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Abstract
Bit-interleaved coded modulation with iterative detection for MIMO systems demands an
efficient APP detector that delivers soft information about the coded bits. The list-sequential
detector is a reduced-complexity approximation to an exhaustive APP detector. It uses a tree
search employing the stack algorithm to find dominant terms of the log-likelihood ratio. The
commonly used symbol-by-symbol Gray labeling is not necessarily the best approach to good
performance of iterative systems. We therefore consider different bit labelings and differential
pre-coding adapted to MIMO systems. With the help of EXIT charts and BER simulations,
we show that symbol-by-symbol Gray labeling in combination with an outer Turbo code is a
good compromise for fast convergence and low error floor of MIMO systems with iterative
detection.
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DRAFT

I. I NTRODUCTION
In the strive to exploit the available capacity of multi-antenna or multi-input multioutput (MIMO) systems, recent attention has turned to iterative detection and decoding
at the receiver. The well-known bit-interleaved coded modulation technique for singleantenna channels [1] was used in [2] with iterative detection on the MIMO channel.
Here, a modified version of the sphere decoder [3] has eased the detection complexity
of the multi-antenna signals. In [4], a LISt-Sequential (LISS) detector was shown to be a
good approximation to APP (a posteriori probability) detection at reduced complexity.
The LISS detector uses the stack algorithm known from sequential decoding to find
dominant terms in the calculation of the log-likelihood ratios (LLRs or L-values), which
are exchanged between the detector and the decoder.
The inner block of this serially concatenated system consists of the MIMO signal
mapper together with the channel. Although we cannot influence the channel itself, the
mapper leaves space for modifications. Already in [5], anti-Gray labeling was mentioned
as a good alternative to Gray labeling in iterative systems. Recently in [6], good bit
labelings were found for single-antenna bit-interleaved coded modulation with iterative
detection. The design principles can be extended to MIMO systems, where the design
of multi-dimensional signal constellations lets us gain another degree of freedom.
Furthermore, for serially concatenated codes it was stated as a design rule in [7], that
the inner encoder must be a convolutional recursive encoder of rate 1 if an interleaver
gain (gain of the iterative system) is desired. We are going to verify this condition for
MIMO systems, where in the standard design the MIMO mapper is not recursive, but
rather block-oriented. A rate-1 differential pre-coder within the mapping will introduce
the necessary dependence between the bits entering the MIMO mapper. This approach
is similar to a recent description of iterative detection and decoding for vector channels
by ten Brink and Kramer [8], [9]. In addition to differential pre-coding they employ
nonsystematic repeat-accumulate codes, where we stick to standard convolutional and
parallel concatenated convolutional (PCC or “Turbo”) codes as the outer code.
After an introduction of the system model for multi-antenna bit-interleaved coded
modulation with iterative detection in Section II, we will present the LISS detector as a
low-complexity alternative to a full APP detector for MIMO signals. In Section III we
will then propose the two modifications to the standard transmitter: Multi-dimensional
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bit labeling and differential pre-coding. Finally, in Section IV we present extrinsic
information transfer (EXIT) charts [10] and bit error rate (BER) simulations to compare
the different options of the MIMO mapping.
II. B IT- INTERLEAVED CODED MIMO TRANSMISSION AND ITERATIVE DETECTION
A. System Model
[Figure 1 about here.]
We consider a system according to Figure 1 with the multi-input multi-output (MIMO)
channel consisting of nT transmit and nR receive antennas. First, the (long) information
vector u is encoded and interleaved (depicted by the permutation Π). At this point,
we pose no constraints on the frame length, but we know from standard results for
systems with iterative detection that each code word (equal to one frame) should contain
several thousand information bits. For the error-correcting code, we will consider both
convolutional codes and parallel-concatenated convolutional (PCC or “Turbo”) codes.
The interleaver is a random interleaver. Other forms of interleaving are possible, see
e.g., [11] for design rules of semi-random (S-random) interleavers for PCC codes. For
the long frame lengths considered in this thesis, there are no large improvements to be
expected from the design of specific interleavers. If a differential pre-coder is used, this
sequence passes through a recursive rate-1 encoder (see Section III-B), and we obtain
a modified sequence x.
For the definition of the necessary notation and for most of this chapter, we will just
consider a single channel use, where m is the number of bits per symbol, the constellation comprises therefore M = 2m distinct points. As part of the total coded sequence,
we obtain an mnT -dimensional binary vector of coded bits x = (x1 , . . . , xnT )T , with
xi = (xi,1 , . . . , xi,m ). We assume the binary digits xi,j to take independent values from
{+1, −1}, where +1 is the “null” element in GF(2).
This sequence is mapped onto an nT -dimensional complex vector s = (s1 , . . . , snT )T .
Initially, each element si = map(xi ) is taken from some complex constellation X (e.g.,
BPSK, QPSK or 16-QAM using Gray labeling). We will also use other bit labeling
schemes, propose a generalized multi-dimensional bit labeling for MIMO systems, and
we will introduce the aforementioned differential pre-coder within the MIMO mapper.
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The transmit energy per antenna is normalized to E{|si |2 } = ES /nT such that ES
represents the total emitted energy per channel use.
Using the linear model of the ergodic MIMO channel, we describe the vector of n R
received complex symbols by y = Hs + n, where H is a matrix of dimension n R × nT
with each entry being an independent realization of a complex Gaussian random variable
of zero mean and variance 1/2 per real dimension. The channel is passive and changes
with each channel use. n is a vector of independent noise values, each with zero mean
and power spectral density N0 /2 per real dimension.
Due to the matrix structure of the MIMO channel, interference between the transmitted symbols is introduced at the receiver. The probability density of a particular
realization of the received vector, conditioned on the transmitted vector, is given by the
multi-dimensional Gaussian distribution


