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Abstract
Despite the considerable research effort towards the analysis and understanding of the nature of turbo decoding, a
clear identification of the underlying optimization problem the turbo decoder attempts to solve is still missing. In this
paper, we link the turbo decoding algorithm to maximum likelihood (ML) sequence detection by demonstrating how
the turbo decoder can be systematically derived starting from the ML sequence detection criterion. In particular,
we show that a method to solve the ML sequence detection problem is to iteratively solve the corresponding
critical point equations of an equivalent unconstrained estimation problem by means of fixed-point iterations. The
turbo decoding algorithm is obtained by approximating the overall a posteriori probabilities, such that the fixed-
point iteration becomes feasible and the optimum ML solution is still a solution of the corresponding approximate
critical point equations.

1 Introduction
In 1993 a new class of codes [1] was introduced:
two parallel concatenated convolutional codes that are
linked by a pseudorandom interleaver. By means of
ML decoding bit error bounds, it could be shown
later on in [2], that this highly structured encoding
scheme results in very powerful codes in terms of
power efficiency. This is mainly due to good distance
properties induced by the interleaver.

In [1] also a low complexity heuristic iterative al-
gorithm for the decoding of this new class of codes
was proposed, the so-called turbo decoding algorithm.
Although considered to be suboptimal, the performance
of turbo decoding was experimentally shown to be very
close to the ML-decoding bound, and the gap to the
theoretical Shannon limit was reduced to a fraction of
one dB, marking a real breakthrough in coding theory.

Remarkably, an accurate analytical explanation why
iterative turbo decoding performs that well and a clear
connection of turbo decoding with ML-decoding is
missing so far. This may be due to the fact that the turbo
decoding algorithm was not systematically derived from
some optimization criterion unlike most of the modern
algorithms in the field of communication receivers (see
e.g. [3]), but was rather invented heuristically.

However, significant advance in analyzing the per-
formance of turbo decoding has been made when
considering the asymptotic case of infinite block length.
The analysis is based on the method of density evolu-
tion [4], which denotes the tracking of the probability
density functions of the extrinsic information messages
exchanged in the iterative turbo decoder. By means of
density evolution the existence of thresholds for turbo
decoding could be proved in [5]. Also, by considering
functionals of the probability density functions of the

extrinsic information messages, like e.g. mutual infor-
mation in [6], valuable insights into the asymptotic
performance of turbo decoding were gained.

Insights into the optimality of turbo decoding were
gained by noting that the turbo decoding algorithm can
be linked to the sum-product (or belief-propagation) al-
gorithm applied to factor graphs (see e.g. [7] for a state
of the art introduction). The sum-product algorithm
is known to be correct on tree-like graphs. But, for
finite block lengths, the graph corresponding to parallel
concatenated codes exhibits cycles and the resulting
iterative sum-product algorithm is a heuristic approach
with the issue of convergence remaining unsolved for
the general case, so far.

The finite block length case is addressed by the infor-
mation geometric approach [9] initiated by Richardson
[8], but the optimization problem that the turbo decod-
ing algorithm is trying to solve is not clearly identified.

Recently, connections of the turbo decoding algo-
rithm to a constrained optimization problem corre-
sponding to approximations of the free energy in sta-
tistical physics have been established [10], [11]. In this
context, turbo decoding is interpreted to approximate
the bitwise a posteriori probabilities.

In contrast to this, the turbo decoding algorithm is
linked to maximum likelihood sequence detection in
[12] and identified as attempting to iteratively find
a solution to an intuitively constrained optimization
problem. However, since the corresponding Lagrange
multiplier is set to be constant, it is not clear if the solu-
tions of the resulting first order necessary conditions for
the optimum solutions are elements of the constrained
set.

Being in line with the general approach of deriving
optimum algorithms based on ML criteria [3], we focus
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on the relation of turbo decoding to ML decoding
and show how the turbo decoding algorithm can be
systematically derived starting from the ML sequence
detection criterion. In order to do this we follow the
approach in [12], but in contrast we consider an uncon-
strained optimization problem equivalent to the original
ML sequence detection problem.

