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Abstract—Channel estimation and data detection constitute
a pair of pivotal modules in multiple-input multiple-output
(MIMO) communication systems, where achieving accurate chan-
nel estimation is particularly important for large-scale MIMO
communications. However, more accurate channel estimation
requires more resources. Hence, we investigate the joint opti-
mization of the channel estimator, transmit precoder and receiver
in large-scale MIMO systems. In contrast to the classic signal
processing philosophy, the joint optimization aims for solving two
equations in the face of realistic channel estimation and data
transmission imperfections. Closed-form solutions are derived
for a pair of schemes. For the first one, the joint optimization
consists of the three procedures of channel estimation, data
estimation and channel refinement. In this method, the estimated
data symbols are also harnessed as pilots, based on which the
channel estimation performance is improved. As for the second
scheme, since data estimation is our final goal and channel
estimation is only an intermediate step, the channel estimation
procedure is substituted into the data estimation regime without
deriving an explicit solution for the estimated channel. Given
our objective of optimizing the data estimation performance, the
channel estimator and data transceiver are jointly optimized, and
the intricate linkages between these two methods are discussed.
Finally, several numerical results are provided for demonstrating
the performance advantages over the traditional designs.

Index Terms—Joint optimization, robust transceiver design,
channel estimation refinement, and MIMO communications.

I. INTRODUCTION

The performance of pilot-aided multiple-input multiple-
output (MIMO) communications critically depends on that of
channel estimation and data detection [1]-[7]. In the channel
estimation procedure, the pilots are transmitted from the source
to destination for estimating the MIMO channel state infor-
mation (CSI) harnessed for data estimation [8]-[10]. Hence,
it is plausible that accurate CSI is an important premise to
guarantee spectral-and power-efficient MIMO communications
[11]-[16].
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Below we briefly highlight the development of pilot-aided
MIMO communications. The most naive design relies on
assuming that the estimated CSI is perfect and proceeds to
data estimation. Therefore, the channel estimation and data
estimation are decoupled into a pair of independent designs.
This naive technique significantly simplifies pilot-aided MIMO
designs and adequate performance can be guaranteed, provided
that the estimated CSI is accurate enough. Naturally, when
considering the practical limitations during transmissions, like
the coherence time, training interval, etc., the CSI becomes
inaccurate. Robust statistics may be adopted for analyzing the
effects of channel estimation errors and for robust transceiver
optimization in the face of channel errors [17]-[19]. In this
category, there is an abundance of literature on robust MIMO
transceiver designs conceived for different system models or
error models [20]-[23]. Regarding the robust designs or the
joint optimization of the pilots and the transmit precoder
(TPC), the kernel idea behind them is to take the effects of
channel estimation errors into account in data transmissions.
The alternative concept of decision-directed channel estima-
tion is based on exploiting the specific data symbols that
are reliably estimated as pilots in turn. This idea is widely
harnessed in coded communication systems [24]-[27].

In addition, some methods of joint channel estimation and
data estimation were proposed for RIS-assisted communi-
cation systems to strike an attractive trade-off between the
system performance and computational complexity. Specifi-
cally, the authors of [28] discussed channel estimation in RIS-
assisted systems where message passing algorithms are applied
to deal with a large number of unknown parameters. Then,
the authors of [29] extended this scheme to solve the joint
optimization of channel estimation and data recovery. By con-
trast, the authors of [30] proposed a low-complexity channel
estimation and precoder design, aiming for maximizing the
achievable rate of RIS systems.

Throughout the evolution of MIMO technologies, their
operating frequencies gradually increased and the dimension-
ality of antenna arrays also became much higher [31]-[36].
These facts intrinsically erode the optimality of the traditional
separate designs. On one hand, more and more resources might
be needed to achieve accurate channel estimation for high-
dimensional MIMO systems [37]. On the other hand, high-
performance communications always require accurate CSI.
Furthermore, the effects of limited coherence time and the
hardware costs make the problem much tougher. Clearly,
channel estimation in large-scale MIMO communications is



usually performed under strictly limited bandwidth resources
and the ensuing data transmission has to cope with non-
negligible channel estimation errors, where a certain target
performance has to be guaranteed. This represents a challenge.
Again, channel estimation and data estimation have a close
relationship with each other and this is put under the micro-
scope in the topical context of large-scale MIMO systems in
the absence of channel coding. They are also boldly contrasted
to the authoritative literature in Table I.

