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Abstract—In this work we present a unifying framework to  a vector parameterization approach which includes the pre-
characterize different types of breadth-first tree search @tectors processing specification. It covers both hard-outng soft-
for multiple antenna systems. All considered algorithms oprate output detection and is thus in some ways less restrictivé, a

at fixed complexity and require only a single pass through the . . .
detection tree, making them very attractive for practical imple- in other ways more restricted, than the one from [1]. This

mentation. Existing approaches are placed into this framewrk framework enables a performance-complexity comparison of
and a performance-complexity analysis is performed for bdt the most popular breadth-first schemes.

hard-output and soft-output detection. The B-Chase and the  The remainder of this paper is organized as follows: after
parallel smart candidate adding algorithm emerge as the mds discussing the employed system model in Section II, Sec-
attractive schemes for hard-output and soft-output detedbn, . . . "
respectively. tion Il details fundamentals of MIMO detection. Section
IV describes our framework for fixed complexity MIMO
l. INTRODUCTION detection and the placement of existing approaches within
Radio frequency spectrum is a scarce and thus valuabies framework. In Section V we provide a performance-
resource. Equipping the transmitter and receiver of a eé®l complexity comparison of existing fixed complexity breadth
system with multiple antennas allows for efficient use o$ thfirst MIMO detection approaches in both hard-output and-soft
resource by increasing spectral efficiency. Unfortunatblig  output systems. Finally, conclusions are drawn in Sectién V
improvement is accompanied by potentially dramatic insesa
in detection complexity (exponential in the worst case)- Nu Il. SYSTEM MODEL

fon problom in such muliple.nput maltple-ouput (MIMO. CONSider an¥'s x Ny MIMO system based on a BICM
transmit strategy as depicted in Fig. 1: the veatoof i.i.d.

systems, for hard-output as well as soft-output detechitany . . o0 ) .
Y P P y rgormatmn bits is encoded and interleaved. The resulting

. . |

of these schemes reformulate the MIMO detection task into ! : . . .

) . L coded bit stream is partitioned into block®f N - L bits and

tree search problem, in which leaf nodes maximizing a aertali

. : . mapped onto a vector symbgle X whose components are
metric have to be found in a detection tree.

A class of tree search schemes which has received c% ken from some complex constellation(e.g. _Gray mapped
siderable attention, justified by their attractive perfarroe- 'QbA:VI)' Hel'f’L .dencEesCthe_ n;{nZeﬁr of ti'ts pe: ?lortnplex
complexity tradeoff and amenability for practical impleme- Symbol, resuiting inQ = | .| N fierent constefiation
tion, are breadth-first algorithms. Breadth-first scheneasch points. We consider transmission over a flat fading channel.
the detection tree layer-by-layer and are therefore easity

" . . Binat | Outer | | Constellation
structed to have fixed complexity. However, one inherentdra | souee u | Encoder | 11 |—°
back of these schemes is that their achievable performance Rate R nterieaver x

is often limited by error propagation, particularly whereth
available computational resources are small.

In [1] the general “Chase detection” strategy was propos
for MIMO channels, reducing a variety of previously repdrte
schemes to special cases of a larger framework. However,
the framework focuses on the case of hard-output detection,
leaving some aspects aside which are relevant for softabutp
detection. Figure 1. System model using a BICM transmit strategy.

In this paper we present a general framework for fixed
complexity breadth-first MIMO detection schemes through In the equivalent discrete-time base-band model, the re-
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ceived signaly is thus given by: the LLRs can be determined using the per-antenna metric

incrementsi;:
y=Hx+n (1)

Nt
whereH € CNexNr is the channel transfer matrix which is ~ L(¢m.i[y) = max {ZAZ} - max { e }
=1

) ) xeLnxtl xeLnx)
assumed to be perfectly known at the receiver. The entries ’ ’
of H are realizations of zero mean i.i.d. complex Gausvhich are referred to alsranch metrics and given by
sian random processes of unit variance (passive subchan-