In Section 2, we introduce some notation and sum-
marize a result from [12], stating that every detection
problem can be transformed into an equivalent esti-
mation problem. In Section 3, we present an iterative
algorithm attempting to solve the general ML sequence
detection problem by means of fixed-point iterations
on the corresponding set of non-linear critical point
equations. In Section 4, we extend this framework to
parallel concatenated codes. In Section 5 we show
that the fixed-point iteration of the exact critical point
equations becomes feasible and exactly corresponds to
the turbo decoding algorithm if the overall a poste-
riori probabilities are approximated by neglecting the
condition that the constituent encoder input sequences
are identical. Finally, concluding remarks are given in
Section 6.

2 The ML-Sequence Detection
Problem as Equivalent Estimation
Problem

Let a = [a1, . . . , aN ]T with an ∈ {0, 1} and
n=1, . . . , N be a binary information sequence of
length N , which is linearly encoded, mapped onto some
modulation alphabet and transmitted over a memoryless
channel with the received signal vector being denoted
by r. Furthermore, let {ai : i = 0, . . . , 2N − 1} be the
set of all 2N possible information sequences indexed
by i. Then, the problem of ML sequence detection is
to find the information sequence âMLSD that maximizes
the likelihood function, i.e. the conditional probability
density function p(r|a), over the set of all possible
sequences

âMLSD = arg max
ai

p(r|ai). (1)

Now, let us define bitwise probability mass functions
p(an) for the transmitted information bits. Furthermore,
let these probability mass functions be parameterized
by λn ∈ R, for n = 1, . . . , N , as follows

p(an = 1|λn) =
eλn

1 + eλn
. (2)

The λn are bitwise log probability ratios which be-
comes obvious by regarding an equivalent representa-
tion of (2)

λn = log
p(an = 1|λn)

1 − p(an = 1|λn)
. (3)

In addition, we let the set of joint probability mass
functions be factorizable into the product of bitwise
marginals, i.e. we have

p(a|λ) =
∏

n

p(an|λn). (4)

Now, we can set up the following estimation problem
[12] by searching for the optimum log probability ratios
λ that maximize the likelihood of having received r

λ̂MLSD = arg max
λ∈RN

p(r|λ). (5)

The optimization problems in (1) and (5) can be related
to each other by noting the following inequality

max
λ∈RN

p(r|λ) = p(r|λ̂MLSD) (6)

=
∑

i

p(r|ai)p(ai|λ̂MLSD) (7)

≤ p(r|âMLSD)
∑

i

p(ai|λ̂MLSD) (8)

= p(r|âMLSD) = max
i

p(r|ai). (9)

with equality in (8) if and only if λ̂MLSD is chosen such
that

p(a|λ̂MLSD) =

{

1 if a = âMLSD
0 else . (10)

Hence, there is a one-to-one mapping between the
solution of the estimation problem in (5) and the ML
sequence detection problem in (1), i.e. the problems are
formally equivalent [12].

Note, (10) implies, that the optimum log probability
ratios λ̂MLSD,n take on infinite values and the bits of
âMLSD are in one-to-one correspondence determined by

âMLSD,n =

{

1 iff λ̂MLSD,n = +∞

0 iff λ̂MLSD,n = −∞
. (11)

3 An Iterative Solution Method for
ML-Sequence Detection

The ML sequence detection criterion in (1) is maxi-
mized by the sequence âMLSD, and λ̂MLSD is a global
maximizer of (5). Assuming as general regularity con-
ditions that the likelihood function in (1) is bounded
and that the partial derivatives of p(r|λ) concerning
the components of λ in (5) exist, a general approach
for determining the global maximum in (5) is to solve
the critical point equations

∂ log p(r|λ)

∂λn

= 0 (n = 1, . . . , N). (12)

Note, since the likelihood function in (1) is bounded,
equation (12) is a necessary condition for the global
maximum in (5). An expression for the critical point
equations is given in the following lemma:

