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Abstract—In this paper, we present a low-complexity, near maxi-
mum-likelihood (ML) performance achieving detector for large
MIMO systems having fens of transmit and receive antennas.
Such large MIMO systems are of interest because of the high
spectral efficiencies possible in such systems. The proposed de-
tection algorithm, termed as multistage likelihood-ascent search
(M-LAS) algorithm, is rooted in Hopfield neural networks, and
is shown to possess excellent performance as well as complex-
ity attributes. In terms of performance, in a 64 x 64 V-BLAST
system with 4-QAM, the proposed algorithm achieves an un-
coded BER of 107 at an SNR of just about 1 dB away from
AWGN-only SISO performance given by Q(v/ SN R). In terms
of coded BER, with a rate-3/4 turbo code at a spectral efficiency
of 96 bps/Hz the algorithm performs close to within about 4.5 dB
from theoretical capacity, which is remarkable in terms of both
high spectral efficiency as well as nearness to theoretical capac-
ity. Our simulation results show that the above performance is
achieved with a complexity of just O(N;N,.) per symbol, where
N; and N,- denote the number of transmit and receive antennas.

I. INTRODUCTION

MIMO techniques have become popular in realizing spatial
diversity and high data rates through the use of multiple trans-
mit antennas [1]. We consider large MIMO systems with
tens of transmit and receive antennas, which are of interest
due to the high spectral efficiencies possible in such systems.
The key issues in realizing large MIMO systems include low-
complexity detection, channel estimation, and communica-
tion terminal size to accommodate large number of anten-
nas. We address the issue of low-complexity detection in
large MIMO systems here. More recent approaches to low-
complexity multiuser detection and MIMO detection involve
application of techniques from belief propagation [2], neu-
ral networks [3],[4], Markov chain Monte-Carlo methods [5],
probabilistic data association [6], etc. Detectors based on
these techniques have been shown to achieve an average per-
bit complexity linear in number of users, while achieving
near-optimal performance in large multiuser CDMA system
settings. These powerful techniques are increasingly being
adopted in MIMO detection. In [4], we presented a Hopfield
neural network based likelihood ascent search (LAS) algo-
rithm for large MIMO detection; we showed that the LAS
detector achieves near-rAWGN SISO performance in a large
MIMO setting with hundreds of antennas, while performing
close to within 4.6 dB from theoretical capacity.

Our present work here on multistage LAS (M-LAS) detector
differs from that in [4] in two key aspects, namely, ¢) while
the LAS algorithm in [4] operates only on 1-symbol updates
in each search step, in the present M-LAS algorithm we de-
vise a low-complexity multiple symbol update strategy that
results in improved performance compared to that of LAS in
[4] with a small increase in complexity, and 4¢) in addition,
we present a method to generate soft bit values from the M-
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LAS output vector to be fed as input to the turbo decoder; soft
bit values generation method is not available in [4]. Our sim-
ulation results show that the M-LAS detector achieves near
AWGN SISO performance even with tens of antennas, while
the LAS needed hundreds of antennas to achieve near AWGN
performance. This performance advantage of M-LAS over
LAS in the regime of tens of antennas has interesting prac-
tical implications, as tens of antennas can be easily placed
in moderately sized communication terminals (e.g., laptops)
enabling large MIMO systems to be viable in practice. With
an outer turbo code, the M-LAS is shown to perform close to
within about 4.5 dB from theoretical capacity.

II. SYSTEM MODEL
Consider a V-BLAST system with [V; transmit antennas and
N, receive antennas, Ny < N,., where N; symbols are trans-
mitted from /V; transmit antennas simultaneously. Let x. €
CNt*1 be the symbol vector transmitted. Each element of
X, is an M-PAM or M-QAM symbol. M-PAM symbols
take discrete values from {4,,,m = 1,2,---, M}, where
Ay = (2m — 1 — M), and M-QAM is nothing but two
PAMs in quadrature. Let H, € CN»*"t be the channel gain
matrix, such that the (p, ¢)th entry h,, 4 is the complex chan-
nel gain from the gth transmit antenna to the pth receive an-
tenna. Assuming rich scattering, we model the entries of H,
as i.i.d CN(0,1). Lety. € CN"*! and n, € CN*! denote
the received signal vector and the noise vector, respectively,
at the receiver, where the entries of n. are modeled as i.i.d
CN (0, 0?). The received signal vector can then be written as

Ye = chc + nec. (1)

