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Abstract—Full-diversity full-rate (FDFR) space-time codes for
open-loop multiple antenna systems achieve both high data rate
and good performance but come with very high decoding com-
plexity. In this paper, we propose a low-complexity adaptive FDFR
design for closed-loop multiple-input multiple-output systems.
With only partial channel subspace knowledge at the transmitter,
we adapt the open-loop FDFR code to the channel to maintain
the special layer structure of the code at the receiver. That special
layer structure enables us to decouple the joint detection over
dimension into individual decoders of dimension ,
where is the number of transmit antennas. This can also be
seen as combining the channel diagonalization with signal diver-
sity rotation. The performance of the proposed scheme is analyzed,
and it is shown that the full diversity property is maintained in the
adaptive design. Adaptive power loading is also incorporated to
further exploit channel state information in term of the knowledge
of the singular values of the channel. The optimal loading schemes
are derived for systems with linear receivers.

Index Terms—Closed-loop, full-diversity full-rate, multiple-
input multiple-output (MIMO), singular value decomposition,
space-time coding.

I. INTRODUCTION

I T IS well established that multiple antenna transceivers are
a key enabling technology that makes reliable high data rate

communication possible through wireless channels. The mul-
tiple antennas installed at both the transmitter and the receiver
create a multiple-input and multiple-output (MIMO) link which
offers spatial diversity as well as multiplexing gain [1], [2]. The
diversity gain can reduce the error rate while multiplexing gain
improves the date rate. Over the past several years, a number of
transmit schemes have been proposed to obtain the advantages
provided by multiple antennas at the transmitter; see, e.g., [1],
[3], [4], and the references therein.
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Among those transmit diversity schemes proposed for
open-loop1 MIMO systems, full-diversity full-rate (FDFR)
space-time coding, which was proposed separately in [5] as
universal space-time coding and in [6], is attractive because
it achieves both high data rate and full diversity gain. For
a quasi-static Rayleigh fading channel with transmit an-
tennas and receive antennas, the FDFR code transmits

symbols per channel use with diversity gain
. However, the rate increase and diversity gain come

at the price of high decoding complexity at the receiver. For
example, when and a quadrature phase-shift
keying (QPSK) constellation is used, the maximum likelihood
(ML) decoding of one FDFR codeword requires a search over

lattice points.
On the other hand, when the transmitter knows full or partial

channel state information (CSI), we have a closed-loop MIMO
system. The CSI available at the MIMO transmitter has been
shown to be very helpful for further optimizing the transmis-
sion scheme to achieve higher link capacity and throughput, im-
prove the signal-to-noise ratio (SNR) at the receiver, and provide
simple means to exploit transmit diversity [7]–[13]. Many prac-
tical systems now take advantage of having some amount of CSI
at the transmitter. Usually, closed-loop MIMO systems can be
accomplished by employing CSI feedback for frequency-divi-
sion duplexing or using reciprocity of the channel in time-divi-
sion duplexing systems.

In this paper, we consider FDFR space-time coding when par-
tial or full CSI is available at the transmitter and aim to use the
transmitter CSI to effectively reduce the decoding complexity
at the receiver and even improve the performance. A low-com-
plexity adaptive design is proposed for FDFR space-time codes.
Because i) the FDFR code matrix has a layer structure such that
every layer only depends on one symbol subblock of length
and ii) every layer is separated in the code matrix, we diago-
nalize the MIMO channel based on the singular value decom-
position. This only requires channel subspace knowledge2 at the
transmitter and involves linear processing at the transmitter and
receiver. We assume . Thus, the special layer struc-
ture in the FDFR codeword is still maintained after transmis-
sion through the channel. This layer structure enables the joint
detection over dimension to be decoupled into indi-
vidual decoders of dimension . This effectively reduces the
decoding complexity for the ML receiver, sphere decoder, and

1Open-loop transmitters are assumed to have no knowledge about instanta-
neous channel conditions.

