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Abstract—Depth-first tree search algorithms provide a promising
approach to solve the detection problems in MIMO systems. Realizations
like the List Sphere Detector (LSD) or the Single Tree Search (STS)
enable near max-log detection at reduced but still high complexity. In
this paper we show how the complexity of List Sphere Detection can
be significantly reduced by MMSE preprocessing in combination with a
novel unbiased and separated candidate handling. Therefor, we propose
an extension of the LSD by search tuples. Without any performance loss,
the resulting Tuple Search (TS) algorithm enables major reduction of
sphere sizes and enables moreover a detection with flexible performance
respectively complexity. Avoiding loss of useful status information, caused
by unbiased MMSE preprocessing or small candidate storage, is provided
by a novel matched candidate determination, leading also to reduced
hardware complexity. The combination of these methods enable high-
performance soft-out detection at very low complexity. More specifically,
this enables a performance improvement up to 1 dB at half the complexity
of common LSD or STS algorithms.

I. INTRODUCTION

Future mobile communication systems will make use of multiple-
input multiple-output (MIMO) techniques to enhance spectral effi-
ciency. While performant detection of the spatial multiplexed data
streams, with respect to the channel conditions, is essential for good
performance, its complexity is limiting the overall throughput. Many
recent research try to solve this problem by introducing complexity
reduced detection algorithms based on tree search techniques. Ap-
plication of depth-first, breadth-first or metric-first search strategies
[1] leads to a large variety of detection algorithms like the sphere
detector [2], m-algorithm [3], LISS-algorithm [4] or modifications
of them [5]–[7]. Reduction of the number of evaluated tree nodes
is achieved by techniques like Schnorr-Euchner (SE) enumeration
[8] or sorted QR decomposition (SQRD) [9]. MMSE preprocessing
with bias reduction [10] enables further complexity reduction, but
also significantly worsens the achievable performance in common
detection algorithms.
However, especially for higher order systems, near maximum-
likelihood (ML) detection still involves a too high complexity to
be applicable in high-throughput systems. Otherwise, detectors with
reasonable complexity, like linear detection, hard-output LSDs [11]
or Successive Interference Cancellation (SIC) [12] detectors, do
not provide a detection accuracy close to ML, limiting their field
of application. Moreover, flexible implementations, adaptive to the
environment, are still too inefficient to be applied.
In order to further reduce detection complexity, we introduce a
novel Tuple Search algorithm. Based upon the LSD, we propose a
separation of the candidate list and the search tuple, defining the
search sphere. Hereon, we demonstrate how adaptation of search
radii enables a reduction of evaluated nodes, involving also a flexible
adaptation of detection complexity respectively performance. Auxil-
iary, this furthermore enables a novel matched candidate processing,
minimizing the disadvantageous effects of the unbiased MMSE
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Fig. 1. System model with BICM transmitter and iterative receiver.

detection. Since usage of candidate lists involve a possible loss of
useful status information, we additionally propose the replacement
of candidate lists by bit-by-bit processing and storage.
The remainder of this paper is organized as follows: Subsequent to the
introduction, section II discusses the system model and the parameters
used for the simulations. Section III reviews and discusses tree search
based soft-in soft-out detection, the LSD and the STS algorithms,
as well as applied complexity reduction techniques. Based on this,
we describe the proposed Tuple Search in section IV. Based on
the Tuple Search we introduce the matched candidate determination
including a lossless involvement of unbiased MMSE detection in
section V. Finally we evaluate the resulting algorithms in section
VI and conclude the paper in section VII.

II. SYSTEM MODEL

Throughout this paper, we consider a NT × NR MIMO system
based on a bit-interleaved coded modulation (BICM) transmission
strategy with NT transmit and NR receive antennas, as depicted in
Figure 1. A vector u of i.i.d. information bits is encoded
by the outer channel code with rate R. The resulting stream
of vectors c′ is bit-interleaved and portioned into blocks c
of NT · L bits, where L denotes the number of bits per
transmit symbol. For the transmission, the corresponding bits
c ∈ C, covered in the set of permitted bit vectors, are
mapped (e.g. gray mapping) onto complex constellation symbols
x(c) = [x0, ...xNT−1]