1
1
2
p(y|x) =
exp −
ky − Hs(x)k .
(πN0 )nR
N0
At the receiver with perfect channel knowledge, we consider an iterative system
consisting of an outer soft-in-soft-out decoder and an inner APP MIMO detector. The
MIMO detector takes information from the channel (the received vector y and the
channel matrix H) as well as a priori information in form of a vector of L-values L(x)
about the coded bits:
L(x) = (L(x1 ), . . . , L(xnT ))T
L(xi ) = (L(xi,1 ), . . . , L(xi,m ))
L(xi,j ) = ln

P (xi,j = +1)
P (xi,j = −1)

(1)

The MIMO detector generates a posteriori information L(x|y) about the coded bits.
The detector’s output is defined as a vector of conditional L-values
L(x|y) = (L(x1 |y), . . . , L(xnT |y))T ,

(2)

L(xi |y) = (L(xi,1 |y), . . . , L(xi,m |y)) ,
L(xi,j |y) = ln

P (xi,j = +1|y)
.
P (xi,j = −1|y)

By subtracting the a priori information, extrinsic output is created. This avoids feeding
of the outer decoder with the information added by itself in the previous iteration —
only “new” information is passed on.
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After de-interleaving, this extrinsic information becomes the “channel” input L(x 0 )
of the outer decoder — there is no a priori input to the outer decoder as we assume
the information bits to be independent and equally probable. The decoder generates
decisions about the information bits as well as extrinsic information about the coded
bits. This information is re-interleaved and fed back to the MIMO detector, where it is
re-used as a priori knowledge. At the start of the iterative process (iteration 0), no a
priori information is available. From the assumption of equiprobable information bits,
we also assume the coded bits to take on values +1 and −1 with equal probability.
Therefore, in iteration 0 all L-values take on zero value, L(x i,j ) = 0.
This receiver structure is generally referred to as a “Turbo” receiver for serially
concatenated systems according to the “Turbo” principle [12].
B. APP detection of MIMO signals
In an iterative system we want the APP detector to generate likelihood information
about the transmitted bits. The L-value of the bit xq,r , knowing the received vector y,
is defined through standard manipulations as
P
L(xq,r |y) = ln P

x∈Xq,r,+1

p(y|x)P (x)

x∈Xq,r,−1

p(y|x)P (x)