2Channel subspace knowledge means the knowledge of input singular vectors
of the channel, i.e., the right singular vectors in the singular value decomposi-
tion.
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even the linear receiver. The resulting scheme can be seen as
combined channel diagonalizing and signal diversity rotation
[14], [15], which was first developed for single-input single-
output Rayleigh fading channels. In our scheme, the equiva-
lent fading coefficients are the singular values of the MIMO
channel matrix. The performance analysis shows that the pro-
posed low-complexity adaptive FDFR code still has the full di-
versity property.

When full channel knowledge (mainly the additional knowl-
edge of the singular values of the channel) is available at the
transmitter, further exploitation of CSI is possible through adap-
tive power loading. Since it is intractable to derive the closed-
form optimal power loading coefficients under an ML criterion,
we focus on power loading for systems with linear minimum
mean square error (MMSE) receivers. Several different criteria
are considered for deriving optimal loading solutions. The solu-
tions are similar to the power loading solutions in optimal linear
transceiver designs in [8] and [10]. The resulting scheme can
be alternatively implemented as spatial multiplexing with adap-
tive linear precoding. While most of the adaptive spatial mul-
tiplexing schemes for closed-loop MIMO are optimized under
linear receivers, the main feature of our scheme is the use of
signal diversity rotation matrix in precoding, which promises
full diversity gain when ML or sphere decoding is used.

Throughout this paper, vectors and matrices are denoted by
lower case bold and capital bold letters, respectively. The matrix

is the identity matrix. The operation denotes
expectation, conjugate complex, transpose, and
Hermitian, i.e., conjugate transpose. means the Euclidean
norm, and is the Frobenius norm for matrices.
is a column vector obtained by stacking the column vectors of

, and is a diagonal matrix with elements of on the
diagonal line. is the Kronecker product of matrix and

. We use and as the trace and determinant of
the matrix , respectively, and as the set cardinality. All
random processes are assumed to be zero-mean and stationary.

The outline of this paper is as follows. Section II describes
the signal model and some background information on FDFR
space-time coding. The low-complexity adaptive design for
FDFR codes is proposed and analyzed in Section III. In
Section IV, we discuss the adaptive power loading for linear re-
ceivers under different criteria. Simulation results are presented
in Section V. Section VI contains a concluding discussion.

II. BACKGROUND

In this section, we first introduce the channel model used
throughout this paper. Then we give a brief review of the FDFR
space-time code.

A. Signal Model

Consider a MIMO wireless communication system equipped
with transmit antennas and receive antennas. It is as-
sumed that the channel is flat Rayleigh fading. In other words,
there is no intersymbol interference (ISI) and the signal path
from the th transmit antenna to the th receive antenna can be
represented by a complex fading coefficient with dis-
tributed according to and is independent of
if or . The channel is further assumed to be slowly

time-varying or quasi-static, which means that the channel is
constant during one block of transmission.

When a space-time codeword with dimension is
transmitted in times slots, we have

(1)

where is the received matrix with being
the signal sample on the th receive antenna at time slot and

the channel matrix. denotes
the observation noise, which is assumed to be both spatially and
temporally white and zero-mean complex circular symmetric
Gaussian with variance , i.e., are independent identically
distributed (i.i.d.) as .

The total transmit power of the unscaled codeword is
. It is normalized such that

(2)

Therefore, the average SNR at each receive antenna is SNR
.

B. FDFR Space-Time Codes

Space-time block coding (STBC) is probably the most widely
used transmit diversity scheme for open-loop MIMO systems.
Generally, STBC is a way of mapping a block of complex
symbols from constellation onto a space-time
code matrix of dimension , giving

(3)

Two important properties of a space-time code are i) the rate,
which is defined as symbols per channel use, and
ii) the diversity gain . Under the independent Rayleigh fading
assumption, of a given STBC with ML decoding is given as
[16]

(4)

where

(5)

The maximum achievable for an MIMO system is
.

FDFR space-time coding is an important class of STBC. The
full rate and full diversity mean and

, respectively. It achieves both high data rate and diversity
gain without instantaneous CSI available at the transmitter. In
the following part of this paper, we assume that . Thus,
the rate of the FDFR code considered in this paper is .
The block length of an FDFR code is selected to be , which
makes the code matrix have dimension . To achieve
the full rate ( ), symbols are transmitted via each
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FDFR code matrix. The construction can be summarized in the
following steps.