Turbo – Coding – 2006    ·    April 3–7, 2006, Munich



LEMMA 1: A necessary condition for the bitwise log
probability ratios λ ∈ R

N being a global maximizer of
the likelihood function in (5) is given by

λ = g(λ) (13)

where the components of g(λ) are given by
(n = 1, . . . N)

gn(λ) = log
p(an = 1|r,λ)

1 − p(an = 1|r,λ)
. (14)

Proof: Denoting the all-zero sequence by
a0 = [a0,1, . . . , a0,N ]T and applying Bayes rule we
have for the log-likelihood function

log p(r|λ) = log
∑

i

p(r|ai)p(ai|λ)

= log
∑

i

p(r|ai)
∏

n

p(ai,n|λn)

p(a0,n|λn)

+
∑

n

log p(a0,n|λn).

Now, by using the definition in (3) we get the following
partial derivatives

∂

∂λ
p(a = 0|λ) = −p(a = 0|λ)p(a = 1|λ)

∂

∂λn

(

p(ai,n|λn)

p(a0,n|λn)

)

=

{

0 if ai,n = 0
p(ai,n|λn)
p(a0,n|λn) if ai,n = 1

and it follows
∂

∂λn

log p(r|λ) =

∑

i ai,np(r|ai)p(ai|λ)
∑

i p(r|ai)p(ai|λ)

− p(an = 1|λn). (15)

Noting that the first term in (15) is the a posteriori
probability of an being 1 given r and λ, and setting
the partial derivative equal to zero we have

p(an = 1|λn) = p(an = 1|r,λ). (16)

Finally, the equation in (13) is obtained by using the
definition of λn from (3) and noting that log x

1−x
is

strictly monotone in the interval [0, 1].
The critical point equations in (13) are a set of

nonlinear equations with the solution being a fixed-
point of g(λ). A common approach to solve such a
system of equations is to employ fixed-point iterations
(cf. [15]). Setting some initialization λ(0) the log prob-
ability ratios are iteratively updated via

λ(k+1)
n = log

p(an = 1|r,λ(k))

1 − p(an = 1|r,λ(k))
(n = 1, . . . , N).

(17)

Hence, we have derived an iterative algorithm to
determine a solution of the general ML sequence
detection problem in (1). See Figure 1 for a block
diagram of the algorithm. The basic step to evaluate the
fixed-point iteration is the computation of the bitwise
a posteriori probabilities in (17). Note, if the iteration

Log-APP

Decoder

Fig. 1. Iterative ML sequence detection algorithm based on a
posteriori probability computation.

were initialized with λ(0) = 0 and the decisions on the
information bits were made based on λ(1), the result
would yield minimum bit error rate corresponding to
MAP symbol-by-symbol detection, as it is based on
the maximum bitwise a posteriori probability.

Some remarks concerning the formalism of fixed-
points are necessary. Assuming the case that λ(k) con-
verges to the ML sequence detection solution according
to (5), i.e. limk→∞ λ(k) = λ̂MLSD, the elements of λ(k)

approach infinite values. Then, it is formally loose to
consider λ̂MLSD to be a fixed-point of g(λ). However,
this problem can be easily circumvented by using a
strict monotone auxiliary mapping q = h(λ), with
h : R

N → [0, 1]N , where [0, 1]N denotes the N -
dimensional unit hypercube and the components of h

are defined as

qn = hn(λn) =
eλn

1 + eλn
. (18)

Using this auxiliary mapping the critical point
equations in (13) can be equivalently written as
q = h

(

g
(

h−1(q)
))

with the n-th equation given by

qn = p(an = 1|r, q). (19)

Now, the fixed-point iteration q
(k+1)
n =p(an =1|r, q(k))

is equivalent to (17) and in case of convergence
to the ML sequence detection solution we have
limk→∞ q(k) = q̂MLSD = h(λ̂MLSD) ∈ [0, 1]N .