,

(3)

where the two sums describe expectations of p(y|x) over Xq,r,±1 = {x|xq,r = ±1}.
Generally, in MIMO systems, Xq,r,±1 contain too many entries to evaluate the two
sums in a brute-force approach. Already for a system with nT = 4 transmit antennas
employing 16-QAM, 32768 terms have to be summed up in both the enumerator and
the denominator for each channel use.
Therefore, we want to restrict our evaluation to the dominant terms in the two sums of
(3) corresponding to transmit vectors from a yet to be determined list L (much smaller
than Xq,r,±1 ), which is independent of particular bit values. At the same time we want to
approach the true L-value as closely as possible, because a bad quality of the exchanged
information between detector and decoder will deteriorate the overall performance of
the receiver.
To avoid numerical problems, the evaluation of the L-value is normally done with
logarithmic probabilities which simplify if we assume independence of the bits x. It
was shown in [4] how the decision metric Λ defined by the logarithmic probability
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(ln p(y|x) + ln P (x)) can be rewritten as a cumulative metric for n R ≥ nT if we have
an initial unconstrained estimate ŝ = (HH H)−1 HH y:
ln p(y|x) + ln P (x) = C + −
=C+

X
1
kL(s − ŝ)k2 +
ln P (xi,j )
N0
i,j

nT
X

Λi ,

(4)

(5)

i=1

2

i
M
X
1 X
Λi = −
`i,j (si − ŝi ) +
ln P (xi,j ),
N0 j=1
j=1

where L with entries `i,j is a lower triangular matrix resulting from the QL decomposition of H = QL, and the constant
C = −nR ln(πN0 ) + yH (I − H(HH H)−1 HH )y
does not depend on the vectors x and will therefore cancel out in the L-value. The
increments Λi of the metric
Λ=

nT
X

Λi

i=1

depend only on the transmission symbols xj for j ≤ i and the corresponding a priori
values.
The metric values are calculated sequentially following a tree structure. We look
at the bits x as a tree of total depth nT , where each node has 2m leaving branches,
each branch labelled with xi and the corresponding symbol si (xi ). In Fig. 2 we have
depicted an example tree for nT = 3 transmit antennas employing BPSK. At each node,
a decision has to be made for either a sent +1 or a sent −1, such that for example the
uppermost path through the tree corresponds to a transmitted sequence of (+1, +1, +1).
[Figure 2 about here.]
Using classical algorithms operating on trees like the stack or the Fano algorithm,
we can find the most promising candidate sequence with largest corresponding metric
values. While the sphere decoder in [2] can be interpreted as a variant of the Fano
algorithm, we propose a list variant of the stack algorithm which proceeds as follows
while keeping track of all visited open nodes in an ordered stack list:
1) Initialize the stack with the root node having metric zero and length zero.

6

2) Extend the path in the stack with the largest metric which has not yet reached its
full length. Replace its entry with its M = 2m successors and their incremented
metrics while keeping the order of the stack.
3) If the size of the stack exceeds a predefined maximum Lmax , remove the exceeding
entries.
4) If a sufficient number of full-length paths has been found — or — if a predefined
number of nodes has been extended, stop the algorithm.
5) Otherwise, go to step 2.
As in general we want to stop the algorithm before the maximum number of node
extensions, we will end up with a partially extended tree, represented by a stack list
with associated metric entries.
C. Path augmentation and generalized log-likelihood ratios
If we wanted to rely exclusively on the classical stack algorithm, the best path
(maximum metric) would be the only transmission vector we could use. The resulting
hard decisions imply too large absolute values of the L-values, which would make good
performance of the iterative system impossible.
We could continue to run the stack algorithm until a larger number of full-length
candidates with only hard detected bits along the path guarantees a better quality of
the decisions. A different approach is to use the information contained in the remaining
(incomplete) stack entries to improve the soft output. In order to use all entries from the
stack list, we have to correct the metric values by making assumptions about the undetected part — otherwise the metric of the incomplete path would inevitably be too large
compared to the true value. Two assumptions are readily available: the unconstrained
(zero-forcing) estimate (ŝnd +1 , . . . , ŝnT ) (ZF), and the soft bits (x̄nd +1,1 , . . . , x̄nT ,M )
from the a priori information (AP) resulting in the estimates s̄ i = E{si }. These two
approaches have been compared in [13] where the AP path augmentation has proved to
give a slight advantage, which might be outweighed by the simpler calculation of the
ZF augmentation.
If we want to include these incomplete paths in the calculation of the log-likelihood
ratio (3), we have to assure a special treatment of the unknown bits on each path. This
can be done by generalizing the familiar log-likelihood ratio.
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For the undetected bits we can use the available a priori information to derive the
following “soft” bits:
x̄q,r = E{xq,r } = tanh (L(xq,r )/2) .