First, the symbol block of length is split into sub-
blocks with equal length , and each subblock is linear
precoded independently, which gives a length layer symbol
vector , . That is

(6)

and

(7)

where for are the linear precoding
matrices.

Secondly, the space-time code matrix is parti-
tioned into layers, and layer symbol vectors are placed
on each of the layers, respectively, yielding

...
...

...
(8)

where denotes the th element of the . Dividing the
space-time matrix into layers gives a partitioning of the space-
time coder into independent layer codes.

We should remark that in [5] and [6] the positions of a layer
are filled by the entries of the respective layer vector according
to their column order ( , are in the th
column). Here we fill them according to their row order, which
lets , be in the same row. Due to sym-
metry, the resulting codeword is equivalent to the FDFR code-
word in [5] and [6] for open-loop systems. However, this simple
modification will give each symbol subblock the same diagonal
channel (up to a phase rotation) in the proposed low-complexity
adaptive design.

In [5] and [6], the precoding matrices are selected to have the
following form:

(9)

where is an real or complex rotation matrix and
the numbers are chosen to be for some unit
modulous complex number . It was proven in [5] and [6] that
when the rotation matrix meets the nonzero product distance
criterion, i.e.,

(10)

where is the th element in and the number
is selected such that are algebraically inde-

pendent over the algebraic number field that contains the
elements of the rotation matrix [17], the constructed code

achieves full diversity. Several constructions of the rotation ma-
trix were proposed; see [14], [15], and [18] for details. In this
paper, we use the same unitary rotation matrix as in [6], and the
result can be extended to other rotation matrix designs. We as-
sume that the symbols are i.i.d. distributed with unit energy, i.e.,

. Since is unitary, we have for
. The FDFR code meets the power constraint (2)

because

(11)

When the FDFR codeword is transmitted through the channel
, the transmission model (1) can be alternatively expressed in

vector form as

(12)
where is an matrix whose th row

has the form

for (13)

where is the th row of ,
, and is the th row of

defined as

for (14)

According to the vector model in (12), ML decoding can be
used to detect from optimally when the receiver has perfect
channel knowledge. Sphere decoding can also be used directly
[19] and [20], but it is obvious that the complexity of both de-
coders is very high when the number of transmit antennas be-
comes even moderately large due to the fact that the receiver per-
forms joint detection on the set for one FDFR codeword.
The decoding complexity of the ML decoder is . For
the sphere decoder, when is small and the initial radius
is properly selected, the expected complexity is approximately

at medium-to-large SNR [21], [22]. We should mention
that recent results in [23] show that the average complexity of
the sphere decoder is always exponential with the number of
symbols jointly detected, i.e., , where is
an SNR-dependent exponential factor and for high SNR.
Linear receivers, which apply an matrix to esti-
mate the symbols as , can also be used to further reduce
the complexity at the expense of a performance loss. Different
criteria result in different solutions of . In most cases, the cal-
culation involves the inversion of an matrix.

III. LOW COMPLEXITY ADAPTIVE FDFR CODE

Spectral efficiency and full diversity order make the FDFR
code attractive for open-loop MIMO systems. However, we
have seen that the detection of an FDFR code is extremely
computationally intensive. Thus, reducing the decoding com-
plexity is critical to the practical application of an FDFR
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code. By exploiting channel subspace information at the trans-
mitter, we introduce a low-complexity adaptive FDFR code
for closed-loop MIMO systems. With knowledge of the input
singular vectors of the channel at the transmitter and linear
processing at both ends, not only is the decoding complexity at
the receiver greatly reduced but also the error rate is improved.

In the following, we first discuss the layer structure contained
in the FDFR code. Then the low-complexity adaptive FDFR de-
sign is proposed by adapting the open-loop FDFR code to the
CSI at the transmitter.