Hence, in order to address issues as the existence of
fixed-points and the convergence towards fixed-points,
one can apply the methods of numerical mathematics
concerning the theory of nonlinear fixed-point itera-
tions. In this context, the properties of the Jacobian
of h

(

g
(

h−1(q)
))

play a decisive role. In case of
convergence towards a fixed-point, an even more intri-
cate question is under what conditions this fixed-point
corresponds to the optimum ML sequence detection
solution λ̂MLSD in (5).

4 Iterative ML-Sequence Detection
of Concatenated Codes

In this section, we will apply the iterative solution
method for ML sequence detection introduced in the
previous section to a parallel concatenated coding
scheme [1] as depicted in Figure 2. The information
sequence and the interleaved information sequence are
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Fig. 2. Classical turbo encoding scheme with two parallel concate-
nated convolutional codes.

encoded by a convolutional encoder. Then the sys-
tematic and parity bits of the first encoder, and the
parity bits from the second encoder are transmitted over
the memoryless channel yielding the corresponding
received sample vectors rs, r1 and r2, respectively.

The ML sequence detector makes a decision on the
message âMLSD, that maximizes the likelihood function

âMLSD = arg max
ai

p(rs, r1, r2|ai). (20)

Unfortunately, this is an infeasible problem at the
receiver, as the pseudorandom interleaver introduces a
tremendous memory to the system. According to (5),
an equivalent estimation problem can be set up by
searching for the optimum factorizable log probabil-
ity densities that maximize the likelihood having re-
ceived {rs, r1, r2}

λ̂MLSD = arg max
λ∈RN

p(rs, r1, r2|λ). (21)

However, the structure of the encoding scheme mo-
tivates another equivalent representation of the opti-
mization problem. For the moment, let us assume as in
[12] that the convolutional encoders are decoupled as
illustrated in Figure 3 with two independent length N

information messages a and b at the encoder inputs.
Now, in accordance with (3), we introduce bitwise
probability mass functions for the bits of both infor-
mation messages, which are parameterized by bitwise
log probability ratios λa,n and λb,n, for n = 1, . . . , N ,
respectively. An estimation problem equivalent to (21)
can be obtained by searching for the log probability
densities that maximize the likelihood function under
the constraint, that the two information messages a and
b being transmitted are equal1

{λ̂a, λ̂b} = arg max
λa,λb

p(rs, r1, r2|λa,λb,a = b).

(22)

In accordance with (10), the criterion in (22) is maxi-
mized when

p(a|λ̂a, λ̂b,a = b) =

{

1 if a = âMLSD
0 else , (23)

so that the elements of λ̂a and λ̂b are infinite log
probability ratios with the elements having the same
sign.

1Note, a similar setup was used in [12]. However, here we consider
an unconstrained estimation problem equivalent to (21), which is
fundamentally different.
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Fig. 3. Two convolutional codes with independent input messages.

Now, we proceed as in the previous section and de-
termine the critical point equations, as their solution is
a necessary condition for the global maximum in (22).
We have to determine the partial derivatives of 2N
components and in analogy to Lemma 1 the set of
critical point equations has the form of a fixed-point
equation

[

λb

λa

]

= g

([

λb

λa

])

=

[

gb(λa,λb)
ga(λa,λb)

]

, (24)

where the components of (24) are determined as

λb,n = gb,n(λa,λb)

= log
p(an =1|rs, r1, r2,λa,λb,a=b)

1−p(an =1|rs, r1, r2,λa,λb,a=b)
−λa,n

(25)

and

λa,n = ga,n(λa,λb)

= log
p(bn =1|rs, r1, r2,λa,λb,a=b)

1−p(bn =1|rs, r1, r2,λa,λb,a=b)
−λb,n.

