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A Soft Output Hybrid Algorithm
for ML/MAP Sequence Estimation
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Abstract—The classical Viterbi algorithm (ML sequence estimation)
can be computed using a forward-backward structure, similar to that of
the classical hidden Markov model forward-backward algorithm (MAP
state estimation). This similarity is exploited to develop a hybrid algo-
rithm which provides a mathematical connection between ML sequence
estimation and MAP state estimation.

Index Terms—Forward-backward algorithms, hidden Markov models,
HMM’s, sequence, soft outputs, state estimation, Viterbi algorithm.

I. INTRODUCTION

The basic filter theory for hidden Markov models was first pre-
sented by Baum and his colleagues in a series of papers in the late
1960’s and early 1970’s [1]–[5]. These papers developed statistical
estimation algorithms for a discrete-time Markovian process observed
in noise. The model structure became known as a hidden Markov
model (HMM) and since the mid-1980’s has become increasingly
popular in many engineering applications (e.g., signal and speech
processing). In the field of communications, the typical application
is one where the signal statistics are knowna priori and the goal
is to estimate the transmitted state sequence from observed data.
There are two natural measures of the most probable state sequence
transmitted. First, at each separate time, one may consider the states
which are individually most likely. This is equivalent to estimating
the maximuma posteriori probability (MAP) (sometimes known
as minimum variance or conditional mean) state estimates. These
estimates can be determined using the HMM forward-backward
algorithm (HFBA) [7]. Conversely, one may consider the most likely
state sequence over all the data. This is equivalent to computing the
maximum-likelihood (ML) state sequence for the full data stream.
This estimate can be determined using the Viterbi algorithm (VA) [7].

In 1974, Bahlet al. [8] explored the use of MAP estimation in
decoding linear block and convolutional codes in order to minimize
the symbol- (or bit-) error rate. They concluded that the increased
computational complexity of MAP estimation was not warranted as
the performance of the VA and the MAP estimators were effec-
tively identical in the applications they considered. More recently,
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a renewed interest in MAP estimates has followed from the interest
in soft-output Viterbi algorithms (SOVA’s) [10]. These algorithms
are necessary in demodulation, decoding, and equalization problems
[9] in telecommunications, where several decoding algorithms need
to be concatenated together, and the hard-decision output of the
traditional VA applied early in the procedure results in degradation
of performance in later decoding steps. Recent work in investigating
computationally efficient approximations of the HFBA has lead to
the development of an algorithm referred to as the Max-Log-MAP
algorithm [20]. This algorithm is of interest since Robertsonet al. [20]
showed that maximizing the metric provided by the Max-Log-MAP
algorithm results in the same state sequence estimate that is obtained
by the VA and, consequently, must be related in some manner to
ML probabilities. There has been previous work in computing ML
probability distributions at each time instance in a data stream (cf.,
for example, Hayeset al. [19]), however, the Max-Log-MAP algo-
rithm provides an efficient algorithm for computing these probability
distributions. Nevertheless, algorithms such as the Max-Log-MAP
algorithm are computationally more expensive than the VA. They do,
however, generate soft outputs as well as estimating the same state
sequence as the VA. Recent work in efficient VLSI implementations
[21] along with improvements in the speed of low-cost DSP chips
reduce the dependence on low computational cost solutions.

In this correspondence we provide a theoretical study of the simi-
larities and differences between the MAP and the ML state sequence
estimates and the HFBA and the VA used for the computation of
these estimates. Our goal is to provide a simple extension of the
concepts of the HFBA and the VA couched in the terminology
adopted by Rabineret al. [6], [7]. We show that the interpretation
of the VA as the maximization of an ML probability measure
can be extended to provide an ML probability distribution for
states at each separate time instance as well as over the full data
set. Interestingly, the computation of this probability distribution is
achieved in an analogous manner to the HFBA and we refer to
this algorithm as the Viterbi forward-backward algorithm (VFBA).
The logarithmic version of the VFBA generates the Max-Log-MAP
algorithm presented in [20].

The similarity between the HFBA and the VFBA leads to the
concept of a hybrid algorithm. The hybrid algorithm (based on the
Varadhan–Laplace lemma [11], [12]) provides a continuously varying
connection between ML sequence estimation (via the VFBA and
hence the VA) and MAP state estimation (via the HFBA). This
connection is achieved using a tuning parameter0 < � < 1: We
show that in the limits,� ! 1 and� ! 0, the hybrid algorithm
yields the VFBA and the HFBA, respectively. The construction of
the hybrid algorithm emphasises the similarities in processing data for
ML or MAP state estimates. Indeed, there may be applications where
a delicate performance dependence exists between ML and MAP state
estimates. In such cases, the use of a hybrid scheme (with on-line
adaptation of the tuning parameter) may result in performance gains.