(6)

They are not perfectly reliable, i.e., |x̄q,r | < 1. During the calculation of L-values on
an incomplete tree, we will encounter incomplete binary vectors x̄ ∈ L. These are
vectors where some “hard” bits xq,r ∈ {+1; −1} are assumed to be known perfectly
(first branches of the tree), whereas for others we only have some less reliable “soft”
bits based on the a priori L-values. The use of this list L generalizes the expectations
in the enumerator and denominator of (3):
P
p(y|x̄)P (x̄)P (xq,r = +1)
x̄∈L
L(xq,r |y) = ln P
p(y|x̄)P (x̄)P (xq,r = −1)

(7)

x̄∈L

If some path reaches the end of the search tree, all bits along this candidate will be
hard bits — we assume well-defined decisions along this path. In the case where L
enumerates all 2mnT possible vectors x, all bits xq,r are assumed perfectly known (on
each path) and (7) simplifies again to (3).
III. M ODIFICATIONS OF THE MIMO MAPPING
Using an APP detector or the LISS detector as its simplified version, we can successfully implement an iterative receiver for coded MIMO systems. Its performance
depends to a large degree on the accuracy (and therefore the complexity) of the two
principal components at the receiver, i.e., the inner detector and the outer decoder.
It remains the question how the two corresponding serially concatenated components
on the transmitter side should be designed in order to achieve the best possible performance of the whole system. Here, we will consider two standard choices of the
outer code (PCC or convolutional) in combination with modified bit labeling and/or
differential pre-coding at the inner MIMO mapper.
A. Multi-dimensional bit labeling
Although in most standard communication systems Gray labeling is used to assign bit
patterns to signal points, recent results have shown that this is not necessarily optimum
for systems with iterative detection ([5], [6], [14]).
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[Figure 3 about here.]
For good performance in iterative systems with a priori information, the Euclidean
distance between a symbol s and its counterpart z is important, where z has the same
bit labeling except a single inverted bit. See Fig. 3 for a single-antenna example using
QPSK with either Gray labeling (left) or natural labeling (right): If we assume ideal a
priori knowledge of the second bit, the detector’s choice becomes limited to a symbol
pair instead of the four possible symbols (indicated by lines in Fig. 3). Clearly, with
natural labeling, the Euclidean distance between the two remaining symbols is larger
than with Gray labeling. This implies a more reliable decision in the presence of noise.
[Figure 4 about here.]
For MIMO systems, this can be generalized if arbitrary vector labelings s = map(x)
are possible instead of symbol-by-symbol labelings si = map(xi ). We look at the mnT
bits as one transmission vector that is to be transmitted via n T complex constellation
symbols. Consider Fig. 4 for an example using nT = 2 transmit antennas and QPSK:
Symbol-by-symbol Gray labeling implies that the first two bits of the vector x are
always used to define the symbol transmitted over the first antenna, and the second pair
of bits defines the transmit symbol of the second antenna.
This condition is relaxed for the two-dimensional MIMO labeling. We clearly see
that there is no one-to-one relationship between the bits of the vector x and the QPSK
symbols transmitted over the two transmit antennas.
Based on the error bounds given for bit-interleaved coded modulation (BICM) it was
derived in [6], [14] that the asymptotic performance of BICM with iterative detection
is governed in the single-antenna case by the harmonic mean of all possible vector
pairs (s, z). This is an expurgated union bound where only single bit-errors during one
channel use are taken into account.
This bound can be extended to our system of bit-interleaved coded modulation over
the ergodic MIMO channel. As an example, we can see from Fig. 4 by comparing the bit
sequences + + ++ and + + +−, that the exemplary 2D MIMO labeling gives a much
larger Euclidean distance between the two symbol vectors, as both antenna symbols
change, whereas for 1D Gray labeling only one symbol changes by the smallest possible
amount.
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By using a Chernoff bounding technique it can be shown that in the multi-dimensional
case, the asymptotic bit error rate (for ES /N0 → ∞) is proportional to

−df nR
W (df ) ES
,
Pb ∼
2d
4N0
kdM f
where df is the minimum free distance of the outer code, W (df ) is the corresponding
average input weight (see e.g., [15]), and the harmonic mean of the Euclidean distance
of the mapping writes


d2h = 

1
mnT 2mnT

mn
XT

X X

i=1 b∈±1 s∈Xi,b

−1

1

||s − z||2nR

.