Let y., H,, x., and n. be decomposed into real and imagi-
nary parts as follows:

Ye=YI +JyQ7
n.=ny +ana

X. = X1 + JXq,
H.=H; + jHq. 2

Further, we define H, € R2N-x2Nt v ¢ R2N-X1 x ¢
R2Nex1 and n, € R2N-*1 a5

_( Hr —Hg
H/"_ < HQ H[ >7

Yr = [Y? yg]Ta Xp = [X? Xg]Ta n, = [n? nC’S]T‘ 3

Now, (1) can be written as
Yr = H,x, +n,. (4)
Henceforth, we shall work with the real-valued system in (4).
For notational simplicity, we drop subscripts r in (4) and write
y = Hx + n, )

where H = H,. € RHV-x2Nt g — v ¢ R2VX1 x = x, €
R2Nex1 and n = n, € R2V-*1 With the above real-valued
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system model, the real-part of the original complex data sym-
bols will be mapped to [z1, - - -, z,] and the imaginary-part of
these symbols will be mapped to [zn,+1,- -, z2n,]. For M-
PAM, [zN,+1," -, T2n,] Will be zeros since M -PAM symbols
take only real values. In the case of M-QAM, [z1, -, znN,]
can viewed to be from an underlying M-PAM signal set and
0 is [n,+1, "+, Z2n,]. Let A; denote the M-PAM signal
set from which x; takes values, ¢ = 1,2,---,2N,;. For ex-
ample, for 4-PAM, A; = {-3,-1,1,3}fori =1,2,---, N,
and A; = {0} fori = Nyy1, - -+, 2N;. Similarly, for 4-QAM,
after transforming the system into an equivalent real-valued
system, A; = {1,—1} fori = 1,2,---,2N;. Now, define a
2 N;-dimensional signal space S to be the Cartesian product
of A; to Agy,. The ML solution vector, d sz, is given by

arg min
desS

arg min

—Hd|?*=
lly I des

dyr =
whose complexity is exponential in /N;. We present a low-
complexity high-performance detection algorithm next.

III. PROPOSED M-LAS DETECTOR

The proposed M-LAS algorithm essentially consists of a se-
quence of likelihood-ascent search stages, where the likeli-
hood increases monotonically with every search stage. Each
search stage consists of several iterations, where we update
one symbol per iteration such that the likelihood monoton-
ically increases from one iteration to the next until a local
minima is reached. Upon reaching this local minima, we try
a 2-symbol and/or a 3-symbol update in order to further in-
crease the likelihood. If this likelihood increase happens, we
initiate the next search stage starting from this new point. The
algorithm terminates at the stage from where further likeli-
hood increase does not happen.

The M-LAS algorithm starts with an initial solution d(®),
given by d(©) = By, where B is the initial solution filter,
which can be a matched filter (MF) or zero-forcing (ZF) filter
or MMSE filter. The index m in d(™) denotes the iteration
number in a given search stage. The ML cost function after
the kth iteration in a given search stage is given by

c® = a® HTHA® — 2y"HA®). 7

Each search stage would involve a sequence of 1-symbol up-
dates followed by a 2 and/or a 3 symbol update.

A. One-Symbol Update

Let us assume that we update the pth symbol in the (k + 1)th
iteration; p can take value from 1,---, N; for M-PAM and
1,---,2N, for M-QAM. The update rule can be written as

d+D) — gk) 4 )\E,k)ep, ®)

where e, denotes the unit vector with its pth entry only as one,
and all other entries as zero. Also, for any iteration k, d®
should belong to the space S, and therefore )\,(,k) can take only
certain integer values. For example, in case of 4-PAM or 16-
QAM (both have the same signal set A, = {—3,—1,1, 3}),
Aék) can take values only from {—6,—4,—2,0,2,4,6}. Us-
ing (7) and (8), and defining a matrix G as