The scope of this correspondence, however, is the thorough the-
oretical development of the hybrid algorithm. Practical applications
for the hybrid algorithm is the subject of continuing research.

In Section II of this correspondence, we present a hidden Markov
model. In Section III, we briefly describe the VA, the HFBA, and
the VFBA. These three algorithms are presented using a consistent
notation (cf. [7]), so that their similarities can be readily identified.
Section IV presents the hybrid algorithm while Section V is the
conclusion.

II. M ODEL

Consider the following system known as a hidden Markov
model (cf. Rabiner [7]). Assume a finite numberN of states,
S = fS1; S2; � � � ; SNg; and denote the state at timet by qt:

The process is assumed to be Markovian, that is,

P [qt+1 = Sj jqt = Si; qt�1 = Sk; � � �]
= P [qt+1 = Sj jqt = Si] := aij (1)

whereaij ; 1 � i; j � N is known as the state transition probability
from stateSi to stateSj :

The states are observed via a process

Ot = C(qt) + wt (2)

whereC is a deterministic function (which, in a communications
system, would be determined by the modulation type of the signal)
andwt is the noise process. Denote the probability density function
of wt by �( ): The probability of observingOt given stateSj at
time t; bj(Ot); is given by

bj(Ot) =P [Otjqt̂ = Sj ]

=�(Ot � C(Sj))]; 1 � j � N: (3)

Typically, we assume white Gaussian noise with variance�2, thus

bj(Ot) =
1

�
p
2�

exp
�1
2�2

jOt � C(Sj)j2 ; 1 � j � N:

(4)

To complete the model it is usual to include the initial state
distribution �, where

�(i) = P [q1 = Si]; 1 � i � N: (5)

Though in signal processing applications, where noa priori state
information is known, then� is usually chosen uniform,� =
((1=N); � � � ; (1=N)):

III. ML S EQUENCE AND MAP STATE ESTIMATION ALGORITHMS

In this section we briefly review the Viterbi algorithm (VA), the
HMM forward-backward algorithm (HFBA) and the Viterbi forward-
backward algorithm (VFBA). These algorithms are all presented
using a consistent notation (cf. [7]) which is also carried through
in Section IV. It should be noted that practical implementations for
these algorithms exist [20], [21] and they should be used in preference
to directly implementing the algorithms as they are presented in this
section. The VA and VFBA determine ML state sequence estimates,
while the HFBA determines MAP state estimates. The VFBA and
the HFBA also provide probability measures (reliability information)
for the state estimates.

A. The Viterbi Algorithm

The Viterbi algorithm (VA) [13] determines the ML state sequence
over the time intervalf1; 2; � � � ; Tg given a sequence of observa-
tions O = fO1; O2; � � � ; OT g: This is accomplished using forward
dynamic programming [14]. Let�t(i) denote the ML information
probability measure, that is, the probability of being in stateSi at
time t maximized over all possible paths which end in stateSi, with
the observed data up to timet

�t(i) = max
q ;q ;���;q

P [q1; � � � ; qt�1; qt = Si; O1; O2; � � � ; Ot]:

(6)
This can be computed via the recursion [7]

�t(i) = max
j

[�t�1(j)aji]bi(Ot̂); 1 � i � N; 2 � t � T (7)

and associated with an estimate of the most likely state at timeT

q̂T = arg max
1�j�N

[�T (j)] (8)
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there is an estimated state sequence

q̂1; � � � ; q̂T�1 = arg max
q ;���;q

P [q1; � � � ; qT�1; qT = q̂T ; O]:

In practice the maximizing state sequence is extracted using a
backtracking process. This is done by keeping track of the argument
which maximized�t(i) at each time

 t(i) = arg max
1�j�N

[�t�1(j)aji]; 1 � i � N; 2 � t � T (9)

and then backtracking to obtain the most likely state sequence
estimate, i.e.,

q̂t =  t+1(q̂t+1); t = T � 1; T � 2; � � � ; 1: (10)