Nt 2 L
. . . 1
nels). The average transmit energy is normalized such thaty, — _ oo A InP(ci, —é:
; Ji— Y rigii| > WPk =2éx) (3
E{xx"} = E,/Nr 1. The vectorn € CV=*! represents the No =i " k=1

receiver noise whose components are zero mean i.i.d. com- H ) _
plex Gaussian random variables with varianég/2 per real Withy = Q"y. The detector starts in layér= Ny and works
dimension:£{nn"} = Nj I. The signal-to-noise ratio (SNR) its way up until layeri = 1 is reached. For each branch in the

at each receive antenna is hence given by SNR, /N,. tree, @ diﬁerent choices are possible for the signal estimate
x;. The detection process can hence be interpreted as a search

for leaf nodes in a tree structure. Different types of tresrcle
based detectors can be implemented by usingpatie metrics

In the case of soft-output detection, the detector in Fig.EjV:Ti A; (with 7 as the current layer index) to control which
has to generate reliability information, i.e., determihe & tree nodes are added to the working stack and in which order.
posteriori probability for each of the code bitgs ; in x, where A major problem for all “conventional” tree search schemes
m € {1,...,Nr} is the symbol index, and € {1,...,L} are missing counter-hypotheses: wheneger Xill =, the
the bit index in them-th symbol. Since we are dealing withmagnitude of the LLR for the corresponding bit cannot be
binary numbers, this information is conveniently expresise determined from the entries df One solution to this problem
the form of log-likelihood ratios (LLRs): is to use a technique called smart candidate adding [2]-[6].
This strategy is based on the recognition that the LLRs as

IIl. FUNDAMENTALS

Lic = mM 2) defined by (2) can also be written as the difference between
[emi = —1ly] the metric of theMAP estimate VAP (i.e., the hypothesis
—|ly — chHQ Nr L R maximizing the a posteriori probability) and the metric bét
T R )Y P ek =éix) best counter-hypothesis for each bit:
X tm i=1 k=1
~ Nr L Nt
—ly - HX”2 N L ~ ~MAP A (RMAP
— max { ——— + InP(cr=2¢ , (cm.1ly) ~ Cml Z i (X )
B G o LR
Nr
where the second line follows from the application of the max — max {Z A; (5()} ) , 4)
log approximation. Here,?(nf,ll denotes the set g@N7-L—1 xex, NS
symbolsx € & for which ¢y, = &1, wherex denotes a o0 awaP i the it pattern of the MAP estimate and
certain hypothesis on the transmit sequence @tlde corre- ., _yap

sponding vector of code bits. Evaluating (2) by a brutedorc¢ ™! tthigt of potential counter hypqtheses, for which
o LGy = —Cnny . The maxLogAPP detection problem may
approach (maxLogAPP detection) is well known to require g™ m, . 7 .
. . i o ence be solved by first finding the MAP estimate and then
effort growing exponentially in the number of transmittetsb

1 performing Nt - L searches which cover only a subset of the
per vector symbol. However, only a few hypotheses’dﬁl transmitter signal set, as proposed for the sphere detector
actually maximize each of the respective terms in (2). S 9 ' prop P

ey-. . X
eral close-to-optimal detection strategies thereforestant EIZ] and extended to general tree search algorithms in [5].

a subset listC C X of size |£| from which the LLRs are A lower complexity (and slightly suboptimal) alternative

determined. The list should on the one hand include only a{o [2] is the parallel smart candidate adding algorithm [6],

fraction of the elements fromt’, to minimize complexity. On Which requires only a single pass through the detection tree

: d ensures that each node in the detection tree is visilgd on
the other hand, it should be large enough such that the tl%%ce. Specifically, in the PSCA algorithm counter-hypagises

. )
detector LLRs can be approximated as closely as possible, {5 . )
maximize performance. For hard-output detection the d@teca.lrr;fgg;ggﬁncg&e:ggswt'm;hehMt'?]‘z (ejztt';?.fnafréze gg]a;”:r']a
“only” needs to determine the most likely transmitted signz%'1 b ug detector o
through supplemental searches. This is similar to the flgdra

vectoryw. (and correspondingow) sphere detector” approach taken in [7].
A. Tree-Search MIMO Detection B. Ordering

