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Abstract—TIterative detection-and-decoding for multi-input
multi-output (MIMO) communication systems require a soft-input
soft-output (SISO) detection algorithm, which, in the optimal
formulation, is well known to be exponentially complex in the
number of transmitting antennas. This paper presents a novel
SISO detector for MIMO systems, named SISO king decoder. It
is a tree-search branch-and-bound algorithm, which exploits the
properties of the channel matrix and the a-priori information on
the transmitted bits to reduce the overall computational complex-
ity. The proposed algorithm is compared with the SISO single
tree-search sphere decoder [1]. Simulation results are provided to
show the complexity reduction without relevant performance loss
in terms of bit-error rate.

Index Terms—TIterative detection-and-decoding system (IDDS),
max-log, multi-input multi-output (MIMO), soft-input soft-output
(SISO) detection, tree-search.

I. INTRODUCTION

ULTI-INPUT multi-output (MIMO) communication en-
ables systems with high data-rate requirements. It is
known that their capacity increases with the minimum between
the number of transmit antennas and the number of receive
antennas [2]. However, a strong limitation to MIMO systems
implementation is given by the computational complexity of
the optimal detection (which is known to be exponential with
the number of bits per transmission) [3]. Therefore, several
low-complexity suboptimal alternatives have been proposed in
the literature, such as branch-and-bound algorithms [4], lattice-
based approaches [5] and other tree-search algorithms as the A*
algorithm [6].
A mature approach for MIMO communication systems is the
development of iterative receivers [7], [8]. The turbo concept,
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originally proposed for capacity-achieving error correcting
codes [9], is extended to iterative receivers [10], which are used
in coded MIMO. The iterative process involves the soft-input
soft-output (SISO) detector and the SISO channel decoder,
which exchange soft information to improve performance at
each iteration at the expense of a longer processing time. In
SISO detection for MIMO systems, a good balance between
performance and complexity is crucial.

Several algorithms with reduced complexity have been pro-
posed in the literature. A sub-optimal solution limited to the
case of quadrature phase-shift keying (QPSK) signaling and
based on the semidefinite relaxation of the detection problem
is presented in [11], which provides a rigorous analysis of the
computational complexity. An intermediate approach between
optimal SISO detection and Max-Log approximated detection
[3], named partial marginalization (PM), is proposed in [12].
In the PM algorithm the tradeoff between performance and
runtime, which is constant and fully predictable, is set through
a tuning parameter. Practical implementations of soft-output
detectors are the low-cost implementation for NVIDIA com-
pute unified device architecture (CUDA) graphics processing
unit (GPU) in [13] and the VLSI architecture and application-
specific integrated circuit (ASIC) synthesis in [14]. An ASIC
implementation of a SISO detector based on the minimum
mean square error parallel interference cancellation (MMSE-
PIC) is proposed in [15].

In the literature, the term sphere decoder (SD) refers to a col-
lection of extremely efficient tree-search algorithms, providing
optimal or suboptimal solutions with reduced computational
complexity with respect to (w.r.t.) the exhaustive search of
maximum likelihood (ML) detection. Inspired from the work
on vector search in lattices [16], [17], several low-complexity
algorithms based on SD have been proposed, e.g. ML decoding
for channels with memory [18] and for multidimensional mod-
ulations in fading channels [19]. In the context of multi-antenna
systems, SD has been extended to both uncoded and space-
time coded transmissions [20]. Description and performance
comparison of different methods for SD-based ML detection
are found in [21], [22]. SD can be applied to underdetermined
systems as well, i.e., when the number of transmit antennas is
greater than the number of receive antennas. However in the
latter case no pruning can be performed at the first levels of
the tree. To avoid this problem in [23], [24] specific versions
of SD have been proposed. Other SD algorithms, approaching
near-ML performance and suitable for implementation with
very-large-scale integration (VLSI) architectures, have been
proposed in [25].

0090-6778 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



PAPA et al.: SOFT-INPUT SOFT-OUTPUT MIMO DETECTOR WITH NEAR-OPTIMAL PERFORMANCE

The SISO version of the SD proposed in [1] is a single
tree-search algorithm able to get the same performance as the
Max-Log approximated detector [3] at significantly reduced
computational complexity. It is based on the same single tree-
search mechanism proposed in [26] and presents the additional
remarkable feature of tuning the tradeoff between performance
and complexity reduction by adjusting only one parameter
(see Section VI and [1] for more details about the “clipping”
technique). A formal definition of optimality and optimal effi-
ciency (in terms of complexity) is given in [27] for the class
of soft-output detection algorithm based on the SD, and a soft-
output SD, being optimal under the aforementioned properties,
is presented. A soft-output extension of the hard-output fixed-
complexity SD (FSD) [28] is presented in [29]. Another im-
portant point in practical MIMO receivers is the worst-case
computational complexity, which influences directly the system
data-rate. A soft-output detector with a fixed upper limit in de-
coding complexity is proposed in [30]. The list sphere decoder
(LSD) is another suboptimal algorithm originally proposed in
[3]. It is a tree-search algorithm and reduces the computational
complexity pruning those nodes with a metric larger than a
given radius threshold. A critical point in the LSD is the
choice of the pruning radius, which trades performance and
complexity. A novel version of the LSD is proposed in [31] and
is based on a probabilistic method to select the pruning radius.
In [32] the authors propose an exact Max-Log detector based
on multiple hard SD steps (the number of needed steps is equal
to the number of transmit antennas plus one) and a suboptimal
solution, which needs only one hard SD step, leading to a
remarkable complexity saving. Hardware implementations of
SISO detectors based on SD have been proposed, such as the
field-programmable gate array (FPGA) prototype and the ASIC
synthesis in [33]. Furthermore, in [34] the authors extend the
FSD [28] to the SISO case and propose a VLSI implementation.

Contributions: In this paper we present an SISO detection
algorithm for MIMO systems, named SISO king decoder (KD),
which has been preliminarily investigated in [35]. The proposed
algorithm generalizes to the SISO case the KD developed for
the hard-input hard-ouput case in [36] for M-ary quadrature
amplitude modulation (M -QAM) constellations and in [37] for
phase-shift keying (PSK) constellations. The SISO KD is a
tree-search algorithm, which reduces the complexity through
dominance conditions. The latter exploit the properties of the
channel matrix and the a-priori information on the trasmitted
bits. The basic idea is to strongly reduce the set of candidates
to the computation of the log-likelihood ratios (LLRs) via a
pruning mechanism based on the definition of local minimum
of the metric, which arises from the Max-Log approximation
of the LLR. The advantages of the SISO KD are: (i) does not
need any decomposition or inversion of the channel matrix and
(ii) can prune already at the first levels of the tree in the case
of underdetermined systems, without any change to the formu-
lation presented in this work, as opposed to most algorithms
based on the SD. As stated in [36], the dominance conditions for
the hard case have already been derived in [38], where they are
used in a multi-user detection algorithm based on the Hopfield
neural networks. The dominance conditions have also been
employed in [39] for maximum-likelihood sequence detection
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and in [40] for a multistage detection algorithm. Furthermore,
in [41] the authors show how the prior information can be incor-
porated in the dominance conditions. The proposed algorithm
makes a different use of the dominance conditions, i.e., as prun-
ing criteria in the tree-search mechanism. It does not compute
the exact Max-Log solution of the SISO detection problem,
but simulation results show that it achieves performance very
close to the Max-Log detector with significantly reduced com-
putational complexity. This result allows us to compare it with
the SISO single-tree search SD (STSSD) [1], which represents
an efficient (in terms of complexity) exact and approximated
implementation of the Max-Log solution. Here, w.r.t. our earlier
conference paper [35], the algorithm is extended to the case
of generic M-QAM constellation, a computationally efficient
way to compute the required metrics is presented and a detailed
analysis of the computational complexity (including a worst-
case numerical analysis) of KD is performed.

Outline: The remainder of this paper is organized as fol-
lows. In Section II the complex-valued and the equivalent real-
valued models of a narrowband MIMO system are described.
In Section IIT we briefly recall the SISO detection problem and
the approximated formulation via Max-Log. In Section IV we
present the dominance conditions and derive the SISO KD. In
Section V the complexity analysis of the proposed algorithm is
provided. In Section VI we demonstrate via simulation results
that the SISO KD is able to achieve near-optimal performance
with reduced computational complexity w.r.t. the alternatives
proposed in the literature. Finally, in Section VII we draw some
concluding remarks; proofs and derivations are confined to the
Appendix.