We strive to find the labeling that maximizes this harmonic mean, in order to minimize
bit error rate. As we want to design our transmitter independent of the number of receive
antennas, we will set nR = 1 for our search of good labelings.
In the absence of a priori information the distance has to take into account all possible
pairs of symbols, not only those with one inverted bit [6]. Exhaustive design of good
labelings is difficult due to the large number of possible labelings, and true multidimensional labelings prevent the straight-forward application of the LISS detector. As
we will see, already simple choices like 1D natural labeling instead of Gray labeling
yield substantial changes in the behavior of the concatenated system.
B. Differential Pre-Coding
Let us introduce a differential rate-1 pre-coder in the mapper (see Fig. 1). The
mapping is no longer a symbol-by-symbol mapping, and the pre-coder operating in
GF(2) is defined by the recursive state-space equations [16]
ξk+1 = Aξk + Bv(k) ,

(8)

x(k) = Cξk + Dv(k) ,

(9)

transforming the length mnT vectors v(k) into vectors x(k) of the same size. The state
vector of the recursive pre-coder at time k is described by ξk . Without going into details
of the choice of the matrices A, B, C, and D, we can find a pre-coder that exhibits
the best compromise of good performance without and with a priori information. For
maximum mutual dependence of the bits, all bits contribute to the state of the memory-1
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encoder, therefore
A = 1,

and

B = [1, . . . , 1].
The pre-coder ist assumed to start in the zero state ξ1 = 0. The pre-coder inevitably
leads to a performance loss if no a priori information is available. If a pre-coder is used,
we should therefore stick to Gray labeling and only one output bit should be affected
by the encoder. This leads to the choice of the two remaining matrices
D = I,