G £ H'H, 9)
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d"H"Hd - 2y"Hd, (6)

we can write the cost difference ACK+! £ ¢k _ 09 a5
ACHT =A@y~ DA

where h,, is the pth column of H, z*) = H (y — Hd™®), 25
is the pth entry of the z(*) vector, and (G),,, is the (p, p)th

entry of the G matrix. Also, let us define a,, and l,()k) as

ap = (G)pp, I =AF). (10)
With the above variables defined, we can rewrite (10) as
AC’S"'1 lék) ap — 2l1(,k) \zz(,’“)| sgn(/\;k)) sgn(zz(,’“))7 (11)

where sgn(.) denotes the signum function. For the ML cost
function to reduce from the kth to the (k + 1)th iteration, the
cost difference should be negative. Using this fact and that a,,
and l,g,k) are non-negative quantities, we can conclude from
(11) that the sign of /\Z(,k) must satisfy
sgn(Az(,k)) = sgn(zz(,k)). (12)
Using (12) in (11), the ML cost difference can be rewritten as
A 2
FRy = Ackt = 1 a, — 220 (13)
For F(1$*)) to be non-positive, the necessary and sufficient
condition from (13) is that “
k
w o 2l (14)
ap
However, we can find the value of l,(,k) which satisfies (14) and

at the same time gives the largest descent in the ML cost func-
tion from the kth to the (k 4 1)th iteration (when symbol p is

updated). Also, l,(,k) is constrained to take only certain integer
values, and therefore the brute-force way to get optimum ll(,k)
is to evaluate 7(1%") at all possible values of l,(,k). This would
become computationally expensive as the constellation size
M increases. However, for the case of 1-symbol update, we
could obtain a closed-form expression for the optimum lj(gk)
that minimizes F (l;,k)), which is given by
k

e = 2 {%1 (15)
where |.] denotes the rounding operation. If the pth symbol
ind®, ie., dz(,k), were indeed updated, then the new value of
the symbol would be given by

QD = ) 4 B sgn(z0), (16)
However, JI(,,IC“) can take values only in the set A, and there-

fore we need to check for the possibility of oil(,kﬂ) being
greater than (M — 1) or less than —(M — 1). If J;,Hl) >
(M —1), then lz(,k) is adjusted so that the new value of ciz(,kH)
with the adjusted value of l,(,k) (using (16)) is (M — 1). Sim-
ilarly, if d"™) < —(M — 1), then 1" is adjusted so that
the new value of JZ(,HI) is —(M —1). Thatis, if d~§,k+l) >
(M — 1), the adjustment equation is

k k k)Y ( G0k
19 = 1) —sgn(2M) (dF) — (M - 1)), (17)
o 3(kt1) . o
and if d;, < —(M — 1), the adjustment equation is

19 = 1) —sgn(zM) (dF ) + (M - 1)). (18)
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Let Z;’fgpt be obtained from l,ﬂ’fgm by using the adjustment
equations (17) and (18). It can be shown that if ]—'(lé’f)pt) is

non-positive, then F (l;(,'fgpt) is also non-positive. We compute

Fliaps ¥ p =L+ 2i, Now, given #(0,3,.). ¥l
_ arg;nln f(i,()]fc).pt)~ (19)
If 7(I{"),.) < 0, the update for the (k + 1)th iteration is
4+ d® 4 lglfo)pt sgn(z{") ey, (20)
S(E+) 25 _ li’ﬁfpt sgn(zM) g.. 3))

where g; is the sth column of G. The update in (21) follows
from the definition of z(*) in (10). If .7-'(l~<k> ) > 0, then

s,opt
the 1-symbol update search terminates. The Iziata vector at
this point is referred to as ‘1-symbol update local minima’.
After reaching the 1-symbol update local minima, we look for
a further decrease in the cost function by updating multiple

symbols simultaneously.

B. Why Multiple Symbol Updates?

The motivation for trying out multiple symbol updates can
be explained as follows. Let Lx C S denote the set of data
vectors such that for any d € Lk, if a K-symbol update is
performed on d resulting in a vector d’, then ||y — Hd'|| >
|ly — Hd||. We note that dpp, € L, VK = 1,2,--+, 2Ny,
because any number of symbol updates on d s, will not de-
crease the cost function. We define another set Mg = ﬂJK:I L;.
Note that dprr, € Mg, VK = 1,2,---,2N;, and Moy, =
{davL}, i.e., Moy, is a singleton set with djsz, as the only
element. Also, |[Mg41] < [Mg|, K = 1,2,---,2N; — 1.
Foranyd € Mg, K = 1,2,---,2N; and d # djsz, it can
be seen that d and dj,;, will differ in K + 1 or more loca-
tions. Since dps;, € Mk, and [M | decreases monotonically
with increasing K, there will be lesser non-ML data vectors
to which the algorithm can converge to for increasing K. In
addition, at moderate to high SNRs, dj;;, = x with high
probability. Therefore, the separation between any d € Mg
and x will monotonically increase with increasing K with
high probability. Therefore, the probability of the noise vec-
tor n inducing an error would decrease with increasing K.
This indicates that K -symbol updates with large K could get
near to ML performance. However, the overall complexity
with up to K-symbol simultaneous updates allowed would
be of order O(N[E). So, in order to limit the complexity to
O(N?) per symbol, we restrict the updates to K = 3. Since
only up to 3-symbol updates are considered in the proposed
algorithm, it follows that the algorithm would always con-
verge to a data vector in M.