Notation: Lower-case bold letters denote column vectors,
with a; denoting the ith element of the vector a; upper-case
bold letters denote matrices, with A;; and a; denoting the
(4, 4)th element and the ith column of the matrix A, respec-
tively; I, is the n x n identity matrix; 0y, «,, iS a n X m matrix
of zeros; diag(A) is a diagonal matrix with the same size and
the same diagonal as the square matrix A; |- |, || - |, Pr{-},
()T, R(-), and 3(-) denote the absolute value, the Ly norm op-
erator, the probability of events, the transpose operator and the
real and imaginary part, respectively; AV (p, 2) (CN (u, X)) is
the (circularly complex) normal distribution with mean vector
p and covariance matrix 3J; finally, ~ means “distributed as.”

II. SYSTEM MODEL

We consider a narrowband MIMO system with K transmit
antennas and NV receive antennas. The corresponding discrete-
time model is

y=H5s+n, (1)
where s € CHK*1 is the transmitted symbols vector, Hc
CN*K is the fading channel matrix, 7 € CV*1, with 7 ~

CN(05,,,0%I ), is the noise vector and § € CN*! is the
received vector. We assume perfect channel state information
at the receiver, i.e., H is known.

The system employs bit-interleaved coded modulation [42].
The block diagram of the transmitter is shown in Fig. 1(a). The
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binary stream is coded and interleaved to enforce independence
of information among the transmitted bits. The bits are then
mapped to symbols using a generic M -QAM constellation, in-
cluding binary phase-shift keying (BPSK) and QPSK as special
cases. The block diagram of the typical iterative detection-and-
decoding system (IDDS) [3] is shown in Fig. 1(b). The receiver
processes a block o ;(Ub

where w is the codeword length and b £ log, M. The SISO
detector relies on the perfect channel state information, namely
H and o2 During each iteration the SISO detector processes
these vectors and the a-priori soft informations and outputs
a w-dimensional vector of a-posteriori soft informations, one
for each coded bit, to which the a-priori soft informations
are subtracted to obtain the extrinsic soft informations. These
ones are deinterleaved and decoded. The SISO channel decoder
based on a-posteriori probability (APP) has been formalized in
[43]. The channel decoder provides two outputs: (i) the update
of soft informations on uncoded bits, which can be used to
make the decisions for the current iteration; (ii) the update
of soft informations on coded bits, which are converted to
extrinsic soft informations, re-interleaved and used as a-priori
soft informations for the SISO detector in the next iteration. At
the first iteration the a-priori soft informations are set to zero.
The iterative process stops after a preset number of iterations
and the receiver moves to the next snapshot.

A. Equivalent Real-Valued Model

For our purposes, it is convenient to refer to an equivalent
real-valued model with transmitted symbols drawn from a
BPSK constellation. This can be obtained in two steps. Since
the considered constellations are separable, we can equivalently
rewrite the system model in (1) as

y=Hs+n, )
whereyé(gg;)GRN“,sé(ggi)eRzkﬂ,né
(%(?)> € RN*1, N 2 2N and
S(n) ) )
oA (Hr —Hj
H_(HI HR)’ 3)

where Hp 2 R(H), HI = \s(H)' also it can be readily veri-
fied that n ~ NV (On 1, &I n). Secondly, we can express each

!'A snapshot consists of the transmission of a single codeword.
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MIMO system: (a) block diagram of the transmitter, (b) block diagram of the IDDS.

real-valued constellation in terms of a vector of b antipodal sig-
nals, that is s = Pz, where P € Z?5*K and x € {1, +1}X,

K 2 Kb. The matrix P determines the mapping from binary
to real-valued symbols and its expression can be derived from
the formulation in [23], [44]. Substituting such expression in

(2) and defining H 2 HP leads to
y=Hzx+n. )

It needs to note that the matrix P prevents the use of Gray
mapping with higher order constellations (M > 4), because of
the presence of the a-priori information in the SISO detector
formulation (see Section III).

III. SISO DETECTION

The SISO detector computes the a-posteriori LLRs Vi =

-, K [3]
)\i é In Pr {xi - +1|y}
Pr{z; = —1ly}
K
S exp (_y(gxz + % > xj)\f>
zeX:x;=+1 j=1
=In P , (5)
S exp <_|y—gx2 + % > %)xf)
rxeX:x;=—1 J=1

where X' 2 {—1,+1}K and/\;‘ 2 ln%fﬂ j=1,...,K,

are the a-priori LLRs. From inspection of (5), it is apparent that
the computation of \;, Vi =1,..., K, requires the following
2K terms

K

Z :

_ly - lel2

exp Ve e X; (6)

therefore it is exponentially complex with K, thus leading to
prohibitive complexity as the number of bits per transmitting
vector grows. By applying the Max-Log approximation [3]

In Z exp(a;) ~ max a;, @)

the 7th a-posteriori LLR can be approximated as

AM 2 ; 7 : q
i S epin m(e) - min om(x), @
where

AM

m(z) Z : ©)
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The loss in performance of (8) w.r.t. the exact formulation in
(5) has been shown to be negligible2 [45].
Equation (8) can also be conveniently expressed as [32], [41]

v [m(@D) —m@hAR), A =yl
L m(@MAPy —m (g;(i)) . aMAP —
where
wMAP é arg max Pr {:l:‘y} (11)
xeX
is the maximum a-posteriori (MAP) solution® and
O argmin  m(x) (12)
weX::j;,i:_‘,L.iWAP

is the ith counter-hypothesis [1].

Remarks: The Max-Log approximation itself does not lead
to a complexity reduction, because (8) still requires the com-
putation of 2% metrics; indeed, it was originally introduced
to remedy to the numerical instability, which affects (5) [45].
Nonetheless (8) can be exploited to design low-complexity
algorithms [1], [32], [41].

IV. SISO KING DECODER

In this section we describe the main contribution of this
paper, the SISO KD algorithm which is derived in terms of a
tree-search where the cost function at each node is based on the
generalization of the dominance condition (see [38], [39], [41]).
Furthermore we provide a computationally efficient method to
compute the metric defined in (9).

A. Dominance Conditions

We reformulate the dominance conditions in the general
case of SISO detection by taking into account the a-priori
information. Let «; () be a vector which differs from x only

in the ith element, i.e., a;() 2 [t1...—x;...2x]". Such a
vector will be referred to as the ith adjacent of . A vector x
that satisfies the set of conditions

m(x) < m(a;(x)), Vi=1,...,K, (13)
is a local minimum of m(x). The ith condition in (13) is
equivalently written as (see the Appendix)

4

Ti | 3 (14)

K

hZTy — Z Gij.’L'j + )\;4 >0,
j=1
J#i

where G 2 H"H. Eq. (14) does not allow an efficient search
of the local minima of m(x), because it depends on all the
elements of . We observe that verifing (14) is a matter of de-

2This is not always true for underdetermined scenarios, as it will be shown
in Section VI.

3In fact, it can be readily verified that pMAP

= arg maxm(x).
zEX
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termining the sign of the left-hand side (1.h.s.) or, equivalently,
the sign of the expression in the brackets

K
4
j=1
J#i

which on occasion can be determined even without knowledge
on x. We consider the condition

4 K
> ;ZIGUI,
j=1

i

4
‘UthTy + A4 (16)

which does not depend on x. Noticing that the right-hand side
K
(r.h.s.) of (16) is the maximum possible value of — % > Gz

i=1
as x changes, it is apparent that, if (16) is satisfied, (1]5) has the
same sign as the argument of the absolute value in the Lh.s.
of (16), regardless of the elements in x. Therefore, if (16) is
satisfied, we can conclude that all the vectors @ such that
x; # sign (;hfy + A;“) (17)
cannot be local minima, because they cannot satisfy (14),
namely the ith condition in (13), and can be excluded from the
search.
Furthermore, if a partial vector p;_1(x) 2 (21 ... 2 1]7 is
available, a condition more general than (16) can be derived.
Noticing that (15) can be rewritten as

4

o2

K
> Gizy,  (18)

i—1
4
hgy—E Gij; +>\§4—§
j=1 j=it1

we consider the less restrictive condition

i—1 K

4 4

S [ Py =D Gy | £ > D0 Gyl (19)
j=1 Jj=i+1

which depends only on p;_;(x). Since the r.h.s. of (19) is the
K

maximum possible value of —% > Gijzjas [Ty ... K]
j=i+1

changes, one can notice that, if (19) is satisfied, (15) has the same

sign as the argument of the absolute value in the L.h.s. of (19)

G (pa@) 2 5

i—1
hZTy — Z Gijxj + )\ZA, (20)
j=1
regardless of the remaining elements [x;11 ... k]. Therefore,
if (19) is satisfied for a given p;_1 (), we can conclude that all
the vectors x such that

x; # sign (q; (pi-1(x))) (21)

cannot be local minima, because they cannot satisfy the ith
condition in (13), and can be excluded from the search.
Equation (19) reduces to (16) for ¢« = 1 and can be thought as a
generalization of (16) conditioned to the knowledge of p; 1 ().
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Fig. 2. Binary tree representation of MIMO detection problem for the case K = 4.