(26)

With the same reasoning as in the previous section one
can try to solve this set of nonlinear equations via fixed-
point iteration. Due to the block-like structure of the
system of equations in (24), it is well suited to apply the
method of block nonlinear Gauss-Seidel-type iteration
[15]. This method is characterized by the fact that after
updating the first block of the parameter vector, already
these updates are used to update the second block of the
parameter vector and vice versa (for n = 0, . . . , N −1)

λ
(k+1)
b,n = log

p(an =1|rs, r1, r2,λ
(k)
a ,λ

(k)
b ,a=b)

1 − p(an =1|rs, r1, r2,λ
(k)
a ,λ

(k)
b ,a=b)

− λ(k)
a,n

λ(k+1)
a,n = log

p(bn =1|rs, r1, r2,λ
(k)
a ,λ

(k+1)
b ,a=b)

1 − p(bn =1|rs, r1, r2,λ
(k)
a ,λ

(k+1)
b ,a=b)

− λ
(k+1)
b,n . (27)

Hence, we have derived a block iterative solution
method for the problem of ML sequence detection of
concatenated codes. Like in (17) the evaluation of the
iteration in (27) is based on the computation of the
overall a posteriori probabilities. Unfortunately, this
task is prohibitively complex. But as we will see in
the next section, a feasible iterative algorithm can be
obtained by means of an intuitive approximation.
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5 The Turbo Decoding Algorithm as
an Approximative Iterative Solu-
tion to ML-Sequence Detection

The algorithm in (27) is an iterative solution method of
the critical point equations of the estimation problem
equivalent to the exact ML sequence detection problem.

In order to make the iterations numerically feasi-
ble one must approximate the critical point equations
appropriately. For high quality log probability ratios
λa, i.e. the elements of λa being close to the ML
solution λ̂a, the a posteriori probability in (25) is
well approximated by neglecting the condition, that the
constituent encoder input sequences a and b in Figure
3 are identical

p(an = 1|rs, r1, r2,λa,λb,a = b)

≈ p(an = 1|rs, r1, r2,λa,λb)

= p(an = 1|rs, r1,λa). (28)

The last equality follows from the fact that a and b are
modelled as independent sequences.

Note, that the error according to the approximation
in (28) vanishes if λa is in close vicinity of the optimal
ML solution λ̂a as we have

lim
λa→λ̂a

p(âMLSD,n|rs, r1,λa)

= lim
λa→λ̂a

p(âMLSD,n|rs, r1, r2,λa,λb,a = b)

= 1. (29)

Similarly the a posteriori probability in (26) can be
approximated by

p(bn = 1|rs, r1, r2,λa,λb,a = b)

≈ p(bn = 1|rs, r1, r2,λa,λb)

= p(bn = 1|r2,λb). (30)

Now, substituting (28) and (30) into the critical point
equations in (24) yields a system of approximate critical
point equations with λ̂a and λ̂b still being a solution.
Applying then a block iterative solution method yields
(for n = 0, . . . , N − 1)

λ
(k+1)
b,n = log

p(an =1|rs, r1,λ
(k)
a )

1 − p(an =1|rs, r1,λ
(k)
a )

− λ(k)
a,n

λ(k+1)
a,n = log

p(bn =1|r2,λ
(k+1)
b )

1 − p(bn =1|r2,λ
(k+1)
b )

− λ
(k+1)
b,n .

(31)

The a posteriori probabilities in (31) can be computed
with reasonable complexity, and by setting the initial
values λ(0)

a = 0 and λ
(0)
b = 0, the iterations in (31)

can be identified as the well known iterative turbo
decoding algorithm. See Figure 4 for a block diagram
representation.

It can also be noted, that the concept of extrinsic
information is introduced in (31) in a natural way

approximate

Log-APP

Decoder 1

approximate

Log-APP

Decoder 2

Fig. 4. The iterative turbo decoding algorithm.

as being a direct consequence of applying a block
iterative solution method to the approximate critical
point equations.

Note, that the approximation in (28) and (30) can be
interpreted as neglecting the information correspond-
ing to the other constituent encoder. Neglecting even
more information, like e.g. a certain fraction of the
received samples rs, r1 and r2, yields the class of
punctured turbo codes. The a posteriori probabilities
in (28) and (30) can be calculated exactly using e.g.
the BCJR-algorithm [13]. However, various suboptimal
algorithms (e.g. the soft-output viterbi algorithm [14])
can be used to approximately calculate the a posteriori
probabilities, and applied within the iterative solution
process a broad class of suboptimal iterative decoding
algorithms can be obtained.