T = map(c) ∈ X , the set of valid transmit
symbols with cardinality #X = #C = 2L. We normalize the
transmit energy such that E{xxH} = ES/NTI. On behalf of the
transmission, we consider a flat fading channel and an additive noise
vector n ∈ CNR×1 at the receiver with complex components of
zero mean i.i.d. gaussian random variables of variance N0/2 per
real dimension (E{nnH} = N0I). The considered passive channel
is represented by H ∈ CNT×NR with entries of a zero mean i.i.d.
gaussian random process of variance 1 and is assumed to be perfectly
known at the receiver. The received signal y is therefore given by:



y = Hx + n

and the signal-to-noise-ratio (SNR = Es/N0) at the receiver
applied to the energy of one information bit can be stated as:
Eb/N0 = EsNR/N0NTLR.
In order to ensure comparability of the results, we use a simulation
setup equivalent to the one used in e.g. [5], [10]. The simulations
are carried out for a rate 1/2 PCCC with (7R, 5) convolutional
codes, an information block size of 9216 bits (including tail bits),
gray mapping, a 4 × 4 MIMO channel and spatial and temporal
fading. The detection of the transmitted bits is carried out by a
complex-valued soft-in soft-out (SISO) sphere detector in conjunction
with a BCJR based decoder with 8 internal iterations and without
detector↔decoder iterations.

III. MIMO DETECTION BASED ON TREE SEARCH

A. Fundamentals

The task of the focused detector is the determination of the bits c
most likely sent and the calculation of reliability information for these
bits. On behalf of the described system, this can be accomplished by
calculating the corresponding log-likelihood ratios (L-values):

L (cm,l|y)=ln

(
P (cm,l = +1|y)

P (cm,l = −1|y)

)

≈− 1

N0
min

c|cm,l=+1
{λ0}+

1

N0
min

c|cm,l=−1
{λ0} , (1)

where (1) results from the application of the max-log approximation.
cm,l = ±1 represents the l-th bit of the symbol sent by the m-th
antenna and

λ0 (y, c,La) = ‖y −Hx̂(c)‖2 − N0

2

NT−1∑
i=0

L∑
j=1

ci,jLa(ci,j)

represents the distance metric for a set of received sym-
bols y, a given c and the a-priori knowledge La. x̂ corre-
sponds to a possible transmission symbol. As consequence, be-
side the most properly sent symbol arg min

x̂(c)|c∈C
{λ0} - the detection

hypothesis - and its corresponding metric λ0(c
ML), the detector has

to determine also the counter-hypotheses arg min
x̂(c)|c∈C,cm,l 6=cML

m,l

{λ0} with

their metrics for each bit.

B. Tree Search Basics

Since brute force (maxlogAPP) detection of (1) is known to be
of exponential growing complexity with the number of transmit
antennas, several close to optimal detection strategies have been
lately proposed to find relevant arg min{λ0}. Some of the most
promisingare based on tree search techniques. As depicted in detail
in [5], transforming the detection problem is permitted by QR-
decomposition (QRD) of H = QR, where Q is unitary and
R an upper triangular matrix. With the modified receive symbols
y′ = QHy and the potential sent symbols x̂i, i = 0...(NT − 1), the
euclidian distance in the detection

∥∥y′ −Rx̂(c)
∥∥2 (2)

can be interpreted as tree search. The search tree and the relevant
notations are drafted in Fig. 2 for a 2 QAM and NT = 4 transmit
antennas. The root node of the tree is defined as layer i = NT . In each
of the layers i, i = (NT − 1)...0, 2L possible transmission symbols
x̂i are existing for one parent node, represented by the nodes of the
tree and connected to the parent via branches. Layer i = NT − 1,
corresponding to the lowest row of (2) and a path from i = NT − 1

to i = 0 represents a complete set of sent symbols x̂, mapped to
the leaves of the tree. Resulting from this, λ0 can be recursively
calculated by the layered branch metric

λi = λi+1︸︷︷︸ +

∣∣∣∣ y′′i︸︷︷︸−riix̂i

∣∣∣∣
2

− N0

2

L∑
j=1

ci,jLa(ci,j)