C. Two-Symbol Update
Let us consider 2-symbol update in this subsection. Let us
assume that we update the pth and gth symbols in the (k +
1)th iteration; p and ¢ can take values from 1, - - -, N; for M-
PAM and 1,---,2N; for M-QAM. The update rule for the
2-symbol update can be written as

d* ) = a® 4 AWe, + A\Pe,. (22)
For any iteration k, d®) should belong to the space S, and
therefore )\;k) and )\ék') can take only certain integer values.

In particular, \S” € A% and A € AN 1f A, is the M-
PAM signal set, then A;S,k) 2 {z|(z + dl(;k)) € A,z # 0},
and so is the definition for A((]k>. Here, dém refers to the pth
symbol in the data vector d*). For example, both 4-PAM
and 16-QAM will have the same set A, = {-3,—1,1,3},
and dﬁ,k) is -1, then Ag,k) = {—2,2,4}. Similar definitions can
be obtained for non-square M-QAM signal sets as well.

If the symbols were updated as given by (22), then using (7),
we can write the cost difference function ACEH (AL A £
O+ _ 0k a5
ACEE AP AR) = A Gy + A (G)g

+ 20N (@), g — 2020 —2xlR (0 (23)
where A € A and A} € ALY, We can write this com-
pactly as (A%, A7) € AlF) where A,(fg denotes the Cartesian
product of Afgk) and Agk). For a given p and ¢, in order to de-
crease the ML cost function, we would like to choose a pair
(A A such that ACKE! given by (23) is negative. If mul-
tiple pairs exist for which ACET! is negative, we choose the
pair which results in the most negative value of AC}T!.

Unlike 1-symbol update, for 2-symbol update ACKF! EYRIPY)
in (23) is a function of two discrete valued variables, and so we
do not have a closed-form expression for (A;’fgpt, /\g’fgpt). Con-
sequently, a brute-force method is to evaluate ACE % (ALY, A(P)

over all possible values of ()\ék)7 )\gk) ), i.e.,

NG

k
(>‘( ) q,opt) =

'p,opt?

arg min el s (K) (K
(A0 30 ¢ a0 AT A 24)

We denote the minimum value of the ACK 1 (A;k), A((Ik)) ob-
tained from the above minimization as
k+1 AN k+1 0y () (k)
Acp;,opt - ACP,Z ()‘p,oph )‘q,opt)' (25)
The computational complexity in (24) O(M?) for M-PAM
and O(M) for M-QAM. Approximate methods can be adopted
to solve (24) using lesser complexity. One such method which
can give closed-form expression for the solution is as follows.
The cost difference function in (23) can be rewritten as
k+1 0y (k k)y — AT k BT, (k
ACET AR ARy = AR, AR — 2 AR 5 (k)

P,q p.ar (20)
where AY) £ DAY and 287) 2 [P 2] 7. Also, F,,€
R2%2 is the 2 x 2 sub-matrix of G containing only the el-

ements in the pth and qth rows and columns. Therefore,

AN VAN AN
(Fp,q)l,l = (G)p,pa (Fp,q)1,2 = (G)p,qv (Fp,q)Zyl = (G)q,p:

and (F,q)2.2 = (G)g,q. Since AC}’,fj;l(/\;(,k), AR s a strictly
convex quadratic function (the Hessian F,, 4 is always posi-
tive definite), a unique global minima exists, and is given by

Ay =Foa 2y @7
However, the solution given by (27) need not lie in Al(,lfq),, and,
therefore, we first round-off the solution to the nearest ele-
ments in A, ,, where A, , is the Cartesian product of A, and
A4. We do the rounding as follows

NG A (K
AL = Q{O.SAI(,A. (28)

In (28), the operation is done element-wise since ]Xl(,lfq) isa

vector. Further, let A% = EAEIT 1t is possible that
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the solution K;,kg in (28) need not lie in Agfg. This would
result in d,(JkH) ¢ A,. For example, if A, is M-PAM, then
AT ¢ AL ifdP + 3 > (M - 1),
propose the following adjustment to //\\g,k) :

S0 (M—1)— d . when AP 4+ d > (M —1)
P —(M = 1) —d, when A% +dlF) < —(M —1)

In such cases, we

(29

Similar adjustment is done for X,(Ik) also. After these adjust-
ments, we are guaranteed that A7) € Al%). We can therefore

evaluate the cost difference function value as ACH ! (X,(,k), Xék)).