For a given 7, (19) is named dominance condition [37], since it
assesses whether if the projection of the y on the ith column of
H (once suppressed the partial interference given by p;_1(x))
and the a-priori information are strong enough to dominate over
the worst-case residual interference, which is given by the r.h.s.
When (19) is satisfied, such a condition allows to decide on z;,
without making any assumption on [z;41 ...2k]. It is worth
noticing that, when ¢ = K, (19) is always satisfied, because the
r.h.s. is null. Nevertheless (20) needs to be computed, to decide
on rg.

B. Algorithm Formulation

The computation of the K LLRs in (8) requires the metric
of the MAP solution and of the K counter-hypotheses, which
can be computed through multiple searches [32]. Differently,
in this paper, we propose a single tree-search where we apply
the dominance conditions as pruning criterion at each node. The
result is a reduced set of possible solutions, that always contains
the MAP solution, but not the counter-hypotheses. These are
extracted from the reduced set of candidates without the need
of repeated searches.

1) Local Minima Tree-Search: The local minima search can
be set up as a search on a binary tree with K + 1 levels
numbered from 0 (the root level) to K (the leaves level). Fig. 2
shows the binary tree when K = 4, which arises, for instance,
from a system with K =2 employing QPSK modulation or
K = 4 employing BPSK modulation. Each of the 25 leaves
is associated with one possible vector  and each non-leaf node
corresponds to a partial vector according to its level and the
labels of the branches in the path from the root to the node
itself.* The proposed local minima search belongs to the general
class of branch-and-bound algorithms [46] and is formalized in
Table I with a pseudo-code. It uses the dominance condition as
a criterion to prune portions of the tree: when the current node
n satisfies (19), one of its children is pruned according to (21)
and, consequently, all the vectors associated with the leaves
belonging to the corresponding sub-tree will not be included
in the reduced set. The algorithm uses several sub-procedures,
which have the following (intuitive) meaning:

* next_node(T): return the next node of the tree T to be

visited or return NULL if there are no more nodes;

4Without loss of generality, we assume that the left branch departing from a
non-leaf node is labeled with —1 and the right one with +1.

TABLE 1
LoCAL MINIMA TREE-SEARCH

1: Create the binary tree 7" with K + 1 levels and mark all nodes as not
visited

2: n < next_node(T)

3: while n # NULL do

4 set_visited(T,n)

5: 1+« level(n)

6: if [ < K then {n is not a leaf}

7: p «— vector(n)

8 q < compute_q(l + 1, p)

9 b < bounding(l + 1)

10: if |g| > b then {dominance condition is satisfied}
11: if ¢ > O then

12: prune_left(7,n)

13: else

14: prune_right(7,n)

15: end if

16: end if

17:  end if

18:  m < next_node(T)

19: end while

e set_visited(7T,n): mark the node n as visited in the
tree 17;

e vector(n): return the partial vector associated to the
node n;

* level(n): return the level number of the node n;

* compute_q(4,v): compute ¢;(v) according to (20);

e bounding(i): return the rh.s. of the ith dominance
condition;

o prune_left(7,n): prune the left child (and the related
sub-tree) of the node n from the tree 77;

* prune_right(T,n): prune the right child (and the related
sub-tree) of the node n from the tree 1"

The procedure next_node(7T') can be designed to select the
next node according to different strategies. The top-down’
approach is the most convenient, because it allows to prune
the leaves that cannot be local minima as soon as possible.
Employing a different strategy can lead to visit a node that
will be anyway pruned during the visit to one of its ancestors,
thus wasting computational resources. The two well-known
top-down visit fashions are depth-first and breadth-first [46],
which represent the two most common visiting strategies for
tree-search algorithms. The SISO KD can employ both of them
(and any other top-down visiting strategy) without affecting

SThe tree is visited starting from the root node towards the leaves; a node can
be visited only if all its ancestors have been visited.
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Fig. 3.

its performance and computational complexity, because the
pruning criterion depends only on the partial vector associated
to the node under analysis and not on the previous history of
the execution. This is not true for some of the algorithms based
on the SD. The STSSD is a depth-first-only tree-search and
starts with an infinite initial pruning radius, thus, its pruning
capabilities are strongly conditioned by the first visited path
from the root to the first visited leaf and also by the successive
visiting order. The LSD is a breadth-first tree-search and its
performance and pruning capabilities are strongly affected by
the choice of the pruning radius.®

An example of the final state of the binary tree for the case
K = 4 after the execution of the pruning process is shown in
Fig. 3, where shaded branches and nodes have been cut.

2) LLR Approximation: The procedure terminates with a set
of vectors associated to the survived leaves, denoted with S,
which contains the local minima and possibly other vectors not
excluded by the dominance conditions (cf. (19)). The latter is
analogous to the candidate list of the LSD in [3], although the
SISO KD uses a different pruning criterion. While z4F € S,
since a global minimum is also a local minimum, there is no
guarantee that * € S, Vi =1,..., K, because (¥ is not
necessarily a local minimum. The exact z?) could be found
executing another tree-search, not checking the dominance con-
ditions on the nodes until the level «+ — 1 and pruning in advance
all the branches at level ¢ (and the corresponding sub-trees)
labeled with AP, This approach would need additional K
searches on the tree. With the aim of reducing the complexity,
we avoid these multiple searches by approximating the LLRs
using only the vectors found in S. Thus, we define the set

x0 2 {:c cS: iz = fxfWAP} U {ai(mMAP)}. (22)
and
z® 2 arg minm(x). (23)
xeX (i)
The LLRs are then approximated as
VKA m(;p(i)) ,m(vaIAf’)v xﬁV{AP =41 o
i m(zMAP) — m (w(z)) , aMAP =

6Tt can be implemented in depth-first mode with complexity depending also
on the visiting order.
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An example of binary tree pruned by the local minima tree-search algorithm in Table I for the case K = 4.

xMAP)

The reason for adding ov;( in (22) is because when
() is adjacent to ™A% it may be pruned during the tree-
search, since it cannot be a local minimum by definition. Thus,
taking into account in every case a;(xMAF) Vi=1,..., K,
represents another chance to find (). Furthermore, this choice
always allows LLR (approximate) evaluation, even in the case
{x €8S :2; = —xMAP} =), since the pruning mechanism
does not ensure that the final set S contains at least a vector
such that z; = —xMAP Vi =1 ... K. This enrichment of
the final set S with the adjacents to the MAP solution is often
named bit-flipping and appears in different versions in prior
works, such as [32]. We will show in Section VI that the choice
in (22) leads to near-optimal performances.

C. Cumulative Metric

Even though the reduction of possible candidates reduces the
computational complexity w.r.t. the exhaustive search, further
savings can be obtained by efficiently computing the metric
m(x). Equation (9) can be written as cumulative sum of partial
contributions, each one depending on a portion of the vector x.
In addition, these contributions re-use portions of the already
computed dominance conditions, leading to a further complex-
ity reduction.

We start by showing that (9) can be expanded as

Ty —22"H y+27Gr 1«

o2 :
J=1
Since (24) is a difference between two metrics, all terms not
depending on x vanish. In view of the aforementioned consid-
eration, we define the equivalent metric

m(x)

T _ TE ) THT 1 K
ax Gr—a Er—2x y—izxjxﬁ, (26)

o2

Jj=1

where E 2 diag(G) and 7 Ex does not depend on x, because
2?2 =1,Vi=1,...,K. Since G — E is symmetric with zero
diagonal, denoting with G and Gy its lower and upper
triangular part, respectively, we have

2T (G - B)x =2" (G + Gp)x =
=z" (GL+G])z=22"Grz (27)
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and

2¢7 (Grz—H'y) 1 K
> — ij;xjxg‘, (28)

g

that is rewritten as

K 9 i—1 )\A
_ . T i
=1 Jj=1
Finally, the equivalent metric can be computed as
K
m(x) = m; (pi(w)), (30)
i=1
where
A 2 1—1 )\A
7 2 .| 2 e — BT _
mi (pi(x)) = x; o2 ;GU‘T;J hiy 5 | (3D
Vi=1,..., K, are the metric increments and, since m;(p;(x))
depends only on z;, j = 1, ..., 1, each of the K increments can

be computed when visiting the corresponding node at level ¢
during the tree-search.