︸ ︷︷ ︸
, (3)

metric from
already

estimated
symbols

interference
reduced
symbol a-priori

information

y′′i = y′i −
NT−1∑
j=i+1

rij x̂j ,

out of the squared distance between the nodes and an interference
reduced symbol, the a-priori information and the metric of the
corresponding parent node, whereas the root metric is defined to
λNT = 0.
Aim of the detection algorithm is the selection and analysis of nodes
relevant for (1). Complexity reduction of the search is achieved by
eliminating unfavorable paths from the search. Within this paper we
focus on variations of sphere detection algorithm [5] [13], a so called
depth-first search, which can be briefly summarized as follows: The
sphere search is started in layer i = NT with an unlimited sphere. At
each level i the algorithm analyzes the children nodes with their λi,
see (3), and selects one of the nodes within the search sphere, which
wasn’t extended so far. The selected node is extended by analyzing
its children nodes in the layer i − 1. Whenever a leaf is reached
(i = 0), the search radius is adapted. Whenever all children nodes
from a parent node within the sphere were extended, the search level
is increased and the search continued. As soon the root is reached
again, the search is completed. The operations of a sphere detection
are drafted exemplarily in Fig. 2 with an adaptation of the radius in
operations 4©, 9© and a ML symbol found in operation 9©. Paths
excluded from the search are illustrated with thin branches, paths
examined with thick ones.
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Fig. 2. Example sphere based tree search

Assuming an implementation with one extended node per cycle,
as described in [11], the decisive factor for the throughput is the
number of extended nodes. The resulting hardware complexity heav-
ily depends on the actual implementation, the included complexity
reduction techniques and optimizations. Throughout this paper, hence
the number of extended nodes is chosen as complexity measurement.

C. List Sphere Detector

Computing the L-values in (1) requires the determination of a
detection hypothesis and all counter-hypotheses as depicted in III-A.
Since an explicit search for all needed minimums leads to an
insufficient high complexity [14], the key to an efficient detection
is the adequate usage of information gathered during the search in
combination with an adapted search strategy. One possibility is the



application of the so called List Sphere Detector (LSD) [5] [15].
Instead of searching all possible minima, the algorithm searches a set
of most likely leaves. Whenever a node is examined during the search,
the corresponding metric λ0 is compared with the leaves already
visited and the K = #K best leaves are kept for the calculation of
the L-values in a candidate list K := {λ0(c1), λ0(c2), ..., λ0(cK)}:

c 7→ arg max
ct|ct∈K

{λmin,t} , λ0 7→ max
ct|ct∈K

{λmin,t} . (4)

Therefore this list is typically sorted and initialized with elements
λ0(c) = ∞. During the search, the search radius is always set to the
maximum of this list:

R = max
ct|ct∈K

{λmin,t} .

The Radius is initialized with R = ∞ and scaled down during the
search such that only K nodes remain in the sphere. Subsequent to
the search, the calculation of the L-values in (1) is carried out over
the hypothesis and the counter-hypotheses stored in K, whereas the
min-searches are reduced to:

min
c|cm,l=±1

{λ0} 7→ min
c|c∈K,cm,l=±1

{λ0} , c ∈ K ⊆ C.

Since the counter hypotheses for the L-value calculation are generated
only from a subset of the leaves examined during the tree search,
suitable counter hypotheses were possibly not found for every bit.
Consequently, the L-values have to be clipped: |Le| ≤ Lmax and
definition a convenient clipping level Lmax is crucial for good
performance [6]. Hence, for our simulations the clipping level is
chosen such that the average mutual information at the detector output
is maximized [16].
A regularized data flow of such a LSD is given in Figure 3.
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Fig. 3. Regularized data flow of a List Sphere Detector

D. Single Tree Search

Another solution for a tree search adapted to the L-value cal-
culation is the Single Tree Search (STS) introduced by [14] and
carried out in [7]. As described in detail in [7], the STS searches
for all bit values, cm,l = ±1 the leaves with the lowest metric

min
c|c∈C,cm,l=±1

{λ0} within a maximum sphere. Involved by the bit-

specific search, the search sphere varies depending on the examined
nodes and has to be established for each node separately. The
sphere radius of a node representing a partially symbol vector ci

(with defined bits cm,l, m ≥ i) is dependant on the best metrics
λmin,cm,l already found for the bits cm,l and the bit values contained
in ci :

R (ci) = max{ λmin,cm,l ∀cm,l 6= cML
m,l ∈ ci, m ≥ i,

λmin,cm,l ∀cm,l, m < i }.