Tree search based MIMO detection techniques constructt is widely recognized [8]-[10] that the order in which the
L using a back-substitution approach. After an orthogonalignal components are detected has a significant impacteon th
triangular decomposition of the channel matrix, #&g= QR, tree search complexity and the quality of the detector dutpu



For decision feedback schemes (as a trivial special case) theith layer of the detection tree ahdrepresents the number
Bell Labs Layered Space-Time (BLAST) ordering [11] hasf children extended from each parent at itie tree layet.
been developed to maximize performance. In general, it-is at This generalization can be extended further to include the
tractive for tree search schemes to incorporate the omglerin  parallel smart candidate adding schemes [6] by introduaing
the matrix decomposition step. Here, the sorted QR decompmmolean vectoS = [S; Sz ... Sn,|, whereS; determines
sition (SQRD) [12] is an attractive choice, as the layer drdg whether or not to perform smart candidate adding atithe
then becomes part of the Gram-Schmidt orthogonalizatitayer in the detection tree. This allows for more flexibility
procedure of the QR decomposition, at negligible addifionthe design of SCA algorithms than in [6].
overhead. Thus, the decomposition effectively operatea on With the introduction ofVI, b andS vectors, as well as the
channel matrix whose columns are shuffled by a permutatispecification of the preprocessing algorithm, we now have a
matrix P, such thatHP = QR. framework which allows for the characterization of a large
Note that the BLAST ordering is roughly twice as compleglass of fixed complexity, single-pass, breadth-first MIMO
as the SQRD, but with improved performance as a result @¢tectors. While this framework is simple to describe, it
its better ordering criterion [13]. Other useful orderivgsich enables a myriad of possibilities and brings to light many ne
we will discuss in more detail in Section IV-C include thedesign considerations. An appropriate configuration igieiu
one employed by the parallel detector (PD) [14], the fixedo achieve a desirable performance-complexity tradeoff.
complexity sphere decoder (FSD) [10], [15], and B-Chase Before proceeding it is important to assess the complexity o

preprocessing [1], [9], [13], [16]. different algorithms within the established framework. dog
measure of complexity for tree search schemes is the number
IV. FIXED COMPLEXITY FRAMEWORK of branch metric computations perfornigd The total number

of branch metric computations is a function of the number

of nodes retained for a given layer in the detection tjee
In this work, we will focus on breadth-first search algo-

rithms, with the classical M algorithm [17] as the most farmou G = { min (
example (often also referred to as QRD-M [18] algorithm). As

any other breadth first scheme, it traverses the tree layer-where i is the detection layer, and whege = 1 for the
layer; in this case by rejecting all but/ nodes at a given complex-valued ang = 2 for the real-valued system model.
layer before advancing to the next one [17]. Specificallg,tth ~; denotes the number of branch metrics calculated as part of
best children (with largest branch metrics) are extendeohfr the smart candidate adding at layeand is given by:

each of theM retained nodes, and of thel/ contenders max (L — 2(vB; —1),0) ¢ =1
that result, only the\/ best are retained. In the case of hard- K = { , (6)
output detection, the candidate at the final detection lasger max (£ — (b — 1),0) p=2

considered to be the hard-output decision. The performance,nqre for the complex-valued system model it is assumed that
the M algorithm in hard-output systems approaches thatedf tfy i the square of an integer. The total number of branch

joint maximu_m I_ikelihood (‘]ML) detector whed/ is large, metric computations for schemes in our framework becomes:
but falls off significantly asM is decreased [19]. A common .
T

technique for soft-output versions of the M algorithm iseo |

L comprise thel best candidates at the final detection layer. = Z (Gim1bi + Sirii) - 7
Given this description, we observe that the entire M al- o =

gorithm can be parameterized by just two scalar valugs, The final list size is|/L| = (o

and b. Many detection algorithms are special cases of th{S p|acement

scheme with specific parameterizations and preprocesHiey.

simplest example is the decision feedback detector, fochvhi

M =b=1. With b = Q and M = oo?, the algorithm turns

into the maximum complexity, brute-force, APP approa

which enumerates all possible transmit vectors.tFer(), and

arbitrary positiveM, the M algorithm is sometimes referre

to as the K-best approach [19].