A. Layer Structure in FDFR Codes

The FDFR code has a very special layer structure. The
elements in the code matrix are divided into layers, each

of which contains elements. Each layer only depends on one
1 symbol subblock, and the layers are nonoverlapping and

have spans in both the spatial and time dimensions.
Let be the matrix that only contains the elements of the

th layer while other entries are set to zero, that is

(15)

where is the Schur–Hadamard product of two matrices with
the same size and , are the permutation ma-
trices given in (14) whose nonzero elements are ones at the po-
sitions of th layer entries in the FDFR code matrix. For example

...
...

...
(16)

The FDFR space-time code matrix can be decomposed into a
summation of such matrices

(17)

It is clear that each layer is fully determined by symbols
in one corresponding symbol subblock instead of the whole
symbols. That is

(18)

These layers are separated in such that

for (19)

where is an 1 vector with all elements equal to one
and is an zero matrix. In addition, each layer
spans both the time and spatial dimensions such that

rank (20)

The special layer structure in the FDFR code matrix partitions
the encoder into multiple independent codes with dimension .

B. Low Complexity Adaptive FDFR Codes

The above analysis shows that if the received signal still has
the layer structure, the FDFR decoder with dimension can be
partitioned into independent decoders each with dimension

. However, the layer structure of the FDFR code is usually
corrupted after transmission through the MIMO channel which
mixes the signal across the spatial dimension. By exploiting CSI
at the transmitter, we aim to keep the layer structure by ap-
propriate linear processing at both the transmitter and receiver.
This will allow the decoding complexity to be reduced through
optimal, but separate, decoding of each of the different layers,
thereby reducing the complexity exponent.

Notice that the layer structure in the code matrix will not
be changed if it is multiplied by any diagonal matrix , that is

(21)

still solely depends on the 1 symbol subblock .
This motivates us to adjust the transmission scheme so that the
effective channel applied on the code matrix is diagonal.

Assuming the channel matrix is full rank, i.e.,
, which is true with probability one for an i.i.d. complex

Gaussian , it has the singular value decomposition (SVD)

(22)

where and are and matrices satisfying

(23)

is diagonal with and
, where is the th singular value of . The columns of

and are also known as the input and output singular vectors,
respectively.

With the input singular vector matrix known at the trans-
mitter, we transmit the linear precoded code matrix instead
of . At the receiver, the received signal matrix is multiplied by
the matrix . The effective input–output relationship is now
given by

where is the transformed received signal and
is the transformed noise matrix.

Since is a diagonal matrix, the layer structure is maintained
in . We can partition into layer matrices according
to the layer structure in such that

for (24)
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Due to the fact that each row and column in is zero except
for one element and is diagonal, we can further simplify (24)
into vector form

(25)

where and are 1 vectors which are obtained by
stacking the nonzero elements in and in the order of
their row index.

Because is a unitary matrix, is still zero-mean circular
symmetric Gaussian noise with variance and white in both
space and time, which means . The FDFR
transmission is decomposed into independent transmission
of , with equivalent channels .
Decoding the whole 1 symbol block from is equiva-
lent to decoding symbol subblock from according to (25),
respectively, for . Also every subblock has the
same error rate performance for a coherent receiver since their
effective channels only differ in a phase factor.

If ML decoding is used, the complexity of the proposed
scheme is , while the open-loop FDFR code has
complexity . For sphere decoding, the expected
complexity is only instead of for
open-loop FDFR code. When the SNR is high enough and the
initial radius is properly selected, its expected complexity is
approximately for adaptive FDFR code and
for the open-loop counterpart. The linear decoder can also be
applied according to the vector model (25). The linear receiver
matrices for each subblock only differ in a phase factor.
Therefore, the complexity of the implementation of a linear
receiver only involves an inverse of an matrix while
the linear receiver for open-loop FDFR code needs to invert an

matrix.