The main motivation for the approximations in (28)
and (30) is to obtain a feasible approximative iterative
solution method for the problem in (22). They are
intuitively justified by the fact that the optimal solution
is still a solution of the approximate critical point
equations since the approximation error vanishes in (29)
assuming the trial parameter is close to the optimal
value. However, concerning the first iterations this is
only a coarse approximation. We emphasize that we
do not make a statement that the algorithm in (31)
converges to the optimum value.

From a numerical mathematics point of view, the
turbo decoding algorithm in (31) is a nonlinear block
Gauss-Seidel iteration [15] attempting to find a solution
to a system of 2N nonlinear equations. Thus, the
analysis in terms of existence of fixed-points and con-
vergence properties can be performed with the methods
from numerical mathematics. However, as mentioned
before, this is outside the scope of this work. Very re-
cently, conditions on the initial values of λ(0)

a and λ
(0)
b

have been given in [16], which ensure the iterations in
(31) to converge towards some unique fixed-point.

Finally, let us comment on the role of the pseudoran-
dom interleaver. Obviously, the interleaver is irrelevant
for the derivation of the iterative algorithm in (27) and
the approximate iterative algorithm in (31). This is sim-
ply because the interleaver can be interpreted as being
part of the second constituent encoder, as it is indicated
in Figure 2. To highlight this fact, the interleaver is not
shown in the block diagram of the approximate iterative
algorithm in Figure 4, also. How the interleaver affects
the structure of the second approximative Log-APP de-
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BCJR

algorithm

Fig. 5. Second approximate Log-APP decoder based on BCJR
algorithm

coder is shown in Figure 5. If e.g. the BCJR algorithm
[13] is used to calculate the a posteriori probabilities in
(31), the elements of λa have to be interleaved prior to
the application of the BCJR algorithm and the outputs
have to be deinterleaved afterwards, respectively. To
summarize, the sole purpose of the interleaver is to
provide a powerful encoding scheme and in principle
any two component codes can be used for a parallel
concatenated coding scheme as shown in Figure 2.

6 Conclusions
We have linked the iterative turbo decoding algorithm
to maximum likelihood (ML) sequence decoding, by
demonstrating how the turbo decoder can be derived
starting from the ML sequence detection criterion. This
is in agreement to the philosophy of synthesizing opti-
mal communication algorithms from ML criteria [3].

In general, an iterative decoding algorithm can be
obtained for any ML sequence detection problem by
considering an estimation problem which is equivalent
to the original detection problem and iteratively solving
the corresponding critical point equations.

In particular, the turbo decoding algorithm is ob-
tained by applying this concept to parallel concatenated
codes and solving the corresponding critical point equa-
tions of an equivalent unconstrained estimation problem
in a block iterative manner. In order to make the
iteration feasible to implement, the overall a posteriori
probabilities are approximated appropriately, such that
the optimum ML solutions are still solutions to the
system of approximate critical point equations.

This framework can be extended towards other
classes of concatenated codes as well as to joint de-
tection and estimation problems leading to a general
framework for iterative ML receiver design [17], which
is an interesting alternative compared with the factor
graph approach.

Finally, it can be noted that the connection of the
turbo decoding algorithm to ML sequence detection,
as previously also observed in [12], is in some sense
contrary to the opinion, that turbo decoding is in close

connection to ML bitwise decoding. This is usually
inferred from interpreting the turbo decoding algorithm
as an application of belief propagation to graphs with
cycles.

References
[1] C. Berrou, A. Glavieux, P. Thitimajshima. ”Near Shannon limit

error-correcting coding and decoding: Turbo-Codes,” in Proc.
IEEE International Conference on Communications, pp. 1064-
1070, Geneva, Switzerland, May 1993.

[2] S. Benedetto and G. Montorsi. ”Unveiling Turbo Codes: Some
Results on Parallel Concatenated Coding Schemes,” IEEE
Transactions on Information Theory, vol. 42, no. 2, pp. 409-
428, March 1996.