B. The HMM Forward-Backward Algorithm

The HMM forward-backward algorithm (HFBA) computes the
MAP state probabilities of the transmitted sequence given a block
of observations. Let
t(i) denote the probability of being in stateSi
at time t given the observed data sequence:


t(i) := P [qt = SijO] (11)

whereO = fO1; O2; � � � ; OT g is the observed data sequence. The
MAP state estimates are obtained by maximizing
t over i

q̂t = arg max
i

[
t(i)]; 1 � t � T: (12)

To compute
t, using Bayes rule, observe that

P [qt = SijO] =
P [qt = Si; O]

P [O]
(13)

andP [qt = Si; O] can be factored into

P [qt;= Si; O] =P [O1; O2; � � � ; Ot; qt = Si]

� P [Ot+1; Ot+2; � � � ; OT jqt = Si]

=�t(i)�t(i) (14)

where

�t(i) = P [O1; O2; � � � ; Ot; qt = Si]

depends only on information obtained up to timet and

�t(i) = P [Ot+1; Ot+2; � � � ; OT jqt = Si]

which depends only on information fromt+1 to T: Commonly,�t(i)
and �t(i) are referred to as the forward and backward information
probability measures, respectively.

They can be computed recursively as follows (cf. [7]):

�t(i) =

N

j=1

�t�1(j)aji bi(Ot);

�0(i) =�(i); 1 � i � N; 2 � t � T: (15)

�t(i) =

N

j=1

aijbj(Ot+1)�t+1(j);

�T (i) = 1; 1 � i � N; T � 1 � t � 1: (16)

C. The Viterbi Forward-Backward Algorithm

The Viterbi forward-backward algorithm (VFBA) computes ana
posteriori probability measure for each state at each time but which
is maximized over all valid paths which pass through that state. This
probability measure gives a degree of confidence for the state estimate
obtained at each time. The probability measures could also be directly
used as soft outputs to a next stage VA, as required in communications
systems which use concatenated VA’s.

Consider the ML information probability measure�t̂(i), (6), given
in the VA. Assuming that one is given a block of observed data
O = fO1; O2; � � � ; OT g then it is reasonable to consider a new
information probability measure at timet 2 f1; � � � ; Tg determined
by

~
t(i) = max
q ;���;q

max
q ;���;q

P [q1; � � � ; qt�1; qt = Si;

qt+1; � � � ; qT ; O]; 1 � i � N; 1 � t � T: (17)

This information probability measure determines the probability
of being in stateSi at time t maximized over all possible paths
which pass through stateSi, given the observed data sequence
O = fO1; O2; � � � ; OT g: We will refer to this information probability
measure as the “a posteriori maximum path probability (AMPP)”
measure.

To compute (17), we split it into two parts (analogous to (14)).

~
t(i) = max
q ;���;q

P [q1; � � � ; qt�1; qt = Si; O1; � � � ; Ot]

� max
q ;���;q

P [qt+1; � � � ; qT ; Ot+1 � � � ; OT jqt = Si]

= �t(i) ~�t(i): (18)

Observe that the forward probability measure�t(i) is exactly
the standard VA’s ML information probability measure, while the
backward probability measure,1 ~�t(i) can be computed inductively
(analogous to Rabiner [7]) as follows:

1) Initialization:

~�T (i) = 1; 1 � i � N: (19)

2) Recursion:

~�t(i) = max
1�j�N

[ ~�t+1(j)aijbj(Ot+1)];

1 � i � N; T � 1 � t � 1: (20)

The AMPP~
t(i) is a probability measure for every state at each
time, based on path constraints. To obtain a state sequence estimate
from the VFBA choose the state with the maximum AMPP~
t(i) at
each timet, i.e.,

q̂t = arg max
i

[~
t(i)]; 1 � t � T: (21)

Note: At each timet, a probability distribution is determined (i.e.,
the AMPP distribution) and̂qt is the state with the maximum AMPP
(cf. the Max-Log-MAP algorithm [20]). Also, the state sequencefq̂tg
is the same as would be obtained via the VA (see [20] for details).

It may also be possible to reduce the computational complexity
of the VFBA by using implementations such as those described in
[20] and [21] or by applying known HMM based techniques (i.e., on-
line implementation using fixed-lag or sawtooth-lag smoothing [15]).
Reduced state Viterbi techniques [16]–[18] may also be applicable.