It is noted that the complexity of this approximate method
does not depend on the size of the set Agg, i.e., it has constant
complexity. Through simulations, we have observed that this
approximation results in a performance close to that of the

brute-force method.

We define the optimum pairs, (7, s) from the brute-force method

and (7, §) from the approximate method, respectively, as
arg min

(r,s) = (0. ) ACS;}OW, (30)
and - argmin_ iy (k) (k)
(7,8) = ACTT (A, A7) 31

(p.q)
The corresponding minimum values of the cost difference
functions are given by

A
g ACHY = ACKT 32)
ACHEL 2 ACKH R AW, (33)

The update rule for the z(¥) vector is given by

z(k+1) z*) — ()\fgmgr + Agﬁzﬂtgs) (34)
q(k+D) ad® + A" e, + A" e, 35)
for the brute-force method, and
LD k) (’)\\Sﬁk)gﬁ +X§k)gg) (36)
d(k+D) d® 4 (ng)ef + ng)eg) (37

for the approximate method. A similar procedure can be de-
vised for the 3-symbol update also. The complexity of the
M-LAS algorithm can be shown to be O(N; N,.) per symbol
(we do not present the details of the 3-symbol update and the
complexity analysis here due to page limit).

IV. BER PERFORMANCE OF THE M-LAS DETECTOR

A. Uncoded M-LAS Performance

Performance as a function of increasing Ny=N,: In Fig. 1,
we present the uncoded BER performance of the proposed
M-LAS detector for different values of N; = N,. and 4-QAM
obtained through simulations. MMSE filter is used as the
initial filter. We label the M-LAS detector with MMSE ini-
tial filter as ‘MMSE-MLAS’ in all the figures. MMSE filter
(without M-LAS) performance as well as AWGN-only SISO
performance are also plotted for comparison. In generating
the plots in Figs. 1 and 2, perfect channel knowledge is as-
sumed at the receiver. From Fig. 1, it can be observed that the
performance of the proposed MMSE-MLAS improves with
increasing Ny = NN, such that for N; = N,. = 64 it achieves
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Fig. 1. Uncoded BER performance of the proposed M-LAS detector for
different values of Ny = N,.. MMSE initial filter. 4-QAM. BER improves
with increasing Ny = Ni..

an uncoded BER of 1072 at just 1 dB away from the AWGN-
only SISO performance. With N; = N,. = 128 and 256, the
MMSE-MLAS performance moves even closer to the AWGN
performance (to within 0.5 dB). This is an impressive result
which illustrates the ability of the proposed MMSE-MLAS to
achieve single-antenna AWGN performance even in a large
multi-antenna setting, essentially removing ‘almost’ all the
spatial interference from other antennas.

M-LAS versus LAS: We further point out that the LAS de-
tector we presented in [4] also achieves near-rAWGN perfor-
mance, but only when the number of antennas are very large
(of the order of several hundreds). Whereas, a key advantage
of the present M-LAS detector is that it is able to achieve
near-rAWGN performance even with tens of antennas (e.g.,
N; = N, = 64). This observation is illustrated in Fig. 2,
where we compare the performance of the MMSE-MLAS
with that of the MMSE-LAS in [4] (i.e., LAS with MMSE
initial filter), for Ny = N, = 64,32 and 4-QAM. It can
be seen that MMSE-MLAS outperforms MMSE-LAS. This
performance improvement is due to the 2- and 3-symbol up-
dates performed in M-LAS, in addition to the 1-symbol up-
dates performed in LAS. As pointed out earlier, the 2- and 3-
symbol updates in M-LAS increase the complexity a little, but
the average per-symbol complexity (defined as total complex-
ity divided by the total number of symbols, ;) still remains
as O(N¢N,). The performance advantage of M-LAS over
LAS in the regime of tens of antennas has interesting prac-
tical implications, as tens of antennas can be easily placed
in moderately sized communication terminals (e.g., laptops)
enabling large MIMO systems to be viable in practice.