As for the LSD, the L-values might be clipped for complexity
reduction. For a non iterative detection the radius of the sphere is
limited by the maximum aimed L-value Lmax and the metric of the
current hypothesis λ0

(
cML

)
:

RClipped (ci) = min
{

R (ci) , λ0

(
cML

)
+ N0Lmax

}
.

Besides the additional complexity needed for the sphere determina-
tion, the STS incurs an integrated search for each bit and hence still
a high complexity. The complexity of the L-value calculation is how-
ever reduced since all L (cm,l|y) in (1), with |L (cm,l|y) | ≤ Lmax,
can be easily calculated out of the determined λmin,cm,l .

E. Methods for Complexity Reduction

More efficient application of the described algorithms is permitted
by inclusion of methods that allow a further reduction of the average
number of nodes extended by the search algorithms.
Crucial for a reduction of the number of examined nodes is the size
of the search sphere. Since the search sphere is reduced by means
of determined leaves, it is essential to find proper leaves as soon as
possible. A solution to enable this is the so call Schnorr-Euchner
enumeration strategy [8]. The analyzed child nodes are extended in
ascending order of their distance metric (3). As result the probability
of finding nodes with a small λ0 early is increased and the average
number of extended nodes hence reduced.
A second method to reduce the complexity is provided by layer
ordering. Choosing a wrong node in a high layer causes unnecessary
analysis and extensions of child nodes. Wrong selections in lower
layers hence have a less negative effect on the complexity. Detection
of the most reliable symbols first minimizes the probability of wrong
decision in a high layer. A common approach to apply the layer
ordering is the inclusion of sorted QRD (SQRD) as proposed in [9].
Since both techniques provide a lossless complexity reduction, we
will apply them in the subsequent without any further discussion.
Additionally to these methods, MMSE preprocessing [17] might be
used to further reduce the complexity. This can be done by utilizing
an extended channel matrix for the (S)QR-decomposition:

H̄ =

[
H
σI

]
=

[
Q Q3

Q2 Q4

] [
R
0

]
, ȳ =

[
y
0

]
.

Following this procedure, the MMSE preprocessing incurs a data
dependant bias σ2‖x̂‖2 on the metrics:

∥∥ȳ − H̄x̂
∥∥2

= ‖y −Hx̂‖2 + σ2 ‖x̂‖2 .

This bias remains on the metrics λ0 after the detection and jams
the L-value calculation. Hence, it should be removed for an accurate
detection by substraction to avoid performance degradations [10]:

λ0,ub (y, c,La) = λ0 (y, c,La)− σ2 ‖x̂ (c)‖2 . (5)

F. Discussion and Reference Results

The complexity and the BER performance of the resulting al-
gorithms are shown in Figure 4. As performance reference the
maximum achievable maxlogAPP detection is selected, provided by
the unclipped STS. A comparison to linear detection, SIC or hard-
output tree searches is passed, since their achievable performance is
incommensurable bad.
While the unclipped STS provides the best BER-performance, since
all minima in (1) were determined, its complexity is unusable high.
By introducing the described clipping the complexity is significantly
reduced at a reasonable BER performance. But with approx 120 node
extensions at a BER of 10−5 it is still to high for an efficient detector
implementation.
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The Zero Forcing (ZF) LSD obtains for list sizes of 64 a loss of
about 0.2 dB compared to the BER performance of the STS at
complexity one and a half times the clipped STS. By introducing
the unbiased MMSE the performance is decreased, so the algorithm
is outperformed by the clipped STS at comparable complexity.
Regarding smaller list sizes the effect of MMSE preprocessing is
even worse. On the one hand it decreases the complexity clearly, on
the other hand it degrades the BER performance with decreasing list
sizes. This is caused by the fact that unbiasing the metrics with (5)
changes the minima in (1):

min
c|cm,l=±1

{λ0} − σ2‖x̂ (c) ‖2 ≥ min
c|cm,l=±1

{
λ0 − σ2‖x̂ (c) ‖2} ,

which also incurs a possible switch of the hypothesis x̂
(
cML

)
and

the counter-hypotheses. As consequence, the introduction of MMSE
preprocessing to a LSD with a small list size or to a STS (one element
stored per bit) for further complexity reduction is not applicable.
Easing the caused loss in the BER performance is only enabled by
large list sizes, since the candidate list K for large K contains several
candidates and hence proper metrics might be determined

min
c|c∈K,cm,l=±1

{λ0−σ2‖x̂(c)‖2} ' min
c|c∈C,cm,l=±1

{λ0−σ2‖x̂(c)‖2} .