It is worth noticing that the formulation in (30) is equivalent
in the MIMO context to the Ungerboeck recursion used in the
equalization of inter-symbol-interference channels [47], [48].

Furthermore, it can be noticed that

e (pi(@) = =5 i (pia (@) (32)
Hence a further complexity saving is achieved: at a given level
i of the tree, since ¢;(p;—1(x)) is already available from the
computation of the dominance condition, the corresponding
increment to the metric m;(p;(x)) is computed simply mul-
tiplying it by —%-.

The algorithm in Table I is modified as in Table II to include
the metrics computation. Four procedures are added:

e get_metric(n): get the metric of the node n;

* set_metric(n,m): set the metric m for the node n;

e right_child(n): return the right child of the node n;
* left_child(n): return the left child of the node n;

V. COMPUTATIONAL COMPLEXITY

A detailed complexity analysis of the proposed algorithm is
reported in this section. A common complexity metric for the
broad class of tree-search algorithms is the average number of
visited nodes [1]. However, two algorithms which use different
trees,’ cannot be compared on the basis of this metric, because
of the different number of nodes.

On the basis of the aforementioned reason, we choose the
number of elementary operations performed by the algorithm
as an adequate metric for complexity analysis. Also, we prefer

7In our case, a binary tree for the SISO KD and a M -ary tree for the STSSD.
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TABLE 1I
LOCAL MINIMA TREE-SEARCH WITH METRICS COMPUTATION

1: Create the binary tree 7" with K + 1 levels and mark all nodes as not
visited

2: n < next_node(T")

3: while n # NULL do

4 set_visited(T,n)

5: 1+ level(n)

6: if | < K then {n is not a leaf}

7: p < vector(n)

8 q < compute_q(l + 1, p)

9 b — bounding(l + 1)

10 m « get_metric(n)

11: if || > b then {dominance condition is satisfied}

12: if ¢ > 0 then

13: prune_left(7,n)

14: set_metric(right_child(n),m — %)
15: else

16: prune_right(7,n)

17: set_metric(left_child(n),m + %)
18: end if

19: else {no pruning}

20: set_metric(right_child(n),m — 4)
21: set_metric(left_child(n),m + %)
22: end if

23:  end if

24: n «— next_node(T")
25: end while

to count separately sums and products, because each of them
affects the execution time of the algorithm in a different way
(in fact, a product is usually more complex than a sum).

A. Pre-Processing

The main contribution to the complexity comes from dom-
inance conditions and metrics computation. By inspection of
(19), we notice that only the term at the l.h.s.

(33)

needs to be computed at each visited node. The remaining
terms in (19) depend only on H, y and A4 (the vector of the
a-priori LLRs) and not on p; 1 (x). Thus they can be computed
together with G before the tree-search is started. The evaluation
of the aforementioned terms forms the pre-processing step of
the algorithm, whose complexity is fixed by K, N, and b and
is summarized in the first five rows of Table III. Even though
%G could be computed directly, we prefer to go through
several steps, which exploit the structure of H and P and
produce intermediate results useful in the following.® We start
by observing that

G2

H'H

ﬁzﬁR-&-ﬁIfﬁI ﬁ?ﬁR_ﬁgﬁl
- T - - T - - T -~ - T -

(34)

has only ng 2K (f( + 1) independent elements (since the
other elements are given by symmetry). Hence the evaluation

8The operations counts described here fit the case of an even b and b >
2 (square M-QAM with M > 4); the cases of an odd b and b =2 are
straightforward and are omitted for the sake of brevity.
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TABLE 1II
SISO KING DECODER OPERATIONS COUNTS

Description Sums Products

1| %G (N —Dng (N + Dng
2 A b
£ 2| 4G 0 (2 —1ng
2
kY
o
2 3 ENe 0 (2 -1)tng
kY
=~ ~ ~
S 4| LHTy+ A || 2K(N-1)+K | 2K(N + 1)

K
50 % 3 Gyl || 5(K?2=3K+2) | 0
=i+l
O K-1 O K-1

6 | Pruning 2K Z s;+ | 2K Z S; +
< i=2K 11 i=2K 41
5 2K 2K
2 + s + s
g i=1 i1
S K

7 | Metric Z S5 0

i=2

Y - -
£ 8 | MAP adjacents Ob2K3) Ob2K3)
8
s
5 9 | Extrinsic LLRs 2K 2K
<

of %G requires (N — 1)ng sums and (N + 1)ng products,

as reported in the first row in Table III. Exploiting the par-

ticular structure of P (since it can be formulated as a row-

concatenation of scaled identity matrices with the last block

being I,z), &G = 4 PTG requires (5 —1)ng products

(assuming %G has been already computed) and %G =
b

%G‘P requires (2 — 1)4ng products (assuming %G‘ has
been already computed), as reported in the second and third
row in Table III, respectively. The fourth row of Table III shows
the complexity of %fI Ty + A?, which can be rewritten as
%PTﬂT'y + A?. Observing that %PTIT{Ty is a scaled rep-
etition of %P_ITy, only 2K (N — 1) + K sums and 2K (N +
%) products are required, rather than K N sums and K (N + 1)
products.

The number of sums for the r.h.s. of the dominance condi-
tions is the expansion of

K-2

S (K —i-1),

i=1

(35)

which comes from the observation that for the ¢th dominance
condition it needs to execute K — ¢ — 1 sums, except for : =
K — 1, for which the r.h.s. is equal to %|GK_1K|, andi = K,
for which the r.h.s. is zero. The expansion is shown in the fifth
row of Table III.

B. Tree-Search

The sixth row of Table III refers to the tree-pruning pro-
cess, whose complexity is not deterministic. Indeed, at level
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1=1,..., K, we need to compute the Lh.s. of a dominance
condition for each survived node’ of the level i — 1, namely
compute (33), and subtract it from the remainder of the Lh.s.,
already computed in the pre-processing step. Also, (33) can be
rewritten as

i—1
al > pjzi=a7 (o1 ... pi-1)pici(), (36)
j=1

where G 2 & . Since the term (p1 --- Pi_1)pi-1(x) does not
depend on H, y or A*, but only on the particular node being
visited, it can be precomputed and “stored” in the node.'? In this
way the computational cost of the 1.h.s. of the dominance con-
dition is fixed to 2K sums and 2K products, regardless of the
level number of the node being visited. The direct calculation of
(33) requires ¢ — 1 sums and ¢ — 1 products, thus the alternative
formulation in (36) leads to a lower complexity Vi = 2K +
2,..., K. Furthermore, Vi =1, .. .,2f( + 1, it is possible to
get the same complexity as the direct calculation, neglecting the
last 2K — i + 1 rows of the matrix (p; ... p, ), which are all
zeros, and, consequently, the last 2K — i + 1 elements of a;.
Finally, the computational cost of the dominance conditions for
both sums and products is

2K+1 ~ K
Z (’L — ]-)Sifl + 2K Z Si—1
i=1 i=2K+2

2K K-1
= isi+2K > s (37)

i=1 i=2K+1

The seventh row of Table III reports the contribution of the
computation of the metric increments. Exploiting the cumula-
tive formulation (see Section IV-C) and postponing the division
by 2 in (32) after the final LLRs computation in (24),'! each
metric increment requires only one sum, thus at level ¢ > 1 s;
sums are needed.

C. Post-Processing

The complexity of the last two steps is fixed by b and
K. The cumulative formulation (see Section IV-C) is used
also for computation of m(a;(z™AF)), Vi=1,..., K. By
ordering these adjacents according to the index of the element
different from the MAP solution, namely from oy (2™ 4F) to
a (£MAP), and processing the set formed by the ith element
of every vector, we observe that Vi=1,..., K only i+ 1
increments have to be computed, because the other K —¢ — 1
are equal to the (i + 1)th (they share the same partial vector).
On the basis of the aforementioned reason and applying again

9The number of survived nodes at level i is denoted with s;.

107¢ is worth noticing that, though the memory required for this “storing”
grows exponentially with K, the complexity analysis is focused on execution
time, thus memory is not considered a severe constraint.

"'This change does not affect the result and leads to a further complexity
saving, replacing the execution of one division for each metric increment with
only K divisions by 2 on the results of (24).
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the alternative calculation in (36), it can be shown that the
computation of the metrics of the K adjacents to the MAP
solution has a computational cost that grows with K3 and
b2 for both sums and products,'? as shown in the eighth row
of Table III.

Finally, noticing that (24) can be rewritten as

$£\4AP (m (m(i)) _ m(wMAP)) 7
each LLR requires only a sum and a product.'® This complexity
is reported in the last row of Table III, where we also count K
division by 2, as products, which compensate the divisions not
performed for each metric increment as explained in Section V-B,
and K additional sums that are needed to compute the extrinsic
LLRs by subtracting A from A, Vi =1,... K.