1Recall that the Markov property ensures that onceqt = Si is taken as
known, all other prior data becomes redundant.
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IV. A H YBRID VITERBI/HMM FORWARD-BACKWARD ALGORITHM

Comparing the VFBA and the HFBA shows that the structures of
these two algorithms is similar. In this section, the structural similarity
is exploited to develop a hybrid Viterbi/HMM forward-backward
algorithm2 which provides a mathematical connection (via a tuning
parameter�) between computing the VA sequence estimates and the
HFBA state estimates. This single hybrid algorithm can be used to
compute either ML sequence estimates (using values of� ! 1)
or MAP state estimates (using values of� ! 0), for a given a
block of observations. The hybrid algorithm is also able to provide
estimates which interpolate between ML sequence and MAP state
estimates (using values of� between0 and1), that is, if there is an
application where, in some sense, this provides meaningful estimates.

Let � be a real positive parameter (i.e.,0 < � < 1) and con-
sider the�-dependent forward and backward information probability
measures (��

t̂
(i) and��t (i), respectively) defined recursively as

��t (i) = bi(Ot)
(1 + (N � 1)e��)

�

� ln
1

N

N

j=1

exp(���t�1(j)aji

��1 (i) =�(i); 2 � t � T (22)

��t (i) =
(1 + (N � 1)e��)

�

� ln
1

N

N

j=1

exp(���t+1(j)aijbj(Ot+1))

��T (i) = 1; T � 1 � t � 1 (23)

for 1 � i � N: Let ��t (i) be defined as the hybrida posteriori
information probability measure, and determined by the product of
the forward and backward information probability measures, i.e.,

��t (i) = ��t (i)�
�
t (i); 1 � t � T: (24)

A maximum hybrida posterioristate estimate can be obtained by
determining which state has the maximum value of��t (i) at each
time, i.e.,

q̂�t = arg max
1�j�N

[��t (j)]; 1 � t � T (25)

although the��t (i)’s could also be used as soft outputs.

Remark: In practice, theln ((1=N)�N
j=1 [exp(�)]) would be com-

puted using the Jacobian logarithm in a manner similar to [20, eq.
(16)].

The motivation for considering the information probability mea-
sures ((22) and (23)) is given by the following proposition.

Proposition 1: Let dj : <+ ! <+; j = 1; � � � ; N; be continuous
functions with well-defined limits at zero and infinity (that is,d0j =
lim�!0 fdj(�)g andd1j = lim�!1 fdj(�)g). Then

a) lim
�!0

1

�
ln

1

N

N

j=1

exp(�dj(�)) =
1

N

N

j=1

d0j (26)

b) lim
�!1

1

�
ln

1

N

N

j=1

exp(�dj(�)) = max
j

[d1j ]: (27)

2This will be referred to as the “Hybrid Algorithm” in the rest of this
correspondence.

Proof:
Part a):
Using the asymptotic expansion

ex = 1+ x+O(x2); for x! 0

gives

lim
�!0

1

�
ln

1

N

N

j=1

exp(�dj(�))

= lim
�!0

1

�
ln

1

N

N

j=1

(1 + �dj(�) +O(�2))

= lim
�!0

1

�
ln 1 +

�

N

N

j=1

dj(�) +O(�2) : (28)

Similarly, using the approximation

ln(1 + x) = x+O(x2); for x! 0

and observing that� �N
j=1 dj(�) = O(�) for � ! 0, gives,

lim
�!0

1

�
ln

1

N

N

j=1

exp(�dj(�))

= lim
�!0

1

�

�

N

N

j=1

dj(�) +O(�2) +O(�2)

= lim
�!0

1

N

N

j=1

dj(�) +O(�) : (29)

Finally, taking the limit gives

lim
�!0

1

�
ln

1

N

N

j=1

exp(�dj(�)) =
1

N

N

j=1

d0j (30)

Part b):
Using the identityln (ab) = ln (a) + ln (b) gives

lim
�!1

1

�
ln

1

N
+

1

�
ln

N

j=1

exp(�dj(�)) (31)

but the left-hand term! 0 as � ! 1: Applying the Varad-
han–Laplace lemma to the remaining expression yields (cf. [11],
[12])

lim
�!1

1

�
ln

1

N

N

j=1

exp(�dj(�)) = max
j

[d1j ]: (32)

It remains to show that this result ensures that the hybrid algo-
rithm does in fact interpolate between ML state sequence estimation
(obtained via either the above VFBA or the VA) and MAP state
estimation (obtained via the HFBA). The proof of this has been split
into two lemmas to aid presentation.