In Summary, the STS is accomplishing a complete search for all
leaves within a given maximum clipping value. While this ensures
the desired detection performance, it also causes a high complexity.
The LSD searches a subset of most likely candidates. While the
candidate list limits the detection complexity, it also limits the amount
of candidates. Consequently for small list sizes only little candidates
are retained. Most leaves determined during the detection are hence
not usable for the L-value calculation. MMSE extension of the
detection enhances this problem as discussed above. Resulting from
this, currently known concepts for a SISO STS as well as for a SISO
LSD are either not performant enough or too hardware demanding
to be applicable for efficient MIMO detection.

IV. TUPEL SEARCH

Good BER performance requires an accurate determination of the
L-values. Hence, accurate candidates are essential. As described in
section III, the LSD is only able to regulate the quality of the
determined candidates over the size of the candidate list. Leaves
determined during the search containing a λ0 greater than the
search radius are not usable for the L-value calculation, since they
were dropped during the search. Possible counter-hypotheses with
metrics close to minimum min

x̂(c)|c∈C,cm,l 6=cML
m,l

{λ0} will also provide

valuable contribution to the L-value calculation if the minima weren’t

found. Same for counter-hypotheses, which were found but dropped
because of a to high metric. As consequence the LSD drops useful
information. In order to ease this effect and to enable a more precise
adjustment, we propose a modified sphere search.
For the Tuple Search we propose the usage of a search tuple
for the sphere determination and the retainment of leaf candidates
in a candidate list, for the L-value determination. As the LSD
described in section III-C, our proposed search identifies a set
of most promising candidates (with respect to λ0). Unlike the
conventional LSD, the search sphere is determined over a T -tuple
T := {λ0 (c1) , λ0 (c2) , . . . , λ0 (cT ) , } of the identified candidates
with lowest λ0, independent of the candidate List K. The sphere
radius is defined to the maximum tuple metric:

R = max
ct|ct∈T

{λmin,t} .

As for the conventional LSD, the list is initialized with
λ0,t = ∞. The sphere search finds all leaves within the current
sphere. Each leaf within the current sphere, identified by the search,
represents a new element of the tuple, which replaces the worst
element of the tuple:

c 7→ arg max
ct|ct∈T

{λmin,t} , λ0 (c) 7→ max
ct|ct∈T

{λmin,t} .

Resulting from this, the tuple always contains the T leaves with
lowest λ0 identified so far and the search finds definitely the T
most promising candidates of the tree. The candidate list contains, as
the LSD, the most promising candidates for the L-value calculation.
This might include elements of T as well as candidates with
λ0 (c) > maxct|ct∈T {λmin,t}.
Note that such a tuple usually will be practicable small and can
be easily created as sorted list. Hence, it can be implemented as
portion of the candidate list T ⊆ K causing no additional hardware
complexity as depicted in Figure 5.
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Fig. 5. Sample candidate list including radius determination

V. MATCHED CANDIDATE DETERMINATION

One main problem still remaining is caused by the MMSE pre-
processing: Since the magnitude of unbiased metrics differs from
biased metrics, the known strategies cannot provide the best possible
candidate list. Hence, these methods are still suboptimal for MMSE
detection. The following subsections will propose two approaches to
ease this effect.
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Fig. 6. Data flow of a the proposed Sphere Detector