A. Classical M Algorithm and Special Cases

1 1=0
Cioabi+ Siks, My) i>0 ° ()

We will now place existing fixed-complexity breadth-first
detectors into the framework just presented and discuss the
C?,I‘esign considerations that accompany each detection schem

as well as relationships amongst them. While the list of
dgetection algorithms in this subsection does not claim to

e complete, it does provide insight into many of the most

common and effective fixed complexity breadth-first schemes
B. Fixed-Complexty Framework Decision-Feedback:The simplest scheme to be captured by

We can generalize the M algorithm by allowing the pahe presented framework is the decision-feedback (DFE), or
rametersM and b to be represented as x Np vectors
M =[M; My ... My,] andb = [by by ... by,], respec- 2The root node of the detection tree corresponds 00.

) | 3 . . .
tively, where M; represents the number of nodes retained a Obviously, the overall complexity also includes a preprocessing step
which, however, is only needed when the channel changesmfact on

complexity thus depends on the channel coherence timedbdid Further-
1An M value of oo implies that no pruning of the detection occurs. more, the complexity of different preprocessing schemedtén very similar.



successive interference cancelation (SIC), approacher AfSpecifically, when FE is used at any detection layer the FSD
removing (“cancelling”) the signal contribution of preu® adopts the ordering criterion of the PD, otherwise it uses th
layers, this scheme will recursively determine the singBLAST ordering. Similar to the PD and the B-Chase detector,
best candidate at the currently considered layer (singdaths once generated are never pruned.
enumeration, SE), and proceed with this decision to theThe FSD is capable of many parameterizations, wisere
next layer. Obviously, the tree width is minimized by thiglways the zero vector. The most effective parameterizatio
scheme. Good DFE performance thus heavily depends lomwever, are those of the PD and, for large dimensions such
making the correct decision in the initial detection layeas 8 x 8 [10], the parameterizatioM = [Q Q* ... Q7
(having the lowest diversity order). BLAST (or SQRD)andb =[Q Q 1 ... 1]. In [15] it was shown that the FSD
should therefore be used to obtain the optimal (or neamyaintains the diversity order of the APP detector with a fixed
optimal) DF performance. DF detection is captured througiomplexity and orde@(Q\/N_T) if Nrp = Np, by using FE
the parameterizationM =[1 ... 1], b=[1 ... 1], and inthep = |\/Nr| first detection layers.
S = [0 ... 0] and the specification of the preprocessing
algorithm. Consequently = ¢Nr and|L| = 1. List Fixed-Complexity Sphere Decoder [20]: The list
fixed-complexity sphere decoder (LFSD) is intended as a
Parallel Detector [14]: Rather than using SE at the firstsoft-output extension of the FSD. It builds on the FSD
detected layer, the parallel detector uses full enumergE&) approach by typically computing more branch metrics than
at this point, i.e., enumerates all candidates. All subsetjuthe FSD, in order forL to include more counter-hypotheses to
layers are detected using SE. The PD also adopts a spettialhard-output FSD decision vector. In [20] this was tyjhjca
ordering, where the weakest received signal componentdisne using balanced powersdfor bs, ... by,.. In the event
detected first. Subsequent layers use the BLAST orderinigat this was not possible due to list length constraintsseh
The intuitive justification for such an approach is that iclea powers of2 are weighted to earlier layers in the detection tree.
layer where FE is used, no decision errors can occur. It is
therefore desirable to use FE for the layers with the largespft Fixed-Complexity Sphere Decoder [21]:We now
noise enhancement, to minimize performance loss. The BBscribe the soft fixed-complexity sphere decoder (SFSD)