C. Diversity Analysis

In fact, diagonalizing the channel via SVD was previously
proposed for achieving the capacity of closed-loop MIMO [7],
[10]. Usually, channel diagonalization is combined with power
loading and rate allocation in order to maximize throughput. The
proposed adaptive FDFR design can be seen as a combination
of channel diagonalization and constellation rotation to achieve
diversity gain. To evaluate its performance, we consider the pair-
wise error probability (PEP) of subblock , that is,
the probability that the transmitted symbol subblock is erro-
neously decoded as . According to (25), the conditional PEP
of ML decoding can be bounded by the Chernoff bound

(26)

where and are the layer vectors resulted from and ,
respectively. For FDFR design, the layer vector has the prop-
erty that

(27)

which can be directly derived from (10). Therefore, the condi-
tional PEP can be further bounded by

(28)

Since is chi-square distributed with 2 degrees of
freedom under flat Rayleigh fading, the averaged PEP

demonstrates full diversity order .
The full diversity property of the proposed scheme can also

be derived directly from the rank criterion. As we previously
mentioned, the input–output relationship for the proposed low-
complexity adaptive FDFR design is

It has the same performance as transmitting without linear
processing at the receiver3

(29)

Treating as the code matrix, the diversity gain of the
proposed scheme under flat Rayleigh fading and ML decoding
can be found via the rank criterion [16] with

(30)

Due to the fact that is a full rank unitary matrix, we have

(31)

This again shows that the diversity order of our adaptive scheme
is the same as the open-loop FDFR code, i.e., the full diversity
property is maintained. Interestingly though, in the simulation
results presented in Section V, we show that the vector error rate
performance of the adaptive FDFR design is better than that of
the open-loop FDFR code.

D. Spatial Multiplexing Implementation

For open-loop MIMO, spatial multiplexing [24] results in

(32)

where is the 1 vector symbol that is obtained by stacking
of information symbols. With the CSI available at the trans-
mitter, spatial multiplexing can be improved through antenna
selection, linear precoding, power loading, etc. [8], [25]–[30].

3Notice that UUU is semiunitary, which means applying UUU results some in-
formation loss. However, it only destroys the signal null-space and the signal
subspace still forms a sufficient statistics under white noise assumption.



DING et al.: LOW COMPLEXITY ADAPTIVE DESIGN FOR FULL-DIVERSITY FULL-RATE SPACE-TIME CODES 3185

According to (25), the proposed scheme can also be imple-
mented as spatial multiplexing with adaptive linear precoding

(33)

(34)

where (or when the system incorporates
power loading, which will be discussed in Section IV) is the
precoder. The precoder is very similar to the precoder in [8] and
[10], especially when power loading is incorporated. This simi-
larity again confirms the importance of channel diagonalization
for closed-loop MIMO systems. However, the use of the signal
diversity rotation matrix makes our scheme achieve full di-
versity when ML or sphere decoding is used at the receiver.

Remarks: We should especially mention that compared to the
optimal precoder for the class of Schur-convex objective func-
tions [10, (15)], our scheme differs in the following points.

1) Their unitary rotation matrix in [10, (15)] is used to
achieve a mean square error (MSE) matrix with identical
diagonal elements. Therefore, their rotation depends
on the instant CSI but is irrelevant with the symbol con-
stellation. The rotation matrix in our scheme is fixed
for different channel realizations once the constellation is
given.

2) The rotation and the precoder structure in [10] are
derived under a linear MMSE receiver assumption. Their
error rate performance under ML decoding is not guaran-
teed, while our scheme can achieve full diversity order with
ML decoding.

IV. POWER LOADING WITH LINEAR RECEIVERS

In the adaptive scheme proposed in Section III, only partial
CSI (the knowledge of ) is used at the transmitter. In this sec-
tion, we consider adaptive power loading which further uses
the CSI. Special attention is paid to closed-form optimal power
loading solutions of different criteria for adaptive FDFR coding
with the linear MMSE receiver.