and

C = [1, 0, . . . , 0]T ,
where I is the mnT × mnT identity matrix. The resulting pre-coder for a system with
four input bits per channel use is shown in Fig. 5.
[Figure 5 about here.]
At the receiver the transmitted bits can be recovered using a standard APP decoder
for trellis coded modulation based for example on the BCJR algorithm, whose metric
is extended to take into account the multiple receive antennas. For larger systems (such
as 16-QAM with 4 transmit antennas transmitting 16 coded bits per channel use) the
number of parallel transitions in the decoder can become a problem and demands for
efficient detector algorithms.
IV. S IMULATION RESULTS
We will use a transmission system with nT = nR = 4 antennas and QPSK modulation.
The outer code is at first an ν = 3 PCC code, punctured to code rate R = 1/2 (8 internal
decoder iterations, interleaver length 9214 bits).
[Figure 6 about here.]
Fig. 6 shows two EXIT charts for the system operating at an SNR of 2.2 dB. EXIT
charts are a tool to analyze the convergence behavior of iterative systems [10]. The thin
lines show the mutual information of the extrinsic output of the detector as a function
of the mutual information of the detector’s a priori input. The thick lines show the
corresponding characteristic of the outer decoder, but with flipped axes to depict the
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information exchange between detector and decoder. If the intersection between both
characteristics is close to the right and top axes of the chart, there will be an open
“tunnel” between the two graphs, and convergence will take place at low bit error rate.
To avoid confusion of different effects, exhaustive APP detection is used. The lefthand chart shows the combination of an outer PCC code and two different bit labelings.
We see that for PCC/Gray there is a small gap between both lines which corresponds to
the convergence of this system. If we use natural instead of Gray labeling, convergence
will be prevented by the early intersection of the two characteristics.
Therefore, natural labeling should be employed with a simpler outer code that exhibits
a less pronounced “knee”. In the right-hand chart, we show the combination of natural
labeling with an outer convolutional code (R = 1/2, constraint length ν = 4, generator
polynomial G(D) = [1 + D 3 + D4 , 1 + D + D3 + D4 ]). Now the characteristic of the
APP detector clearly lies above the outer code which implies that convergence should
take place even earlier than 2.2 dB. However, there is another intersection of both
characteristics, which is still relatively far from the right axis. This will result in an
error floor.
The typical error floor can be avoided if differential pre-coding is used. As predicted,
the corresponding characteristic reaches the upper-right corner of the right-hand EXIT
chart. However, due to the initial loss if no a priori information is present, there is no
visible gap for the iterative detection to perform well at the investigated SNR of 2.2 dB.
Therefore, we expect convergence only to take place at a higher SNR. If pre-coding
was combined with natural labeling, convergence would take place even later.
[Figure 7 about here.]
For the multi-dimensional bit labelings, a random search was performed over 5.5 · 10 5
different bit labeling patterns, a small subset of all possible labelings. Only a small range
of values is occupied by the values of d2h for nR = 1: The minimum was determined
as d2min = 1.56, and the maximum was d2max = 1.82.
Therefore, we are interested in the performance of these two extreme bit labelings.
This is shown in the EXIT chart in Figure 7. There is only a slight difference between
the two graphs. Compared to the detector characteristics from Figure 6 the slope is
much higher than for the symbol-by-symbol labelings. We therefore see the symbolby-symbol Gray and natural labelings as two extreme examples of multi-dimensional
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bit labelings.
Although the performance with a priori information is close to optimal, the intersection on the left-hand side of the chart will prevent convergence at an SNR of 2.5
dB. Therefore, we do not expect good performance from this combination. Experiences
with higher-order modulation schemes such as 16-QAM modulation show even steeper
detector characteristics, which prevent convergence over a larger range of SNR values.
[Figure 8 about here.]
These results are well verified through BER simulations as shown in Fig. 8, where
the Shannon limit to capacity is situated at an SNR of approximately 1.6 dB. The
system with natural labeling and a convolutional code reaches the performance of the
PCC/Gray system after 8 iterations and even outperforms it after 20 iterations. However,
the high error floor at more than 10−3 will be inacceptable in mobile communication
systems. The large number of iterations, which is necessary in systems with a very
narrow “tunnel” in the EXIT chart, also reduces their practical importance.
With Gray labeling and pre-coding, no error floor is visible. Combined with an outer
memory-4 convolutional code, convergence takes place at an SNR of approximately
0.4 dB more than in the PCC/Gray system. If the pre-coder is combined with an outer
memory-2 convolutional code there is an additional loss of 0.15 dB.
Therefore, for MIMO systems, Gray labeling without pre-coding and with an outer
PCC code is a compromise for overall good performance, situated only at about 0.6 dB
from capacity at a BER of 10−4 .
V. CONCLUSION
Iterative detection of bit-interleaved coded MIMO systems is a promising way of
approaching the ergodic MIMO capacity. The LISS detector can be used to reduce the
complexity of the APP detector needed in such systems. We have discussed several
options in the transmitter design of the concatenated system consisting of an outer
code and the MIMO mapping. Using an outer convolutional code with natural (or antiGray) QPSK mapping, we have early convergence at the price of an almost untolerable
error floor. We can gain another degree of freedom by designing multi-dimensional
bit labelings, but their steeper EXIT characteristic prevents early convergence of the
iterative detection process. With a differential pre-coder and Gray mapping, no error
13

floor appears at the price of later convergence. The combination of an outer PCC code
and standard Gray mapping achieves a good compromise of fast convergence and low
error floor at only 0.6 dB from the Shannon limit to capacity.
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[16] R. Otnes and M. Tüchler, “On iterative equalization, estimation, and decoding,” in Proc. ICC.
(AK), USA: IEEE, May 2003.

15

Anchorage

B IOGRAPHY
Stephan B¨
aro studied electrical engineering and telecommunications in Aachen, Germany, and Paris and Toulouse, France. He graduated from RWTH Aachen in 1997.
He has been with the Institute of Communications Engineering (LNT) of the Munich
Institute of Technology (TUM) since 1997, where he obtained his PhD in 2004. His
research interests are in multi-antenna systems and iterative receivers.