uses the parameterizatidvi = [@Q ... Q], b=[Q 1 ... 1], which, while not a single-pass approach, has important
S=1[0 ... 0] and PD preprocessing. Thus,= ¢QNr and relationships to several approaches mentioned in this work
I£] = Q. The SFSD, like the LFSD, is a soft-output extension

of the FSD. However, it is more similar to previously

B-Chase Detection [1], [9], [13], [16]:The B-Chas¢’) detec- reported SCA approaches [2]-[6], with the process of smart
tor is a hard-output detector that generates a list teitative candidate adding being referred to as “bit-negating” and
decisions for the first detected symbol, and implements & baipath augmentation” [21]. Specifically, the SFSD can be
of ¢ ordered decision-feedback detectors in parallel, one frought of as the combination of the hard-output FSD
each element of the list. In the case of hard-output detecti@approach, used to generate the Setsp, with an iterative
the final decision vector is the DF equalized output th&CA type approach used to generate the &gt 4, where
minimizes the mean-squared error (MSE). The performanc®- = Lrsp U Lsca. Unlike other SCA approaches, the
complexity trade-off for Chase detection is easily adaftgd SFSD typically employs FSD ordering and FE in the first
adjusting?, as Chase detection reduces to ordered DF whdatection layer(s). When only one iteration is performed
¢ = 1 and the PD wherY = Q. Increasing? improves (SCA augmentation of a single path), the SFSD approach
performance at the cost of a complexity growing linearly.in is similar to an algorithmic realization in [5]. With multg

The B-Chase preprocessing approach results in substantirdations (SCA extended paths), SFSD performance can be
performance gains [1]. B-Chase preprocessing balances itmgroved, but the performance improvements are relatively
goals of BLAST preprocessing (which performs well witbsmall and detection complexity is substantially increased
SE) and PD ordering (which performs well with FE). It
therefore gracefully trades off between the opposing desifarallel Smart Candidate Adding [6]: The parallel smart
goals of maximizing vs. minimizing the SNR of the firsttandidate adding algorithm is an efficient way to achieve-nea
detection layer by allowing the ordering algorithm to calesi capacity performance for soft-output MIMO detectors, with
an increase in the number of enumerated child nodes aslamer complexity than the soft-output approaches mentone
effective SNR gain for the receiver. The B-Chase detectso far [2], [5], [20], [21], using a single pass through the

uses the parameterizatidl =[¢ ... ¢}, b = [¢ 1 ... 1], detection tree. For a giveith layer in the detection tree, the
S =0 ... 0] and B-Chase preprocessing. Hence, it computBSCA algorithm finds thé; child nodes with lowest branch
u = ¢¢N7 branch metrics and the list size |i§]| = ¢. metrics for each parent node. The algorithm then estalsljshe

from all enumerated child nodes, the one with the lowesl tota
Fixed-Complexity Sphere Decoder [10], [15]:The FSD path metric, the “partial MAP estimate”. For this child node
extends the PD to handle cases when the number of carali-sibling nodes (i.e., child nodes from the same parent),
dates enumerated at a detection layer is neither SE or FBssessing a Hamming distance bfin relation to the bit



BLAST PD
B-Chasé1) B-ChaséQ) B-Chasé() M(2,2) LFSD LFSD PSCA PSCA

FSD(1) FSD(Q) (e.9-1) (e.9-1) (e.9-2) (e.g.1) (e.9.2)
M 1111 QQQ Q] [0l 2222 00 00 00 00
b T1I11 [QT11] [0111] 2229 | [Q211] |[Q222] |A111] ] 4411
S 0000 [0000] [0000] 0000 | [0000] | [0000] | [T111] | 1111
Preprocessing algorithm BLAST PD B-Chase SQRD FSD FSD SQRD SQRD
© 16-QAM 4 64 40 14 112 240 44 96
SNR[dB] 10~2 Uncoded BER 16.05 12.85 — 13.70 - - 13.06 12.81
SNR[dB] 10—° Coded BER 13.08 9.67 - 11.41 9.33 8.84 9.37 8.95
1 64-QAM 4 256 4¢ 14 448 960 64 134
SNR[dB] 10~2 Uncoded BER 21.66 17.88 — 19.50 - - 18.44 18.06
SNR[dB] 10~° Coded BER 18.01 13.84 - 16.35 13.37 12.96 13.72 13.22

