g:y-1=0, ag_1, ak_2, dp—2 € {—1, l}%4)

defines a set of hyperplanes in the DFE parameter
space. These hyperplanes yield a number of man-
ifolds, referred to as polytopes in [4], within which
Yk—1 is in the same decision region, z.e., f(.) takes the
same value. Within each manifold, @, and @;_; are
independent of g and the cost functions (3) in the cor-
responding manifold then reduce to a parabola. Each
parabola has a corresponding minimum. This mini-
mum may, however, not belong to the manifold as-
sociated with the parabola. If the minimum belongs
to the corresponding manifold, it is said to be locally
attainable [4] and it yields a local minimum in the re-
sulting error surface.
Within a given polytope, J; and J2 (3) are minimum
for

J1,0pt = hE [ak—lék—l] +E [ak—lak] (5)

g2,0pt = hE [ak—lak—

respectively. It then appears that the DD cost func-
tion may have more local minima than the proposed
one. This is illustrated by the following examples.
Examples: Let us consider the manifold where the
decisions are all correct, i.e., @ = ag, so that

E[ak_lak_l] =1 and E [ak_liik] =0
and the cost functions (3) become -

Jl(g):1+/18‘;{-h¥0+g3—2gh1—2h0 (6) ‘
Ja(g) = hi + hi + 9> — 29h,

They both have the same minimum g = h; and this
minimum is attainable since it is easy to check that it
correponds to correct decisions.

Now, when g = 0 and 0 < hg < h; (non minimum
phase channel) we can establish that

E [ak_lak_l] =0 E [ak_lak] =1 E [&k_lak_l] =0
and cénsequently

J1=1+h8+h13+g2—2h1 (7)
Jo = h3+hi+g°

It then follows that J; and J» have the same attain-
able minimum ¢ = 0 which then corresponds to a local
minimum of the global cost functions. Figure 2a ex-
hibits the simulated cost functions J; and J,, and the
theoretical curves (6)(7) for Jo» when hg = 0.5, h; = 1.
Reasoning in the same way, it is easy to check that
when 0 < h; < hg (minimum phase channel), g = 0
does no longer correspond to an attainable minimum.
Figure 2b exhibits the cost functions J; and J,, and
the theoretical curves (6)(7) for J, when hy = 1,
h; = 0.5. Figure 3 exhibits an example, corresponding
to hg = 0.3, hy = 0.4, where two minima are attain-
able for J» and five minima are attainable for J;.

2.3. Self-adaptation of the DFE

Because of the recursive structure of the DFE, the
computation of the gradient of J; and J, would the-
oretically require an infinite memory of the data [6].
The DD and ISIC algorithms

Jre+1 = gr + p(Ax — Ye)Br—1 8)
Je+1 = 9k + HYrOr—1

derived from the cost functions J;, and J,, respectively,
are approximations of the actual LMS algorithm. It
has been established in [4] that the convergence of the
DD algorithm within a given polytope is ensured when
the step-size p is small. For the ISIC algorithm, we

establish from
Elgi1] = (1= 20)E [gi] +kE [57]
. . +2ph B [grardr-1]  (9)
E [y7] = h§ + hi + E [g7] — 21 E [grar@e_1]

and under the hypothesis that £ [af_;d;] vanishes when
i tends to infinity, and for small values of u, that
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: 9 h% + hi
Jim E[g°(k)] » p—5— (10)

Figure 4a exhibits the convergence of the ISIC algo-
rithm initialized at ¢ = 0 when hg = 0.5, h; = 1 for
g = 0.01 and g = 0.1. The variance of g; is found to
be equal to 6.510~3 and 0.01, respectively, which is in
agreement with 6102 and 0.06 found with (10).

The simulations have also shown that when g > 0.045
the ISIC algorithm can escape from the local mini-
mum g = 0 towards the global minimum correspond-
ing to ¢ = hy,. By assuming that g, is Gaussian and
zero—mean with variance (10) in the polytope around
g = 0, it is easy to compute that the probability to
escape from the local minimum g = 0 bounded by
[ho ~ h1, b1 — hg] is greater than 0.98 when u > 0.1
which yields a satisfying condition on g compared to
the simulation results. We can observe in Figure 4b
that the DD algorithm cannot escape from the local
minimum. For the ISIC algorithm, when k¢ = 0.3 and
h; = 0.4, the approximation yields that px should be
greater than 0.02 to escape from the local minimum
which is confirmed by the simulation in Figure 5 where
¢ = 0.025. The DD again converges towards a local
minimum.