A. Separation of Sphere and Candidate Determination

In order to further increase the possible detection quality and to
optimize the adaptivity of the candidate quality, the sphere deter-
mination has to be separated from the candidates for the L-value
calculation. For this e.g. a second list could be introduced: One
optimized for the sphere determination and one optimized for the
L-value calculation. For the sphere determination we propose usage
of the described TS. Since only the metrics are relevant to determine
the sphere, a storage of the corresponding symbols is unnecessary.
Unlike the existing sphere detectors, we propose for the candidate
list a storage of candidates respectively status information adapted to
the current detection technique. For the proposed MMSE extended
sphere detection this would cover the bias reduction. With respect to
(5), updating the candidate list (4) has to be adapted as follows:

c 7→ arg max
ct|ct∈K

{fmin (ct)} , fmin (c) 7→ max
ct|ct∈K

{fmin (ct)} ,

with f (c) =̂f
(
λ0 (c) , σ2, c

)
= λ0 − σ2‖x‖2 for the described

bias-reduced MMSE detection. Resulting from this, the candidate
list contains the most promising nodes examined during the search,
with respect to f (c). Note that beside the metric magnitude also
the resulting hypothesis arg min

ct|ct∈K
{fmin (ct)} and also the counter

hypotheses arg min
ct|ct∈K,cm,l 6=cML

m,l

{fmin (ct)} may change due to the

adapted search. Processing the adapted elements and maintaining the
candidate list is independent of the sphere determination and hence
can be performed in parallel as shown in Figure 6.

B. Bit-specific Candidate Determination

Although introducing a separate list enables the usage of candidates
outside the search defining tuple, it doesn’t solve the problem of
dropping candidates. This is caused by the limited size of the
underlying list. In order to solve this problem, we propose a bit-
specific storage of status information for the L-value calculation. In
case of the proposed bias reduced MMSE detection, the lowest f(c)
have to be stored for the hypothesis and for the corresponding counter
hypotheses bits, as illustrated in Figure 7.
Whenever a leaf is reached, the current c, f (c) are compared with
the stored values cML, f

(
cML

)

cML ← arg min
{
f (c) , f

(
cML

)}
,

f
(
cML

) ← min
{
f (c) , f

(
cML

)}
,

and subsequent to this with the corresponding f (ci)

f (ci) ← min {f (c) , f (ci)} , ∀ ci ∈ c|ci 6= cML
i ,

whereas the lowest values are stored. As for the separated list, the
storage is independent to the determination of the sphere radius and
hence can be processed optimized for the L-value calculation in
parallel to the sphere algorithm. From there, the candidates as well as
their status information don’t have to be identical to the one stored
for the sphere determination. For each possible bit the best values
found will be stored. Hence, dropping useful status information is
avoided. Due to the replacement of the list by bit-specific storage,
costly maintenance of the list is replaced by simple comparisons.
Additionally the TS only requires the storage of λ0 in T . On behalf
of the L-value calculation the complexity is also reduced by the bit-
specific storage.

hypothesis  bit values of the hypothesis (±1) … 

Bit 1 2 3  23 24 

counter hypotheses   …  … … 
Fig. 7. Bit-specific storage for a 64 QAM and NT = 4