Table |

COMPARISON OF VARIOUS FIXEDCOMPLEXITY BREADTH-FIRSTMIMO DETECTIONSCHEMES FOR A4 X 4 MIMO CHANNEL.

pattern corresponding to the partial MAP estimate atithe modulation alphabets. The information block size (inahgdi
detection layer, are enumerated. This strategy ensurds tlad bits) is 9216 bits. Detection is performed based on the
a counter-hypothesis exists for every bit for the detestortomplex-valued system model. Since tree search schentes wit
soft output. The PSCA algorithm is captured through thiixed (or tightly bounded) detection complexity benefit from
parameterizationM = [oo ... oo], S = [1 ... 1], and the use of MMSE preprocessing, we employ unbiased MMSE
an appropriate selection of the preprocessing algorithoh adetection [25] with all techniques. For coded transmissioa
the vectorb. Note that in the casé; > 3 (b; > 2 for use a setup equivalent to the one in [26]: a rate 1/2 PCCC
the real-valued model) a slight variance in complexity ibased or{7g,5) convolutional codes using 8 internal iterations
possible, since the; closest points will then generate aof logMAP decoding. The LLRs were clipped at a magnitude
varying number of counter-hypotheses to the partial MABf +£6 for all investigated techniques.
estimate. Consequently, the providedigures correspond to
an upper complexity bound. In practice, one would acceft Hard-Output Results
some redundant nodes in the detection tree and work withFig. 2 shows uncoded results fordax 4 MIMO system
fixed complexity at this upper complexity bound. employing16-QAM and 64-QAM transmission. Curves with
square markers denote the B-Chase family of hard-output
Other: There exist many other fixed (or quasi-fixedyletection algorithms, including the BLAST-ordered DF de-
complexity breadth-first algorithms. Examples of algarith tector, B-Chasg = 1), and the parallel detector / FSD, B-
which we wish to mention, but due to space limitation€has¢/ = Q). Also shown in triangular markers is the M
cannot be treated in detail, include [22]-[24]. algorithm, where results are provided for the cage= b = 2.
Joint maximum likelihood (JML) detection serves as refegen
A summary of the above algorithmic placements is provided A significant difference in performance between the various
in Table IV-C for a4 x 4 MIMO channel. In addition to detection techniques can be observed at bit error ratég of
specifying the parameterization of the aforementionea-alg(and below), a target BER level often considered for perfor-
rithms, it provides the number of branch metric calculagiormance comparisons and algorithm optimization. However, at
for a 4 x 4 MIMO system using16-QAM and 64-QAM code rates ofR. = 1/2 and below, powerful coding schemes
transmission alphabets and a complex system model, assveltan achieve successful decoding at much higher error®rates
the SNR required for a uncoded detection BER performanceafen abovel0~!. A detector output BER level of0—2 will
10~2 and a coded BER of0—°. The coded results are foundthus be much more relevant for practical applications. Ia th
using the simulation parameters presented in subsectiGn Vregime, the difference in performance between the differen
Additionally, the preferred channel decomposition for readechniques is much less significant (cf. Fig. 2), and theiitab
algorithm is providefl Because multiple parameterizationso generate reliable soft outputs will be of crucial impare.
are possible for the M, LFSD, and PSCA algorithms, typical In order to provide a more accurate picture of the relation
parameterizations are provided, as evidenced by [6], [2Q], between the aforementioned algorithms, Fig. 3 provides a
Results corresponding to these and other parameterigatiperformance-complexity plot for the detectors presented i
will now be provided. Fig. 2, with the addition of the PSCA as reference, although
V. ANALYSIS the PSCA algorithm was intended as a soft-output detector.
i : Complexity is measured in terms of the number of complex
A. Smulation Setup detection tree branch metric computatignsThe subscripS