A= (38)

VI. SIMULATION RESULTS

System performance in terms of bit-error rate (BER) and
average computational complexity, both vs signal-to-noise ratio
(SNR) per receive antenna, have been obtained via Monte
Carlo simulations. The SNR is defined as the ratio between
the average energy per receive antenna and the noise variance
o2. The simulated system employs a recursive convolutional
encoder with rate %, constraint length 3, generators (7,5)s
and feedback polynomial 7g; the length of the codewords is
2000 bits. The permutation pattern of the interleaver has been
chosen randomly for each snapshot. The channel coefficients
of H have been generated according to CA(0,1) for each
MIMO transmission. The simulations have been averaged over
10° snapshots. We have considered four system setups, which
differ in the number of antennas and in the employed constel-
lation: K = N = 2 with 16- QAM, K = N = 4 with 16- QAM,
K = N =2 with 64-QAM and K = N = 4 with 64-QAM.
We have chosen all setups as fully-loaded, i.e. , K = N, because
our element of comparison, the STSSD, does not support the
underdetermined scenarios, ie., K > N. As already pointed
out in Section I, the STSSD allows to tune the tradeoff between
performance and complexity reduction by adjusting a parame-
ter, which is the maximum permitted value of the normalized'*
LLRs, named Ly,,y; this technique is referred to as clipping.
We study optimal SISO detection, the SISO KD, the STSSD
without clipping (Ly,.x = +00, then attaining exact Max-Log
performance [1]), the STSSD with Ly . = 0.4 and Lyax =
0.1, and the MMSE-PIC, as formalized in [15].

Fig. 4 shows the BER as a function of SNR for iterations 1, 2,
and 6 (the successive iterations do not improve the performance
significantly) for the case K = N = 2 with 16-QAM. For each
iteration, simulations demonstrate that the STSSD without clip-
ping and the SISO KD achieve roughly the same performance,
which is very close to the optimum. The STSSD with L, =

12The exact expressions are omitted for the sake of brevity.

3This product is actually a sign change, which is tipically much faster than a
standard product. However, to keep simplicity in the complexity evaluation, we
have considered the sign changes as they were standard products, which leads
to a pessimistic analysis of the complexity of the proposed approach and one
can expect to gain further complexity reduction in a practical implementation.

141n the context of the STSSD, the normalized LLR is the LLR divided by o2,
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Fig. 4. BER vs SNR (dB) for an MIMO system with the IDDS, 16-QAM and
K = N = 2. Comparison of the optimal SISO detector, MMSE-PIC, STSSD
(Lmax = 0.1,0.4, 400) and SISO KD.
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Fig. 5. Average number of elementary operations (sums and products) needed

for algorithm implementation vs SNR (dB); first iteration of the IDDS for an
MIMO system with 16-QAM and K=N=2. Comparison of MMSE-PIC,
STSSD (Lmax = 0.1,0.4, 4-00) and SISO KD.

0.4 exhibits a relatively small performance loss, that is less
than 0.5 dB of SNR when BER = 1072 in the sixth iteration.
Conversely, a lower value of L, produces a considerable loss
in performance, which increases with the iteration index. In
the case Lyyax = 0.1, the STSSD achieves BER equal to 1073
with almost 1, 2 and more than 2 dB of SNR more w.r.t. the
optimum in the first, the second and sixth iteration, respectively.
The MMSE-PIC performance at BER = 103 is similar to the
STSSD with L., = 0.1 and is even worse for lower values
of BER.

Figs. 5 and 6 report the average number of sums and products
as a function of the SNR executed by the MMSE-PIC, the SISO
KD and the STSSD (in the three cases L. = 0.1,0.4, 4+00)
in the first iteration and in the first six iterations of the IDDS,
respectively. The MMSE-PIC’s and STSSD’s computational
complexity has been evaluated by counting the operations
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Fig. 6. Average number of elementary operations (sums and products) needed
for algorithm implementation vs SNR (dB); accumulation of the first six
iterations of the IDDS for an MIMO system with 16-QAM and K=N=2
Comparison of MMSE-PIC, STSSD (Lmax = 0.1, 0.4, 4+00) and SISO KD.

executed in the implementation made available by the authors
of [1]. Since the STSSD uses the complex-valued system model
in (1), it executes operations on complex-valued numbers. With
the intent of a fair comparison, we count two real-valued sums
for each complex-valued sum and two real-valued sums and
four real-valued products for each complex-valued product.
The complexity of the channel matrix decomposition has been
included in the STSSD’s operations counts. It is worth noticing
that in a quasi-static scenario, namely when the channel matrix
is slowly varying, the decomposition may be executed less
frequently than detection, thus leading to a complexity sav-
ing, which, anyway, is small, because the number of required
operations is negligible w.r.t. the overall STSSD complexity.
Nonetheless, it can be noticed that a practical implementation of
the STSSD requires, in any case, a module for the channel ma-
trix decomposition, which contributes to the overall silicon area
required. As expected, the STSSD reduces its complexity as
the SNR grows. Furthermore, it brings down the complexity as
Lax decreases. Nevertheless, it is manifest that the SISO KD
outperforms the STSSD for both Ly, = 400 and Ly, = 0.4
and for both sums and products. The STSSD with L, = 0.1
is closer to the SISO KD, particularly for the average number
of products, but it exhibits substantially worse performance, as
already observed. The constant complexity of the MMSE-PIC
is between the SISO KD and the STSSD with L,,.. = 0.1 for
the products and very close to the SISO KD for the sums. On the
other hand, we remind that its performance loss is considerable.
An additional favourable feature of the SISO KD is shown in
Fig. 7, which reports the worst-case complexity of the consid-
ered algorithms as the 99.9% percentile of the number of sums
and products executed in the first six iterations of the IDDS
vs SNR. It is clear that the SISO KD presents a considerably
lower worst-case complexity w.r.t. the STSSD (in the three
cases Lyax = 0.1,0.4,+00) for all the considered values of
SNR. This reflects in a lower worst-case time of execution.

4329

»

Worst-case complexity (99.9% percentile)
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Fig. 7. Worst-case complexity as the 99.9% percentile of the number of
elementary operations (sums and products) needed for algorithm implemen-
tation vs SNR (dB); accumulation of the first six iterations of the IDDS for
an MIMO system with 16-QAM and K = N = 2. Comparison of STSSD
(Lmax = 0.1, 0.4, +00) and SISO KD.
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Fig. 8. BER vs SNR (dB) for an MIMO system with the IDDS, 16-QAM and

K = N = 4. Comparison of the optimal SISO detector, MMSE-PIC, STSSD
(Lmax = 0.1,0.4, +o00) and SISO KD.

Fig. 8 shows the performance for the case K=N=4
with 16-QAM for iterations 1, 2, and 6 (also in this case the
successive iterations do not improve the performance signif-
icantly). With this setup, both the STSSD without clipping
(Max-Log performance) and the SISO KD exhibit a slight per-
formance loss w.r.t. the optimum, quantifiable in about 0.5 dB
of SNR when the target BER is 1073 in the second iteration.
The performance loss of the STSSD with L.« = 0.4 w.r.t. the
optimum is similar in the first two iterations and slightly higher
in the sixth one (less than 0.5 dB of additional SNR to achieve
BER = 107?). Differently, in the case Ly,.x = 0.1, the perfor-
mance loss w.r.t. the optimum is apparent: 1.5 dB and 2.5 dB
of additional SNR to achieve the BER of 10~ in second and
sixth iteration, respectively. The MMSE-PIC loses 1 dB more
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Fig. 9. Average number of elementary operations (sums and products) needed
for algorithm implementation vs SNR (dB); first iteration of the IDDS for an
MIMO system with 16-QAM and K = N = 4. Comparison of MMSE-PIC,
STSSD (Lmax = 0.1,0.4, +00) and SISO KD.
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Fig. 10. Average number of elementary operations (sums and products)
needed for algorithm implementation vs SNR (dB); accumulation of the first six
iterations of the IDDS for an MIMO system with 16-QAM and K=N=4.
Comparison of MMSE-PIC, STSSD (Lmax = 0.1, 0.4, +00) and SISO KD.

in the second iteration at BER = 102 w.r.t. the STSSD with
Lyyax = 0.1 and is comparable to it in the sixth one.