Lemma 1: The forward information probability measure��t (i)
limits to

a) lim�!0 f�
�
t g ! �t(i)—the forward information probability

measure of the HFBA, and
b) lim�!1 f��t g ! �t(i)—the forward probability measure of

the VA (and the VFBA).
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Proof:
Part a):
Initialize �01(i) := �(i): Assume that

�
0

t�1(i) = lim
�!0

f��t�1(i)g

exists and observe that

�
0

t (i) := lim
�!0

bi(Ot̂)
(1 + (N � 1)e��)

�

� ln
1

N

N

j=1

[exp(���t�1(j)aji)] : (33)

Taking the limit of the right-hand side, notinglim�!0 fe
��g = 1,

and using Proposition 1, Part a) gives

�
0

t (i) = bi(Ot)

N

j=1

lim
�!0

f��t�1(j)gaji

= bi(Ot)

N

j=1

[�0t�1(j)aji]: (34)

Thus by induction�0t (i) exists for allt = 1; � � � ; T and, in fact,
�0t (k) = lim�!0 �

�
t (i): Comparing (34) and (15) it follows that

�
0

t (i) � �t(i): (35)

Part b):
Initialize �11 (i) := �(i): Assume that

�
1
t�1(i) = lim

�!1
f��t�1(i)g

exists and using the identityln (ab) = ln (a) + ln (b) observe that

�
1
t (i) := lim

�!1
bi(Ot)(1 + (N � 1)e��)

1

�
ln

1

N

+
1

�
ln

N

j=1

[exp(���t�1(j)aji)] : (36)

Taking limit of the right-hand side, noting thatlim�!1 fe��g =
0, and using Proposition 1, Part b) gives

�
1
t (i) = max

1�j�N
lim
�!1

f��t�1(j)gaji bi(Ot)

= max
1�j�N

[�1t�1(j)aji]bi(Ot): (37)

Thus by induction�1t (k) exists for allt = 1; � � � ; T and, in fact,
�1
t̂
(i) = lim�!1 f��

t̂
(i)g:

Comparing (37) and (7) it follows that

�
1
t̂ (i) � �t(i): (38)

Lemma 2: The backward information probability measure��t (i)
limits to

a) lim�!0 f�
�
t g ! �t(i)—the backward information probability

measure of the HFBA, and
b) lim�!1 f��t g ! ~�t(i)—the backward probability measure

of the VFBA.

Proof: The proof is analogous to that for Lemma 1.

As a consequence of these results we show that the state estimates
q̂
�
t obtained by the hybrid algorithm limits to those obtained by the

HFBA and VFBA (and thus the VA) for� ! 0 and � ! 1,
respectively.

Theorem 1: The hybrid algorithm interpolates between the HFBA
and the VFBA. That is,

a) q̂
HFBA

t = lim
�!0

fq̂�t g; and (39)

b) q̂
VFBA

t = lim
�!1

fq̂�t g (40)

are the state estimates that would be obtained via the HFBA and the
VFBA (and hence the VA), respectively.

Proof:
Part a):
Taking the limit as�! 0 of (24), using Lemmas 1 and 2, Part a)

proves that�0t (i) � 
t(i), and thus

q̂
0

t = lim
�!0

fq̂�
t̂
g � q̂

HFBA

t : (41)

Part b):
Taking the limit as� ! 1 of (24), using Lemmas 1 and 2, Part

b) proves that�1t (i) � ~
t(i), thus

q̂
1
t = lim

�!1
fq̂�i g � q̂

VFBA

t � q̂
VA

t : (42)

Practicalities: Observe that sincêq�t is a hard decision from a
finite set, then for sufficiently small� ! 0; q̂�t = q̂HFBAt and simi-
larly for sufficiently large�!1; q̂

�
t = q̂VFBAt : The computational

complexity and numerical implementation issues associated with the
hybrid algorithm can be overcome using the Jacobian logarithm (cf.
[20, eq. (16)]).

The hybrid algorithm provides a mathematical connection between
the widely used Viterbi and HMM forward-backward estimation
methods. By use of the tuning parameter, the hybrid algorithm may
also prove useful in the development of adaptive algorithms. That is,
algorithms which adaptively change from estimating ML sequences to
estimating MAP states (orvice versa) without having to swap between
two different algorithms instantaneously. The hybrid algorithm may
also be used to obtain state estimates in which the rigid path
constraints imposed via ML sequence estimation could be relaxed by
varying degrees. However, determining practical applications where
the hybrid estimates are meaningful and/or advantageous, is the
subject of continuing research.