The following is devoted to a modification of the de-
cision function in order to ensure the convergence to
the global minimum for any step-size.

3. SOFT DECISIONS IN ADAPTIVE DFE
3.1. The error surfaces with soft decisions

We here suggest to introduce a soft decision at the
beginning of the DFE adaptation. This is achieved by
implementing a hyperbolic tangent function f,(z) =
tanh(pz), with slope p at the origin, instead of f(z) =
sgn(z). This choice is motivated by the fact that the
influence of a false decision when forming the con-
trol error in the adaptive algorithm should be reduced.

Figure 6 exhibits that this soft decision allows to smooth

the local minima as p decreases, until they disappear,
while the global minimum is only slightly translated.
A rough theoretical approximation of the cost func-
tion Jo can be established by assuming that y; at the
input of the decision device is a zero-mean Gaussian
process. This hypothesis is far from being true in the
case of data transmission. It becomes, however, ever
more true as the data take a larger number of values
and as the channel is longer. With this hypothesis, a

simplified version of the Price theorem [5] can be used

to derive a recursive computation of the variance o3

of yy,

2 2
2 _ p2 2 22 . 2p°05
(ot _h0+h1 +g "_AT'CSUZ [W]

e (11)

1
ksl
1+2p:'0k_l ¢

—%lArcsin [
where ¢ = \/2/71'}1.0/0’%_1 is a correlation coefficient

constrained to be smaller than 1. Consequently .5 can
be approximated by the limit of the above recurrence.

For example, we can see in Figure 6 the approximation
(11) of Jo when p = 4 and p = 1. Although the global
minimum does no longer exist, the approximated error
surface and the actual one coincide for the rest of the
curve. This suggests that the rough hypothesis of y;
being Gaussian is ever more true far from the global
minimum.

3.2. Adaptation of the DFE with soft decisions

By replacing the sign function by a hyperbolic tan-
gent function with slope p giving a unique global min-
imum in the cost function, we can verify that the ISIC
algorithm converges towards this minimum for any
step—size of the algorithm. For example, we can see
in Figure 7 that the algorithm. initialized at ¢ = 0,
converges for p = 1 with ¢ = 0.01 whereas it did
not converge for this step-size with the sign function
(compare with Figure 4).

If the global minimum of the error surface with the soft
decision is in the polytope corresponding to the global
minimum of the error surface with the hard limiter,
we can start the algorithm with a small slope in the
decision function and, after a few iterations, we can
switch to the algorithm with the hard limiter. The
result can be seen in Figure 7.

It is worth noting that another advantage of using soft
decisions is that we can use, for the adaptation of the
DFE, the finite memory recursive LMS (FMRLMS)
algorithms [6] which were introduced to adapt nonlin-
ear recursive filters and which were found to be useful
in difficult situations, like convergence near unstable
regions or in a non-stationary context [7].

4. CONCLUSION

In this paper, we proposed the ISIC criterion for the
self-adaptation of DFE as an alternative to the DD
algorithm. Through simple examples, we have shown
that the ISIC criterion is less subject to local minima
than the DD criterion and that the ISIC algorithm is
less subject to getting stuck in the local minima than
the DD algorithm. These results should, however, be
further analysed in a more general context. Besides,
we proposed to replace the hard limiter in the deci-
sion device by soft decisions during the initialization
“of the blind algorithms. This was shown to reduce
the influence of false decisions and to smooth the lo-
cal minima so that the global convergence may occur
for any step-size and any initialization.
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Figure 1 : Decision feedback equalization

OF a) Channel h0=0.5, h1=1. Sign function
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Figure 2 :J1 (-) and J2 () wrt g and theoretical
curves for J2 in polytopes g=0 (+) and g=h1 (o).

Figure 3 :J1 (-) and J2 (=) wrt g and theoretical
curves for J2 in polytopes g=0 (+) and g=h1 (o).
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a) Criterion J2. Lower curve U =0.01.
Upper curve W =0.1.
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Figure 7 : Convergence of parameter gk.