Figs. 9 and 10 show the results related to the computational
complexity for the case K = N = 4 with 16-QAM. For this
setup the complexity of the MMSE-PIC is always the lowest
one for both sums and products. In the first iteration (Fig. 9)
the SISO KD exhibits a lower complexity w.r.t. the STSSD
without clipping for all values of SNR, while it is comparable
to the STSSD with L, = 0.4. The complexity of the SISO
KD is almost always greater than the one of the STSSD with
Liax = 0.1, which, for the previous discussion, cannot be any-
way considered a good solution to the SISO detection problem
in terms of BER. It is worth noticing that the complexity of

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 62, NO. 12, DECEMBER 2014

&% 10°
& A\ : A STSSD Ly =t
o Sl V  STSSD L, =0.4
Bl A\ ................................ < STSSD Lmax=0'1 o
N : : O  SISOKD
YA : : . | = — —Sums
7’0 ORI S SO K - Qs e v L mswn s w08 s Products |

Worst-case complexity (99.9% percentile)

Fig. 11. Worst-case complexity as the 99.9% percentile of the number of
elementary operations (sums and products) needed for algorithm implemen-
tation vs SNR (dB); accumulation of the first six iterations of the IDDS for
an MIMO system with 16-QAM and K = N = 4. Comparison of STSSD
(Lmax = 0.1,0.4, +00) and SISO KD.

the SISO KD grows with the SNR, which can be explained
rewriting (19) as'

i—1 K
hzTHs?: + thn — Z Gijx;| > Z |Gij|; (39
j=1 j=it1

where we used (4) and & is the actual transmitted vector. Given
a particular system setup, the only term in (39) affected by the
value of the SNR is hiTn, whose variance decreases as the SNR
grows. This means that the dominance conditions are less likely
satisfied as the SNR grows, which leads to a lower pruning
capability of the algorithm and, thus, to a higher complexity.
With regard to the cumulated analysis of the first six iterations
(Fig. 10), we observe that the computational complexity of the
SISO KD is always lower than the one of the STSSD without
clipping and comparable to the one of the STSSD with L, =
0.4 for higher values of SNR. The STSSD with L, = 0.1
achieves lower complexity w.r.t. the SISO KD, but, as already
pointed out, it exhibits worse performance in terms of BER.
Furthermore, we observe that the complexity of the SISO KD
grows slightly until 6 dB of SNR and then starts decreasing.
This can be explained rewriting (19) for the iterations after the
first one as

i—1
j=1

4
72

4 K
> — > 1Gijl. (40)

j=it1

At low SNR, the absolute values of )\f‘, Vi=1,...,k, are
likely to be low, because of the uncertainty originating from the

I5As already noticed in Section II, in the first iteration there is no a-priori
information for the SISO detection, namely )\iA =0,Vi=1,..., K.



PAPA et al.: SOFT-INPUT SOFT-OUTPUT MIMO DETECTOR WITH NEAR-OPTIMAL PERFORMANCE

10° =

SISO OPTIMAL
MMSE-PIC 5
STSSD L=+ (Max-Log)|:

STSSD Ly, =0.4
STSSD Ly, =0.1

10°H © SISOKD
— — — lteration 1

A4 D

Iteration 2

----- Iteration 6

1074 i i i i i i i
8 9 10 1" 12 13 14 15 16

Fig. 12. BER vs SNR (dB) for an MIMO system with the IDDS, 64-QAM and
K = N = 2. Comparison of the optimal SISO detector, MMSE-PIC, STSSD
(Lmax = 0.1,0.4, +00) and SISO KD
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Fig. 13. Average number of elementary operations (sums and products)

needed for algorithm implementation vs SNR (dB); first iteration of the IDDS
for an MIMO system with 64-QAM and K = N = 2. Comparison of MMSE-
PIC, STSSD (Lmax = 0.1,0.4, +00) and SISO KD.

high noise on the channel, thus (40) is well approximated by
(39) and we get the growing behaviour of the complexity as in
the first iteration. At high SNR, the )\;4, Vi=1,...,k, cannot
be neglected anymore, because their absolute values are higher,
and become the predominant term in (40), making it more likely
to be satisfied.'

Fig. 11 shows the worst-case complexity of the considered
algorithms as the 99.9% percentile of the number of sums and
products executed in the first six iterations of the IDDS vs
SNR for the case K = N = 4. The SISO KD exhibits a worst-
case complexity substantially lower than the one of the STSSD

16A similar profile (but less pronounced) of the complexity curves for both
the first iterat~i0n (F~ig. 5) and the first six iterations (Fig. 6) can be noticed also
for the case K = N = 2.
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Fig. 15. Worst-case complexity as the 99.9% percentile of the number of
elementary operations (sums and products) needed for algorithm implemen-
tation vs SNR (dB); accumulation of the first six iterations of the IDDS for
an MIMO system with 64-QAM and K = N = 2. Comparison of STSSD
(Lmax = 0.1,0.4, +00) and SISO KD.

without clipping over the considered range of SNR and lower
than the one of the STSSD with L,,.x = 0.4 for low values of
SNR, while they are comparable for higher values of SNR.

Fig. 12 shows the performance for iterations 1, 2 and 6 for
the case K = N = 2 with 64-QAM. For each iteration, the
STSSD without clipping, the STSSD with L, = 0.4 and the
SISO KD achieve roughly the same performance, which is very
close to the optimum in the sixth iteration at BER = 1073,
Conversely, the STSSD with L,,.x = 0.1 achieves BER equal
to 1073 with 1 dB of SNR more w.r.t. the optimum in the sixth
iteration. The MMSE-PIC is even worse in the second and sixth
iteration.
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Fig. 17. Average number of elementary operations (sums and products)
needed for algorithm implementation vs SNR (dB) first iteration of the IDDS
for an MIMO system with 64-QAM and K =N =4. Comparison of MMSE-
PIC, STSSD (Lmax = 0.1, 0.4, +00) and SISO KD.

The complexity analysis is very similar to the case K =
N = 2 with 16-QAM. Indeed, the number of products and the
number of sums executed by the MMSE-PIC are between the
SISO KD and the STSSD with L;,,x = 0.1 and very close to
the SISO KD, respectively. Furthermore, in the first iteration
(Fig. 13) and the first six iterations (Fig. 14) it can be noticed the
STSSD brings down the complexity as L,,,x decreases, but the
SISO KD outperforms the STSSD for all the considered values
of Ly,ax for both sums and products. This is also confirmed by
the worst-case complexity, as shown in Fig. 15.

Also for the case K = N =4 with 64-QAM the perfor-
mance of the SISO KD is practically equal to the Max-Log
one, as shown in Fig. 16, and the complexity reduction w.r.t.
the STSSD without clipping and the STSSD with L, = 0.4
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Fig. 19. Worst-case complexity as the 99.9% percentile of the number of
elementary operations (sums and products) needed for algorithm implemen-
tation vs SNR (dB); accumulation of the first six iterations of the IDDS for
an MIMO system with 64-QAM and K = N = 4. Comparison of STSSD
(Lmax = 0.1,0.4, +00) and SISO KD.

is achieved, as shown in Figs. 17 and 18 for the average number
of operations and in Fig. 19 for the worst-case complexity.

Finally, a simulation has been conducted to evaluate the
capability of the SISO KD in an underdetermined setup with
K =4 and N =2 (all the other parameters are the same as
in the previous setups). The results are shown in Fig. 20,
where the first three iterations of the IDDS with optimal SISO
detection, Max-Log detection and the SISO KD are compared.
It is apparent that in the underdetermined case the Max-Log
approximation entails a non-negligible performance gap w.r.t.
optimal detection, clearly evident in the third iteration. How-
ever, as can be readily noted, the SISO KD does not further
reduce the performance.
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Fig. 20. BER vs SNR (dB) for an MIMO system with the IDDS, 16-QAM,
K =4 and N = 2. Comparison of the optimal SISO detector, Max-Log
approximated SISO detector and SISO KD.

VII. CONCLUSION

We proposed an SISO MIMO detector, named SISO KD,
which is a single tree-search branch-and-bound algorithm. It
achieves significant complexity reduction through the domi-
nance conditions, which exploit the interference properties of
the channel matrix and the a-priori information on the trans-
mitted bits. We presented an analysis of the computational
complexity of the proposed algorithm, based on the number
of elementary operations required for its implementation. We
demonstrated the effectiveness of the SISO KD through simu-
lations, which show performance very close to the optimal so-
lution and a remarkable complexity reduction w.r.t. the STSSD.