V. CONCLUSION

In this correspondence, a hybrid Viterbi/HMM forward-backward
algorithm was developed. This algorithm provides a mathematical
connection between maximum-likelihood sequence estimation, ob-
tained via the Viterbi forward-backward algorithm (and thus the
Viterbi algorithm), and maximuma posterioriprobability state esti-
mation, obtained via the classical HMM forward-backward algorithm.
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[16] M. V. Eyuboǧlu and S. U. Qureshi, “Reduced-state estimation with set
partitioning and decision feedback,”IEEE Trans. Commun., vol. 36, pp.
13–20, Jan. 1988.

[17] A. Duel-Hallen and C. Heegard, “Delayed decision-feedback sequence
estimation,”IEEE Trans. Commun., vol. 37, pp. 428–436, May 1989.

[18] G. D. Brushe, V. Krishnamurthy, and L. B. White, “A reduced com-
plexity on-line state sequence and parameter estimator for superimposed
convolutional coded signals,”IEEE Trans. Commun., vol. 45, pp.
1565–1574, Dec. 1997.

[19] J. F. Hayes, T. M. Cover, and J. B. Riera, “Optimal sequence detection
and optimal symbol-by-symbol detection: Similar algorithms,”IEEE
Trans. Commun., vol. COM-30, pp. 152–157, Jan. 1982.

[20] P. Robertson, E. Villebrun, and P. Hoeher, “A comparison of optimal
and sub-optimal MAP decoding algorithms operating in the log domain,”
in Proc. IEEE Int. Conf. Communications ’95(Seattle, WA, June 1995),
pp. 1009–1013.

[21] G. Fettweis and H. Meyr, “High-speed parallel Viterbi decoding: Al-
gorithm and VLSI-architecture,”IEEE Commun. Mag., pp. 46–55, May
1991.

Correlation-Based Testing for the
Convergence of Decision Feedback Equalizers

Kutluyıl Doğançay, Member, IEEE

Abstract—It has been thought that convergence tests developed for
linear decision-directed equalizers based on the correlation matching
criterion may not be directly applicable to decision feedback equalizers
(DFE’s). Indeed, the correlation-based convergence criteria proved for
linear equalizers have so far been accepted as conjectural for DFE’s. In
this correspondence we show that identical channel input and DFE output
autocorrelations is a necessary and sufficient condition for the channel eye
to be open, if the channel input is binary phase-shift keyed. A threshold
test based on the correlation matching criterion and assuminga priori
knowledge of the channel input autocorrelation is also constructed and
analyzed.

Index Terms—Blind channel equalization, convergence tests, decision
feedback equalizers, hypothesis testing, statistical threshold tests.

I. INTRODUCTION

In this correspondence we extend the notion of correlation-based
testing for the convergence of linear decision-directed equalizers
(LDDE’s) to the case of decision feedback equalizers (DFE’s).
Previously proposed off-line tests for the convergence of LDDE’s
to open-eye parameters [1], [2] are essentially predicated on a
comparison between the channel input and (detected) equalizer output
autocorrelation values. For binary phase-shift keyed channel inputs
taking on values�1, the onlya priori knowledge required by these
tests is the autocorrelation of the channel input sequence. Testing for
the convergence is, therefore, carried out in a blindfolded fashion
(i.e., without any explicit knowledge of the channel input sequence).
Attempts have been made to construct similar tests for DFE’s in the
past, but no formal proof has been available to show their viability
[1].

The aim of this correspondence is to prove that the testing criterion
of correlation matching which hitherto has been used to test for
the convergence of LDDE’s to open-eye parameters can be applied
directly to DFE’s without any modification. The proof is based on
showing that if there are discrepancies between the channel input and
equalizer output sequences, it is not possible for their autocorrelations
to be identical. In this sense, the correspondence is an extension of
[1] and [2] to DFE’s and provides a proof for Conjecture 2 in [3]
whilst extending its application to correlated channel inputs.

The correspondence is organized as follows. Section II gives a
formal definition of the testing problem at hand and states our main
result. In Section III we implement the test criterion as a statistical
threshold test along the lines of [2] and provide a performance
analysis. The effect of channel noise on the test criterion is considered
in Section IV. Section V presents simulation examples which demon-
strate the application and statistical properties of the test. Conclusions
are drawn in Section VI.
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