16

1
2
3
4
5
6
7

8

L IST OF F IGURES
System model of MIMO bit-interleaved coded modulation with iterative
detection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Decision tree for the stack algorithm. Example with nT = 3 transmit
antennas and BPSK modulation. . . . . . . . . . . . . . . . . . . . . . . .
Different labelings for QPSK transmission (left: Gray labeling, right: natural labeling) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Example for multi-dimensional MIMO labeling, QPSK, n T = 2 transmit
antennas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
MIMO mapper with differential rate-1 pre-coder for nT = 2 antennas and
QPSK . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
EXIT charts for different labeling/pre-coding strategies, n T = nR = 4,
QPSK, ES /N0 at 2.2 dB. . . . . . . . . . . . . . . . . . . . . . . . . . . .
EXIT chart for outer convolutional code (ν = 3, R = 1/2) and multidimensional bit labeling, nT = nR = 4, QPSK, ES /N0 at 2.5 dB. Detector
characteristics for bit labelings with minimum and maximum harmonic
mean, determined from 5.5 · 105 random labelings . . . . . . . . . . . . .
BER simulations for different labeling/pre-coding strategies, n T = nR = 4,
QPSK. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

17

18
19
20
21
22
23

24
25

interleaver

u

outer
encoder

source

x0

Π

v

x

pre-coder

mapper

s
nT transmit antennas

...
H

nR receive antennas

...
L(u|x0 )

sink

decision

y

de−interleaver

outer
soft in/out
decoder

L(x0 )

AWGN

L(x|y)

Π−1

MIMO
detector

interleaver

Π

Fig. 1.

n

System model of MIMO bit-interleaved coded modulation with iterative detection.

18

L(x)

(+1)
(+1)
(−1)

(+1)
(−1)
(−1)

Fig. 2.

(+1)
(−1)
(+1)
(−1)
(+1)
(−1)
(+1)
(−1)

+++
++−
+−+
+−−
−++
−+−
−−+
−−−

Decision tree for the stack algorithm. Example with nT = 3 transmit antennas and BPSK modulation.

19

Fig. 3.

+−

++

+−

++

−−

−+

−+

−−

Different labelings for QPSK transmission (left: Gray labeling, right: natural labeling)

20

+ + ++

+ + ++

+ + +−

+ + +−

+ − ++

+ − ++

1D Gray labeling
Fig. 4.

2D MIMO labeling

Example for multi-dimensional MIMO labeling, QPSK, nT = 2 transmit antennas

21

Multidimensional
Mapping

D

Fig. 5.

MIMO mapper with differential rate-1 pre-coder for nT = 2 antennas and QPSK

22

1

1
Gray labeling

detector output / decoder input

0.9

0.9

0.8

0.8

0.7

0.7

0.6

0.6

Pre−Coding, Gray labeling

0.5

Natural labeling

0.5
PCC Code, ν=3, Rc=1/2

0.4
0.3

0.2

0.1

0.1
0.2
0.4
0.6
0.8
detector input / decoder output

Conv. Code,
ν=5, Rc=1/2

0.3

intersection

0

intersection

0.4

0.2

0

Fig. 6.

natural labeling

1

0

0

0.2
0.4
0.6
0.8
detector input / decoder output

EXIT charts for different labeling/pre-coding strategies, nT = nR = 4, QPSK, ES /N0 at 2.2 dB.

23

1

1

0.9

detector output / decoder input

0.8

0.7

0.6

0.5
convolutional code
ν=3, R=1/2

0.4

0.3

0.2

intersection

0.1

0

0

0.1

0.2

maximum dh2
minimum dh2
0.3

0.4
0.5
0.6
detector input / decoder output

0.7

0.8

0.9

1

Fig. 7. EXIT chart for outer convolutional code (ν = 3, R = 1/2) and multi-dimensional bit labeling, n T = nR = 4,
QPSK, ES /N0 at 2.5 dB. Detector characteristics for bit labelings with minimum and maximum harmonic mean,
determined from 5.5 · 105 random labelings

24

0

10

−1

10

−2

10

−3

−4

10

−5

10

−6

10

−7

10

1.5

capacity limit

BER

10

Turbo code, Gray labeling, 8th iteration
Conv. code ν=5, pre−coding, 8th iteration
Conv. code ν=3, pre−coding, 8th iteration
Conv. code ν=5, natural labeling, 20th iteration
Conv. code ν=5, natural labeling, 8th iteration
Genie bound, conv. code ν=5, natural labeling
2

2.5
ES/N0 in dB

Fig. 8.

BER simulations for different labeling/pre-coding strategies, n T = nR = 4, QPSK.

25

3