A. Adaptive Power Loading

When adaptive power loading is incorporated into the pro-
posed adaptive FDFR scheme, the codeword is first multi-
plied by a diagonal power loading matrix , then linear precoded
by . The resulting transmission model can be expressed as

(35)

where with each being a
positive, real number. The vector transmission model for each
subblock is

(36)

where and are defined as before.
The expected total transmit power of is

(37)

where the second equality comes from the fact that
for , since each is uni-

tary. To keep the transmit power unchanged, the power loading
coefficients should satisfy the following power constraint:

(38)

Notice that the phase factor does not affect the per-
formance. Therefore, we focus on the vector model (36) for the
first symbol subblock to derive the optimal power loading ma-
trix for notation simplicity. The underscript is also omitted when
there is no confusion. When ML decoding or sphere decoding
is used for (36), the receiver finds , which minimizes

(39)

Since it is difficult to derive a closed-form expression for the
probability of error, one common approach is to consider the
receive minimum distance of the multidimensional con-
stellation , which is given by

(40)

From , we can get an adequately tight prediction of the
probability of error for large SNR by the union bound technique.
Therefore, for a system with an ML receiver, one natural way
of finding the optimal power loading matrix is to solve the fol-
lowing optimization problem:

(41)

with power constraint (38).
Deriving a closed-form solution to (41) is difficult since it

involves a max-min optimization and the minimum distance
depends on the constellation. When the constellation size in-
creases, it becomes mathematically intractable.

B. Optimal Power Loading for Linear MMSE Receiver

When a linear receiver is used, an matrix , chosen
according to some criterion, is applied to the to generate an
estimate of the transmitted according to

(42)

Under most of the criteria, the linear receive matrices for other
symbol subblock only differ from by a phase factor. We focus
on the widely used MMSE criterion to design for given and

according to (25). This results in the MMSE receiver

(43)
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The MSE matrix with linear MMSE receiver can be written into

MSE

After simplification, we have

MSE
where

1) Minimizing MSE : We first derive the optimal that
minimizes MSE . This criterion was considered in previous
works [8], [10] to improve the overall system performance.
Since is unitary, MSE . Finding the optimal
can be formulated into the following optimization problem:

with constraint .
The problem can be solved with Lagrange multiplier. The

optimal power loading solution is

where is the number of positive . This has a water-
filling explanation and is similar to the power loading in MIMO
linear transceiver design that minimizes MSE [8], [10].

2) Minimizing MSE : When the object function is
MSE , the resulting optimization problem is

with constraint .
Since all the elements in the product are positive numbers, we

can optimize the logarithm of the object function which gives
the closed-form solution

(44)

where is again the number of positive .
3) Maximizing Capacity: The system capacity (or mutual

information) has also been widely used as a precoder or power
loading criterion. The mutual information of transmission
model (36) for a given channel is

(45)

Fig. 1. Vector error rate versus SNR forN = N = 2 independent Rayleigh
fading channel, QPSK, and sphere decoding.

Because the mutual information is connected with the MSE ma-
trix according to

MSE (46)

the optimal which maximizes the capacity is the same
as the solution given in Section IV-B2.

Remarks: Our power loading solutions are very similar to
power loading in optimal MIMO linear transceiver designs [8],
[10]. This means that when linear receivers are used, our scheme
is almost equivalent to those linear transceivers since the uni-
tary rotation does not affect the performance under linear
receivers. When ML or sphere decoding is used, the precoder in
our scheme enables the system to achieve full diversity order.

V. SIMULATION RESULTS

In this section, we present several numerical examples to il-
lustrate the performance of the proposed scheme. In all simula-
tions, the SNR is defined as SNR . For FDFR
codes, the vector error rate means the probability of error de-
coding of subblocks (or layers) which has the same dimension
as the symbol vector in uncoded VBLAST. For a given SNR, the
error rates are obtained by averaging over at least 20000 channel
realizations.

We first examine the performance of the adaptive FDFR
scheme without power loading. In Fig. 1, we consider an

, MIMO channel with a QPSK constellation.
The vector error rate performance of the adaptive FDFR code
is plotted and compared with the open-loop FDFR code and
the VBLAST scheme [24]. All these curves are obtained using
sphere decoding at the receiver. We observe from Fig. 1 that
the adaptive FDFR code has the same slope as the open-loop
FDFR code but adds approximately a 0.8 dB gain at an error
rate of 10 . Note that the decoding complexity of the adaptive
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Fig. 2. Vector error rate versus SNR forN = N = 4 independent Rayleigh
fading channel, QPSK, and sphere decoding.