B. Turbo Coded M-LAS Performance

We evaluated the coded BER performance of the M-LAS de-
tector without and with channel estimation errors. In [4], hard
decision data output from the LAS detector (i.e., 1 valued
data output vector) was fed to the turbo decoder. However,
performance can be improved if soft output values can be
generated and used instead. Consequently, here we propose a
method for generating soft output from M-LAS.

Soft Bit Values Generation: We generate soft values at the
M-LAS output for all the individual bits that constitute the
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modulation symbols (M -PAM/M-QAM) mounted on all the
transmit antennas as follows. These soft output values are fed
as inputs to the turbo decoder. Letd = [Z1, 22, -+, Tan,], T; €
A; denote the detected output vector from the M-LAS algo-
rithm. Let Z; map to the bit vector b; = [b;.1, b2, -, bi.x;]7,
where K; = log, |A;|, and b; ; € {+1,—1}, 4 =1,2,---, 2N,
and j = 1,2,---,K;. Let I;” € R denote the soft value
for the jth bit of the ith symbol. Given d, we need to find
bi,j7 V(Zaj)
Now, define vectors b?* and b~ to be the b; vector with its
jth entry forced to +1 and -1, respectively. Let b!* and b}~
demap to =" and z~, respectively, where 2/, 27~ € A
Also, define vectors d!* and d~ to be the d vector with its
ith entry forced to x *and x]™, respectively. Using the above
definitions, we obtain the soft output value for the jth bit of
the ¢th symbol as
ly — Hd | — ||y - Hd!*|?
[[hi][? '
The RHS of the above equation can be efficiently computed
in terms of the known variables z and G as follows. Since
d’* and d’~ differ only in the ith entry, we can write

dl” = &+ e (39)
Since we know dZ " and dz *, we know Ai,; from (39). Sub-
stituting (39) in (38), we can write
big Ibill” = [ly —Hd]" — Xishi]l” — [ly — Ha]"||*

= il = 2ah! (v - BT @0)

= —Alhil? = 2ah] (v - Hal D). @D
If b; ; = 1, then d{+ = d and substituting this in (40) and
dividing by ||h;||2, we get

~ 2 Zi

On the other hand, if b; ; = —1, then dg ~ = d and substitut-
ing this in (41) and dividing by |/h; %, we get

bi; =

(3%

2

bij = —Aij

Zi
—2\ij m (43)
It is noted that z and G are already available upon the termi-
nation of the M-LAS algorithm, and hence the complexity of
computing Z;L 7 in (42) and (43) is constant. Hence, the over-
all complexity in computing the soft values for all the bits is
O(N¢ log, M). We also see from (42) and (43) that the magni-
tude of BL ;j depends upon J; ;. For large size signal sets, the
possible values of \; ; will also be large in magnitude. We
therefore have to normalize l~)i, ; for the turbo decoder to func-

tion properly. It has been observed through simulations that
Aij
2

Coded BER Results: Figure 3 shows the rate-3/4 turbo coded
BER of'the M-LAS detector for N; = N,. = 64,128, 4-QAM
and MMSE initial vector. We have also shown the minimum
SNR required to achieve theoretical capacity fora MIMO sys-
tem with perfect CSI at the receiver, given by [1]

¢ = Flogdet(In, + (y/N)HE")], @4

where 7 is the average SNR per receive antenna. With soft
decision inputs to the turbo decoder, the performance im-
proves by about 1 dB compared to hard decision inputs. With

normalizing 13, j by ( )2 resulted in good performance.
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Fig. 2. Comparison of M-LAS and LAS performance in the tens of anten-
nas regime. Ny = N, = 64,32. MMSE initial filter. 4-QAM. M-LAS
outperforms LAS.
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Fig. 3. Turbo coded BER performance of the proposed M-LAS detector for
Nt = N, = 64 and 128. MMSE initial filter. 4-QAM. Rate-3/4 turbo code.
M-LAS detector performs to within about 4.5 dB from theoretical capacity.

perfect channel knowledge, the M-LAS performs close to
within about 4.5 dB from theoretical capacity. With a Gaus-
sian channel estimation error model, the performance loss in-
curred is only less than a dB for 2% estimation error variance.
We note that we have also adopted the M-LAS algorithm to
decode full-rate non-orthogonal STBCs from division alge-
bras [7], achieving near-capacity performance [4].
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