We consider transmission over a spatially and temporally ysed to denote that the vector to which it is attacheS.is
i.i.d. fading4 x4 MIMO channel, using 16-QAM and 64-QAM
5Note that the Shannon bound for raté2 on the binary symmetric channel
4All channel decompositions in this paper have complexiyeo®(N7)3.  (i.e., hard output detection) is at an error rate around 18% [
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Figure 2.  Hard-output BER performance for various fixed claxity
breadth-first4 x 4 MIMO detection schemes usints-QAM and 64-QAM
alphabets in Rayleigh fading (unbiased [25]). Figure 4. Performance for various soft-outgut 4 MIMO detection schemes

using 16-QAM alphabets in Rayleigh fading.

We observe for hard-output detection that B-Chase detectio ) ]

has the most desirable performance-complexity tradeoff. D€ higher than PSCA (due to FE in the first layer) but less
than LFSD, which uses largéy values than SCA approaches,
resulting in a multiplicative factor on the number of deiect

BLAST-DF tree branch metric computations.
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Figure 3. Performance vs. complexity for various fixed camity hard- 11 12 13 14 dls 16 17 18
output breadth-firstt x 4 MIMO detection schemes in Rayleigh fading. £y /No [dB]
Figure 5. Performance for various soft-outgut 4 MIMO detection schemes

C. Soft-Output Results g

using 64-QAM alphabets in Rayleigh fading.

Fig. 4 provides performance results fo8-QAM transmis-
sion in a Turbo coded system setup. Results provided are foFig. 5 provides performance results for the same setup and
the B-Chase detection family, the M algorithm, the PSC#he same classes of algorithms, BdtQAM transmission and
algorithm and the LFSD. For the B-Chase detection famillightly different configurations for the PSCA and the LFSD
results are given for BLAST-ordered DF, B-Chéfg and algorithm. The performance gap between the PSCA and LFSD
the PD/B-Chasg))/FSD. For the M algorithm results areapproaches relative to the several cases of the B-Chase and M
provided for the case8/ =b =2 andM = b = 4. detection algorithms is even wider than in Fig. 4. The soft-

For the PSCA and LFSD algorithms results are provided foutput PD is performing quite well, at the expense of having
the representative cases outlined in Table IV-C. Resudt:iat to compute64 branch metrics in the first detection layer.
provided for the SFSD approach, because it is not a single+ig. 6 provides a performance-complexity plot for a coded
pass detection algorithm. Note that this algorithm could Bex 4 MIMO system in Rayleigh fading undd6-QAM and
converted to single-pass by using a slightly suboptimal #5C64-QAM transmission. The subscript is used to denote that
like approach. The complexity of such an approach wouttle displayed vector corresponds to the configuratiorb of
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For the coded case we observe that in order to achieve better
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El

[10]

(11]

[12]

[13]

performance it is necessary to use either LFSD or PSGH!
detection, although the PSCA algorithm achieves an opeyati

point much lower on the complexity axis relative to the LFSO15]
This is due in part to the fact that the PSCA algorithm is

interested in obtaining, if possible, only the bits relavem
the MaxLogMAP approximation and the LFSD is interesteid6]
in obtaining candidate vectors which are close in Euclidean
distance to the received vector.

VI. CONCLUSIONS

[17]

In this contribution, we presented a fixed complexity framets]
work for breadth-first tree search detection in MIMO sys-
tems. Existing approaches for fixed-complexity breadtkt—fir[lg]
detection were placed into this framework and a performance

complexity analysis was performed. Results showed th
amongst hard-output detection schemes, B-Chase detec

f

was the most desirable approach. Amongst soft-output detec
tion schemes the PSCA and LFSD algorithm were shown 3!
be viable options, but the PSCA algorithm was shown to have
a more favorable performance-complexity tradeoff.
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