FDFR transmissions is only the same as VBLAST with sphere
decoding which has much worse performance because the
maximum achievable diversity for uncoded VBLAST is only

.
The results shown in Fig. 2 are for an , MIMO

channel still with a QPSK constellation and sphere decoding.
Similarly, the adaptive FDFR code provides over a 0.6 dB gain
over open-loop FDFR coding. The results for a 16 quadrature
amplitude modulation (QAM) constellation with an ,

MIMO channel and sphere decoding are given in Fig. 3.
We can see that the adaptive FDFR code still performs better
than open-loop FDFR codes, while its performance gain is not
as large as the previous two cases.

Instead of independent fading MIMO channels, we also sim-
ulated the adaptive FDFR scheme for MIMO channels with spa-
tial fading correlation. Fig. 4 gives the performance of adaptive
FDFR codes, open-loop FDFR codes, and uncoded VBLAST
with sphere decoding under 2 2 and 4 4 spatial correlated
channels using a QPSK constellation. In the simulations, the
spatially correlated channels are generated with receiver corre-
lation and transmit correlation according to the model
given in [31] as

(47)

Fig. 3. Vector error rate versus SNR forN = N = 4 independent Rayleigh
fading channel, 16-QAM, and sphere decoding.

Fig. 4. Vector error rate versus SNR for 2� 2 and 4� 4 spatial correlated chan-
nels with QPSK and sphere decoding.

where is a matrix whose entries are i.i.d. dis-
tributed and is the Hermitian square root of a matrix.
The correlation matrices for the 4 4 MIMO are chosen to be
the measured correlation matrices under microcell scenario in
[31]. They are shown in (48) and (49) at the bottom of the page.
For the 2 2 MIMO channel, the receive and transmit correla-
tion matrices are selected to be the upper left 2 2 submatrix

(48)

(49)
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Fig. 5. Vector error rate of power loading schemes for 2� 2 independent
Rayleigh fading channel, QPSK, and an MMSE receiver.

Fig. 6. Vector error rate of power loading schemes for 4� 4 independent
Rayleigh fading channel, QPSK, and an MMSE receiver.

of (48) and (49). The adaptive FDFR coding still has the best
performance while keeping the same decoding complexity as
VBLAST.

Finally, we consider the introduction of power loading under
linear MMSE receivers. Figs. 5 and 6 show the performance
of the MSE loading and MSE loading with
QPSK constellation and MMSE receivers for 2 2 and 4 4
MIMO respectively. The performance of adaptive FDFR and
VBLAST using linear MMSE receivers are also plotted for
comparison. We can see that power loading according to the

MSE criterion further improves the vector error rate
of adaptive FDFR. However, the MSE criterion
results in a performance worse than equal power loading. This
is because the MSE criterion, which maximizes
the system capacity, should be combined with adaptive rate
modulation to achieve the highest data rate for a given SNR.
Therefore, when used with a fixed constellation, it does not
provide any error rate advantage.

From these simulations, we see that the adaptive FDFR de-
sign without power loading achieves the full diversity order
with an additional SNR gain over open-loop FDFR codes but
only has the decoding complexity of VBLAST with sphere de-
coding. Also, power loading can further improve the perfor-
mance without the increase of complexity by exploiting more
channel knowledge.

VI. CONCLUSION

In this paper, a low-complexity adaptive FDFR code for
closed-loop MIMO systems is proposed. Knowing the input
singular vector information of the channel at the transmitter,
we diagonalize the channel with linear processing so that the
decoding complexity at the receiver is greatly reduced through
decomposing the joint detection into separate decoding of sub-
blocks (or layers) while the diversity gain is maintained. The
performance can be further improved by incorporating power
loading adaptive to the singular values of the channel. Several
power loading schemes for different criteria are considered, and
we give the closed-form optimal loading solutions under linear
MMSE receiver for given criteria. The transmission scheme can
also be implemented as spatial multiplexing with precoding,
which leads to a full diversity adaptive spatial multiplexing
scheme.

In the future, it is of interest to extend the results to those
codes achieving the optimal diversity versus multiplexing
tradeoff of MIMO channels such as [32]. Also more research
is needed on obtaining a tighter lower bound of the error
probability especially for the correlated channel situation.
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