[3] H. Meyr, M. Moeneclaey, and S. Fechtel. Digital Communica-
tion Receivers: Synchronization, Channel Estimation and Signal
Processing, John Wiley and Sons, New York, 1998.

[4] T. Richardson and R. Urbanke. ”The Capacity of Low-Density
Parity-Check Codes Under Message Passing Decoding,” IEEE
Transactions on Information Theory, vol. 47, no. 2, pp. 599-
618, Feb. 2001.

[5] T.J. Richardson and R.L. Urbanke. ”Thresholds for Turbo
Codes,” in Proceedings of the International Symposium on
Information Theory (ISIT), Sorrento, Italy, June 2000.

[6] S. ten Brink. ”Convergence Behavior of Iteratively Decoded
Parallel Concatenated Codes,” IEEE Transactions on Commu-
nications, vol. 49, no. 10, pp. 1727-1737, Oct. 2001.

[7] H.-A. Loelinger. ”An Introduction to Factor Graphs,” IEEE
Signal Processing Magazine, vol. 21, no. 1, pp. 28-41, Jan.
2004.

[8] T. Richardson. ”The Geometry of Turbo-Decoding Dynamics,”
IEEE Transactions on Information Theory, vol. 46, no. 1, pp.
9-23, Jan. 2000.

[9] S. Ikeda, T. Tanaka, and S. Amari. ”Information Geometry of
Turbo and Low-Density Parity-Check Codes,” IEEE Transac-
tions on Information Theory, vol. 50, no. 6, pp. 1097-11143,
June 2004.

[10] J.S. Yedida, W.T. Freeman, and Y. Weiss. ”Bethe Free Energy,
Kikuchi Approximations, and Belief Propagation Algorithms,”
Mitsubishi Electric Research Labs., Tech. Rep. TR2001-16,
2001.

[11] P. Pakzad and V. Anantharam. ”Belief Propagation and Statisti-
cal Physics,” in Proceedings of the Conference on Information
Sciences and Systems, Princeton University, March 2002.

[12] J.M. Walsh, P.A. Regalia, and C.R. Johnson. ”Turbo Decoding
as Constrained Optimization,” in Proc. 43rd Annual Allerton
Conference on Communication, Control, and Computing, Mon-
ticello, IL, USA, Sept. 2005.

[13] L.R. Bahl, J. Cocke, F. Jelinek, and J. Raviv. Optimal Decoding
of Linear Codes for Minimizing Symbol Error Rate. IEEE
Trans. Inform. Theory, vol. 20, no. 2, pp. 284-287, March 1974.

[14] J. Hagenauer and P. Hoeher. ”A Viterbi Algorithm with Soft-
Decision Outputs and its Applications,” in Proc. , p.47.1.1-
47.1.7, Dallas, Texas, USA, Nov. 1989.

[15] J.M. Ortega and W.C. Rheinboldt. Iterative Solution of Nonlin-
ear Equations in Several Variables, Academic Press, 1970.

[16] J.M. Walsh, P.A. Regalia, and C.R. Johnson. ”A Convergence
Proof for the Turbo Decoder as an Instance of the Gauss-Seidel
Iteration,” in Proceedings of the International Symposium on
Information Theory (ISIT), Adelaide, Australia, Sept. 2005.

[17] L. Schmitt and H. Meyr. ”A Framework for Approximative It-
erative Maximum Likelihood Receiver Design,” in preparation.

Turbo – Coding – 2006    ·    April 3–7, 2006, Munich


	Back to Contents
	Turbo Decoding as an Approximative Iterative Solution to Maximum Likelihood Sequence Detection
	Abstract
	1 Introduction
	2 The ML-Sequence Detection Problem as Equivalent Estimation Problem
	3 An Iterative Solution Method for ML-Sequence Detection
	4 Iterative ML-Sequence Detection of Concatenated Codes
	5 The Turbo Decoding Algorithm as an Approximative Iterative Solution to ML-Sequence Detection
	6 Conclusions
	References