APPENDIX
LocAL MINIMA CONDITIONS

Here we derive the conditions for a generic x to be a local
minimum of (9). Starting from (13), we get

ly — HxIIQ

Z

T Z% z)\', (41)
where () is the jth element of o (),
— Hao;(2)|? — ||y — Hz|?
Iy~ Hou@)l ~ly el 0o
o
ai(x)TH Hoy(x) — 2T H T He — 20;(x)TH y
o2
20T H"
+ 22V a0 @
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Adding and subtracting @’ H” Ha;(x) at the numerator

of the fraction and defining Ax S a;(x) = [01xi-1 224
01,5 )7, we get
20Ax)THTy — (Ax)TH  Hoy(x) — 2" HT HAx

o2

+a A > 0. (44)
Adding and subtracting (Ax)” H” Hx, we obtain

20Ax)TH y + (Ax)"TH " HAx — 2(Ax)TH Hx

0.2
+ A >0, (45)
4a;hTy + 4hTh; — 4R H
il Y+ 5 o T aad >0, (46)
ag
which provides (14).
ACKNOWLEDGMENT

The authors would like to express their sincere gratitude to
the Associate Editor and the anonymous reviewers for taking
their time into reviewing this manuscript and providing com-
ments that contributed to improve the quality and the readability
of the manuscript.

REFERENCES

[1] C. Studer and H. Bolcskei, “Soft-input soft-output single tree-search
sphere decoding,” IEEE Trans. Inf. Theory, vol. 56, no. 10, pp. 4827-
4842, Oct. 2010.

[2] E. Biglieri et al., MIMO Wireless Communications.
Cambridge Univ. Press, 2010.

[3] B.M. Hochwald and S. ten Brink, “Achieving near-capacity on a multiple-
antenna channel,” IEEE Trans. Commun., vol. 51, no. 3, pp. 389-399,
Mar. 2003.

[4] J. Luo, K. R. Pattipati, P. K. Willett, and G. M. Levchuk, “Fast optimal and
suboptimal any-time algorithms for CDMA multiuser detection based on
branch and bound,” IEEE Trans. Commun., vol. 52, no. 4, pp. 632-642,
Apr. 2004.

[S] W. H. Mow, “Universal lattice decoding: Principle and recent advances,”
Wireless Commun. Mobile Comput., vol. 3, no. 5, pp. 553-569, Aug. 2003.

[6] L. Ekroot and S. Dolinar, “A* decoding of block codes,” IEEE Trans.
Commun., vol. 44, no. 9, pp. 1052-1056, Sep. 1996.

[7] P. Salvo Rossi and R. R. Miiller, “Joint twofold-iterative channel estima-
tion and multiuser detection for MIMO-OFDM systems,” IEEE Trans.
Wireless Commun., vol. 7, no. 11, pp. 4719-4729, Nov. 2008.

[8] G.M. Kraidy and P. Salvo Rossi, “Achieving full diversity over the MIMO
fading channel with space-time precoders and iterative linear receivers,”
1IEEE Trans. Wireless Commun., vol. 10, no. 8, pp. 2407-2411, Aug. 2011.

[9] C. Berrou, A. Glavieux, and P. Thitimajshima, “Near Shannon limit
error-correcting coding and decoding: Turbo-codes,” in Proc. IEEE ICC,
May 1993, vol. 2, pp. 1064-1070.

[10] M. Sellathurai and S. Haykin, “TURBO-BLAST for wireless communi-
cations: Theory and experiments,” IEEE Trans. Signal Process., vol. 50,
no. 10, pp. 2538-2546, Oct. 2002.

[11] M. Nekuii, M. Kisialiou, T. N. Davidson, and Z.-Q. Luo, “Efficient soft-
output demodulation of MIMO QPSK via semidefinite relaxation,” IEEE
J. Sel. Topics Signal Process., vol. 5, no. 8, pp. 1426-1437, Dec. 2011.

[12] D. Persson and E. G. Larsson, “Partial marginalization soft MIMO detec-
tion with high order constellations,” IEEE Trans. Signal Process., vol. 59,
no. 1, pp. 453-458, Jan. 2011.

[13] M. Wu, Y. Sun, S. Gupta, and J. R. Cavallaro, “Implementation of a high
throughput soft MIMO detector on GPU,” J. Signal Process. Syst., vol. 64,
no. 1, pp. 123-136, Jul. 2011.

[14] Y. Sun and J. R. Cavallaro, “High-throughput soft-output MIMO detector
based on path-preserving trellis-search algorithm,” IEEE Trans. VLSI
Syst., vol. 20, no. 7, pp. 1235-1247, Jul. 2012.

Cambridge, U.K.:



4334

[15] C. Studer, S. Fateh, and D. Seethaler, “ASIC implementation of soft-
input soft-output MIMO detection using MMSE parallel interference can-
cellation,” IEEE J. Solid-State Circuits, vol. 46, no. 7, pp. 1754-1765,
Jul. 2011.

[16] U. Fincke and M. Pohst, “Improved methods for calculating vectors of
short length in a lattice, including a complexity analysis,” Math. Comput.,
vol. 44, no. 170, pp. 463-471, Apr. 1985.

[17] C. P. Schnorr and M. Euchner, “Lattice basis reduction: Improved prac-
tical algorithms and solving subset sum problems,” Math. Programm.,
vol. 66, no. 1-3, pp. 181-199, Aug. 1994.

[18] W. H. Mow, “Maximum likelihood sequence estimation from the lattice
viewpoint,” IEEE Trans. Inf. Theory, vol. 40, no. 5, pp. 1591-1600,
Sep. 1994.

[19] E. Viterbo and J. Boutros, “A universal lattice code decoder for fad-
ing channels,” IEEE Trans. Inf. Theory, vol. 45, no. 5, pp. 1639-1642,
Jul. 1999.

[20] O.Damen, A. Chkeif, and J.-C. Belfiore, “Lattice code decoder for space-
time codes,” IEEE Commun. Lett., vol. 4, no. 5, pp. 161-163, May 2000.

[21] E. Agrell, T. Eriksson, A. Vardy, and K. Zeger, “Closest point search
in lattices,” IEEE Trans. Inf. Theory, vol. 48, no. 8, pp. 2201-2214,
Aug. 2002.

[22] M. O. Damen, H. E. Gamal, and G. Caire, “On maximum-likelihood
detection and the search for the closest lattice point,” IEEE Trans. Inf.
Theory, vol. 49, no. 10, pp. 2389-2402, Oct. 2003.

[23] T. Cui and C. Tellambura, “An efficient generalized sphere decoder
for rank-deficient MIMO systems,” IEEE Commun. Lett., vol. 9, no. 5,
pp. 423425, May 2005.

[24] X.-W. Chang and X. Yang, “An efficient tree search decoder with col-
umn reordering for underdetermined MIMO systems,” in Proc. IEEE
GLOBECOM, Nov. 2007, pp. 4375-4379.

[25] Z. Guo and P. Nilsson, “Algorithm and implementation of the K-best
sphere decoding for MIMO detection,” IEEE J. Sel. Areas Commun.,
vol. 24, no. 3, pp. 491-503, Mar. 2006.

[26] J.Jaldén and B. Ottersten, “Parallel implementation of a soft output sphere
decoder,” in Conf. Rec. 39th Asilomar Conf. Signals, Syst. Comput.,
Nov. 2005, pp. 581-585.

[27] N.Prasad, K. Y. Kalbat, and X. Wang, “Optimally efficient Max-Log APP
demodulation in MIMO systems,” IEEE J. Sel. Topics Signal Process.,
vol. 5, no. 8, pp. 1400-1414, Dec. 2011.

[28] L. G. Barbero and J. S. Thompson, “Fixing the complexity of the sphere
decoder for MIMO detection,” IEEE Trans. Wireless Commun., vol. 7,
no. 6, pp. 2131-2142, Jun. 2008.

[29] L. Liu, J. Lofgren, and P. Nilsson, “Low-complexity likelihood informa-
tion generation for spatial-multiplexing MIMO signal detection,” IEEE
Trans. Veh. Technol., vol. 61, no. 2, pp. 607-617, Feb. 2012.

[30] S.-L. Shieh, R.-D. Chiu, S.-L. Feng, and P.-N. Chen, “Low-complexity
soft-output sphere decoding with modified repeated tree search strategy,”
IEEE Commun. Lett., vol. 17, no. 1, pp. 51-54, Jan. 2013.

[31] J. Lee, B. Shim, and I. Kang, “Soft-input soft-output list sphere detection
with a probabilistic radius tightening,” IEEE Trans. Wireless Commun.,
vol. 11, no. 8, pp. 2848-2857, Aug. 2012.

[32] R. Wang and G. B. Giannakis, “Approaching MIMO channel capac-
ity with soft detection based on hard sphere decoding,” IEEE Trans.
Commun., vol. 54, no. 4, pp. 587-590, Apr. 2006.