VI. RESULTS

The results of applying the Tuple Search (TS) algorithm and the
matched candidate determination are shown in Figure 8. An overview
of the complexity and performance resulting from the proposed
techniques is given in Figure 9 for different search tuple sizes
respectively clipping values and a BER of 10−5. The corresponding
clipping values, used for the simulations, are given in Table I. For our
simulations in Figure 8, we choose the LSD algorithm with a candi-
date list size K = 64 as performance reference, see Figure 4. With
unbiased MMSE processing, the algorithm provides a performance
close to maxlogAPP (max. 0.5 dB loss) at a complexity of appox.
120 node extensions. The candidate list size ensures comparability of
the algorithms, since MMSE processing would increase performance
degradations for smaller list sizes (see subsection III-F).
The inclusion of search tuples in the LSD enables a reduction of the
lead node set, crucial for the sphere determination. Smaller search
tuples result in an earlier pruned sphere, comparable to a LSD with a
smaller candidate list. Due to a candidate list size K >> T , the TS
retains the most relevant candidates, with λ0 > R, for the L-value
calculation. Exemplarily, it is feasible to reduce the tuple size of a
LSD with K = 64 to a TS with T = 16, without significant loss
of BER performance but a complexity reduction to almost a third of
the conventional LSD.
Besides this obvious reduction in complexity, the TS enables an
adjustment of complexity and BER performance for a given hardware
implementation to the systems requirements, by adaptation of the
tuple size. Within the limits of the underlying LSD, this allows to
adapt the performance and complexity reaching from close to hard
output (searching only the ML-point) to a full LSD: 1 ≤ T ≤ K.
Additional limitation of the amount of sequential calculations fur-
thermore enables to reduce the complexity to 4 sequential operations,
leading to a SIC detection.
Separated candidate processing enables a MMSE detection without
performance degradation. Also for smaller search tuples (K ≤ 64),
the algorithm detects reliable candidates with respect to the unbiased
metrics and ensures hereby a high candidate quality. Consequently,
the matched candidate processing enables a performance improve-
ment for MMSE detection with given search complexity respectively
search tuple size. While the performance improvement compared to
a LSD with K = 64 (Figure 4) is already about 0.3 dB it is increases
to over 1 dB for smaller list sizes, see Figure 9.
Bit-specific candidate storage further improves the performance of
the detection, compared to TS with medium K shown in Figure
8 and 9. Whenever the candidate list is too small to retain the
determined candidates useful data is dropped. Consequently for
accurate detection or small K the detection complexity can be further
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Fig. 8. Comparison of the proposed search strategies with the conventional
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the TS with MMSE preprocessing. The LSD with MMSE preprocessing is
accomplished with a single list K = T corresponding to section III-C. For
the TS with T = 64 the candidate list size is K = 128 elsewise K = 64.
The numbers next to the curves correspond to the clipping values Lmax for
the STS and to the list size K respectively tuple size T in case of a LSD or
TS. The underlying T respectively K are equal within a given loop.

reduced at comparable detection performance. The bit-specific can-
didate determination in conjunction with the Tuple Search moreover
significantly reduces the amount and size of list elements in T needed
for the search. In conjunction with the simplified L-value calculation,
this will lead to much more reasonable hardware implementations.
Compared to the conventional detection algorithms LSD and STS, the
proposed techniques significantly improve the detection. As displayed
in Figure 9, the proposed techniques lead to a massive complexity
reduction for a given BER performance. Exemplarily, for a tuple size
T = 16 a complexity reduction from about 110/120 to about 45
node extensions is possible. By neglecting saturation effects below
13 dB, the resulting algorithm therefrom clearly outperforms both
conventional detection algorithms.

VII. CONCLUSION

In this contribution we proposed the inclusion of a matched
candidate determination in conjunction with MMSE preprocessing as
well as the usage of search tuples on basis of the LSD for an efficient
sphere detection. These methods lead to a significant complexity
reduction at comparable BER performance. The optimized candidate
processing allows the inclusion of correction functions and avoids a
possible loss of useful status information. This enables a performant
inclusion of MMSE preprocessing in the detection and increases the
achievable BER performance. The Tuple Search allows an optimized
search and provides a significant complexity reduction at fixed
performance. Besides this, it enables a flexible adaptation of the

TABLE I
CLIPPING VALUES Lmax USED FOR THE SIMULATIONS (4× 4 MIMO,

64QAM AND SQRD) FOR GIVEN LIST SIZES K IN CASE OF A LSD AND
GIVEN TUPLE SIZES T FOR A TUPLE SEARCH

K, T = 1 2 4 8 16 32 64
LSD ZF 2 2.3 2.7 3.2 4.3 4.8 5.5
LSD MMSE K=T 2.3 2.4 2.8 3.1 3.9 4.4 5
TS, K=64 2.5 2.9 3.2 3.8 4 4.5 5.2
bit-specific TS 2.6 3 3.3 3.8 4 4.8 5.3

complexity and the achievable performance over the tuple size of
a given detector. The combination of both methods lead to a reduced
sphere size needed for a certain performance and hence to an overall
reduced detection complexity. Hardware complexity is reduced by
the smaller lists needed, the reduction of information to be stored,
viewer operations needed for the list maintenance and a simplified
L-value calculation.
In summary, it has been shown that at a reasonable complexity (e.g.
provided by T = 16) a detection close to maxlogAPP is feasible,
requiring almost only a third of the complexity of the conventional
LSD or STS. This substantially reduces the cycle count of one
detection and enables a suitable application of the sphere algorithms.
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