[33] P. Radosavljevic, Y. Guo, and J. R. Cavallaro, “Probabilistically bounded
soft sphere detection for MIMO-OFDM receivers: Algorithm and system
architecture,” IEEE J. Sel. Areas Commun., vol. 27, no. 8, pp. 1318-1330,
Oct. 2009.

[34] X. Chen, G. He, and J. Ma, “VLSI implementation of a high-throughput
iterative fixed-complexity sphere decoder,” IEEE Trans. Circuits Syst. I1,
Exp. Briefs, vol. 60, no. 5, pp. 272-276, May 2013.

[35] G. Papa, D. Ciuonzo, G. Romano, and P. Salvo Rossi, “Soft-input soft-
output king decoder for coded MIMO wireless communications,” in Proc.
8th ISWCS, Nov. 2011, pp. 760-763.

[36] G. Romano, D. Ciuonzo, P. Salvo Rossi, and F. Palmieri, “Low-
complexity dominance-based sphere decoder for MIMO systems,” J.
Signal Process., vol. 93, no. 9, pp. 25002509, Sep. 2013.

[37] G. Romano, D. Ciuonzo, P. Salvo Rossi, and F. Palmieri, “Tree-search
ML detection for underdetermined MIMO systems with M -PSK constel-
lations,” in Proc. 7th ISWCS, Sep. 2010, pp. 102-106.

[38] G. Kechriotis and E. S. Manolakos, “A hybrid digital signal processing-
neural network CDMA multiuser detection scheme,” IEEE Trans. Cir-
cuits Syst. 1I, Analog Digit. Signal Process., vol. 43, no. 2, pp. 96-104,
Feb. 1996.

[39] P. Odling, H. B. Eriksson, and P. O. Dorjesson, “Making MLSD decisions
by thresholding the matched filter output,” IEEE Trans. Commun., vol. 48,
no. 2, pp. 324-332, Feb. 2000.

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 62, NO. 12, DECEMBER 2014

[40] P. évaé, F. Meyer, E. Riegler, and F. Hlawatsch, “Soft-heuristic detector
for large MIMO systems,” IEEE Trans. Signal Process., vol. 61, no. 18,
pp. 4573-4586, Sep. 2013.

[41] B. Steingrimsson, Z.-Q. Luo, and K. M. Wong, “Soft quasi-maximum-
likelihood detection for multiple-antenna wireless channels,” IEEE Trans.
Signal Process., vol. 51, no. 11, pp. 2710-2719, Nov. 2003.

[42] G. Caire, G. Taricco, and E. Biglieri, “Bit-interleaved coded modulation,”
IEEE Trans. Inf. Theory, vol. 44, no. 3, pp. 927-946, May 1998.

[43] S. Benedetto, D. Divsalar, G. Montorsi, and F. Pollara, “A soft-input soft-
output APP module for iterative decoding of concatenated codes,” IEEE
Commun. Lett., vol. 1, no. 1, pp. 22-24, Jan. 1997.

[44] Z. Mao, X. Wang, and X. Wang, “Semidefinite programming relaxation
approach for multiuser detection of QAM signals,” IEEE Trans. Wireless
Commun., vol. 6, no. 12, pp. 4275-4279, Dec. 2007.

[45] 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 ICC, Jun. 1995, vol. 2, pp. 1009-1013.

[46] A. D. Murugan, H. E. Gamal, M. O. Damen, and G. Caire, “A uni-
fied framework for tree search decoding: Rediscovering the sequen-
tial decoder,” IEEE Trans. Inf. Theory, vol. 52, no. 3, pp. 933-953,
Mar. 2006.

[47] G. Colavolpe and A. Barbieri, “On MAP symbol detection for ISI chan-
nels using the Ungerboeck observation model,” IEEE Commun. Lett.,
vol. 9, no. 8, pp. 720-722, Aug. 2005.

[48] M. Loncar and F. Rusek, “On reduced-complexity equalization based
on Ungerboeck and Forney observation models,” IEEE Trans. Signal
Process., vol. 56, no. 8, pp. 3784-3789, Aug. 2008.

Giuseppe Papa (S’13) was born in Caserta, Italy,
on May 17th, 1985. He received the B.Sc. (summa
cum laude) and the M.Sc. (summa cum laude) de-
grees in computer engineering, in 2007 and 2011,
respectively, both from Second University of Naples,
Aversa (CE), Italy. In 2011-2012 and 2014 he
was involved in the Visiting Researcher Programme
(VRP) at Centre for Maritime Research and Ex-
perimentation (CMRE), La Spezia, Italy, under the
Maritime Situational Awareness (MSA) project. He
is currently a Ph.D. student in electronics and com-
puter engineering at the Department of Industrial and Information Engineering,
Second University of Naples, Aversa (CE), Italy.

Domenico Ciuonzo (S’11) was born in Aversa, Italy,
on June 29th, 1985. He received the B.Sc. (summa
cum laude) and the M.Sc. (summa cum laude) de-
grees in computer engineering and the Ph.D. degree
in electronic engineering from the Second Univer-
sity of Naples (SUN), Aversa, Italy, in 2007, 2009,
and 2013, respectively. In 2011 he was involved in
the Visiting Researcher Programme of Centre for
Maritime Research and Experimentation, La Spezia,
Ttaly; he worked in the “Maritime Situation Aware-
ness” project. In 2012 he was a visiting scholar at the
Electrical and Computer Engineering Department of University of Connecticut
(UConn), Storrs, US. In 2013-2014 he was a PostDoc at Dept. of Industrial
and Information Engineering of SUN, under the project “MICENEA,” funded
by MIUR within the program Futuro in Ricerca (FIRB) 2013. He is currently
a PostDoc researcher at DIETI, University of Naples, “Federico II,” Italy.
His research interests are mainly in the areas of Data Fusion, Statistical
Signal Processing, Target Tracking and Wireless Sensor Networks. The quality
of his reviewing activity was recognized by the Editorial Board of IEEE
COMMUNICATIONS LETTERS, which nominated him “Exemplary Reviewer”
for the year 2013. Dr. Ciuonzo is a reviewer for several IEEE, Elsevier and
Wiley journals in the areas of communications, defense and signal processing.
He has also served as reviewer and TPC member for several IEEE conferences.



PAPA et al.: SOFT-INPUT SOFT-OUTPUT MIMO DETECTOR WITH NEAR-OPTIMAL PERFORMANCE

Gianmarco Romano (M’11) received the “Laurea”
degree in electronic engineering from the Univer-
sity of Naples “Federico II” and the Ph.D. degree
from the Second University of Naples, in 2000 and
2004, respectively. From 2000 to 2002 he has been
Researcher at the National Laboratory for Multime-
dia Communications (C.N.I.T.) in Naples, Italy. In
2003 he was Visiting Scholar at the Department of
Electrical and Electronic Engineering, University of
Connecticut, Storrs, USA. Since 2005 he has been
with the Department of Information Engineering,
Second University of Naples and in 2006 has been appointed Assistant Pro-
fessor. His research interests fall within the areas of communications and signal
processing.

4335

Pierluigi Salvo Rossi (SM’11) was born in Naples,
Italy, on April 26, 1977. He received the “Laurea”
degree in telecommunications engineering (summa
cum laude) and the Ph.D. degree in computer engi-
neering, in 2002 and 2005, respectively, both from
the University of Naples “Federico IL,” Naples, Italy.

During his Ph.D. studies, he has been a researcher
at the Inter-departmental Research Center for Sig-
nals Analysis and Synthesis (CIRASS), University
of Naples “Federico II,” Naples, Italy; at the Depart-
ment of Information Engineering, Second University
of Naples, Aversa (CE), Italy; at the the Communications and Signal Processing
Laboratory (CSPL), Department of Electrical and Computer Engineering,
Drexel University, Philadelphia, PA, US; and an adjunct professor at the Faculty
of Engineering, Second University of Naples, Aversa (CE), Italy. From 2005
to 2008 he worked as a postdoc at the Department of Computer Science and
Systems, University of Naples “Federico II,” Naples, Italy; at the Department
of Information Engineering, Second University of Naples, Aversa (CE), Italy; at
the Department of Electronics and Telecommunications, Norwegian University
of Science and Technology, Trondheim, Norway; and visited the Department of
Electrical and Information Technology, Lund University, Lund, Sweden. Since
2008, he is an assistant professor (tenured in 2011) in telecommunications at
the Department of Industrial and Information Engineering, Second University
of Naples, Aversa (CE), Italy; and has been a guest researcher and professor at
the Department of Electronics and Telecommunications, Norwegian University
of Science and Technology, Trondheim, Norway.

He is an Editor for the IEEE COMMUNICATIONS LETTERS. His research
interests fall within the areas of communications and signal processing.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