TABLE I
KEY ATTRIBUTES OF THIS PAPER CONTRASTED TO THE EXISTING JOINT
MIMO DESIGNS

[25] | [27] | FM-JO | QMO-JO

Transmit-side  correlation

channel model v v
Joint design of channel esti-

mator and data transceiver 4 4 4 v
Precoder design N v/
Refinement of channel v/ N N

Optimization criterion MSE v/ N v/

Thus, the joint optimization of the channel estimator and
data transceiver subject to a specific channel estimation error
is proposed, which unveils the intricate connection of channel
estimation and data transmission more accurately and it strikes
a compelling trade-off between the channel estimation accu-
racy and the data transmission efficiency. The contributions
of our work are discussed below in more depth.

o We provide novel mathematical insights for characteriz-
ing pilot-aided MIMO communications. By employing
linear operators at both the transmitter and receiver, we
solve a pair of linear equation arrays in the face of
random noise terms in the channel estimation and data
estimation procedures, respectively. Although the effect
of additive noise is impossible to remove completely,
the formulations of the equation arrays are quite similar,
because the error models follow a similar robust design
philosophy.

o Channel estimation and data estimation can be iteratively
optimized by our Functional Module Based Joint Opti-
mization (FM-JO). Based on the estimation error model
of the channel estimation procedure, the accuracy of data
estimation can be improved. On the other hand, with the
estimation error model in our data estimation procedure
and the estimated data used as pilots, the accuracy of
channel estimation can be improved.

« Since our ultimate goal is to transmit data, where channel
estimation is just an intermediate step for pilot-aided
transmissions, the channel estimation signal model may
be incorporated into the data transmission signal model.
Then, Quadratic Matrix Optimization Based Joint Opti-
mization (QMO-JO) is proposed, where the channel esti-
mator and signal transceiver can be jointly optimized by
relying on quadratic matrix optimization. Explicitly, the
channel estimator, the receiver’s equalizer and the TPC
may be jointly optimized. Additionally, the optimized
data equalizer and TPC matrices can be substituted into
our channel estimation refinement scheme for improving
the channel estimation accuracy as in our FM-JO scheme.

o Based on the numerical results, we will demonstrate
that the joint optimization has better performance than
the separate designs. Our joint optimization philosophy
strikes an estimation accuracy vs. computational com-
plexity trade-off and subsumes the traditional separate
designs as special cases.

The organization of the paper is as follows. In Section II, our
signal models are introduced, and both the channel estimation
and data estimation problems are formulated mathematically.
In Section III, the FM-JO algorithm is proposed, which reflects
the mutual relationships between the channel estimation and
data estimation. In Section IV, the QMO-JO algorithm is con-
ceived, which intrinsically amalgamates the channel estimation
module with the data estimator without obtaining an explicit
channel estimation solution. With the objective of optimizing
the data estimation performance, the channel estimator and
data transceiver are jointly optimized. Then, the relationships
between these two schemes are investigated, followed by our
numerical results in Section V to demonstrate the performance
advantages of the proposed joint optimization algorithms over
the traditional separate optimization algorithms. Finally, we
conclude in Section VI

TABLE 11
MAIN NOTATIONS
F Nt X r, linear TPC matrix
GcE Tp X N, linear channel estimator
Gcg | Tp X Nr, linear channel estimator after channel refinement
Gpg r X NR, linear equalizer
GpEg r X NR, linear equalizer after channel refinement

H NR X N, channel matrix

Np Ngr X Tp, noise matrix during data transmission
Np NRr X Tp, noise matrix during pilot transmission
D length of data signal
Tp length of pilot sequence
Nr number of receive antennas
Nt number of transmit antennas

r number of data stream

Xp r X Tp, data signal matrix
Xp Nt X Tp, pilot signal matrix
v Nt x N, transmit-side correlation matrix

The main notations are illustrated in Table II. The symbol
A" denotes the Hermitian transpose of a general matrix A.
Tr(A) represents the trace of a square matrix A. For a positive
semidefinite matrix A, the matrix A? denotes the Hermitian
square root of A.

II. SIGNAL MODEL AND PROBLEM FORMULATION

We commence by outlining the signal models of channel
estimation and data transmission, as the basis of jointly opti-
mizing the channel estimator and transceiver. The most widely
studied point-to-point MIMO channel model is investigated,
where the transmit antenna spatial correlation is taken into
account [8]. The scenario is that of the large-scale MIMO
uplink transmission, where we assume that the antenna sep-
aration and the angle of spread at the base station (BS) are
adequate. Thus, the antenna’s spatial correlation at the BS may
be ignored, and hence it is modeled by an identity matrix. The



corresponding channel matrix H is given by the following
equation [38], [39]

H=HyW?, (1)

where the elements of the matrix Hwy are independent and
identically distributed (i.i.d.) Gaussian random variables with
zero mean and unit variance. The positive definite matrix
W > 0 is the transmit-side correlation matrix [38]. This is a
widely used channel model in the authoritative literature [39].
Based on the channel model given in (1), the pilots and data
are assumed to be transmitted in a time division duplexing
manner. Specifically, the pilot sequences are sent first from
the transmitter to the receiver for the estimation of the channel
matrix. Then, the receiver sends the estimated channel matrix
back to the transmitter through the feedback channel. Based
on the estimated channel matrix, the transmitter appropriately
configures the TPC matrix, and then the data signals are
precoded and transmitted over the wireless channels. Finally,
the signals are recovered at the receiver, for example by a
linear equalizer.

Based on the above discussions, our received signal is
formulated as

Y = H[Xp, FXp] + [Np, Np], 2)

which is processed in two phases, namely channel estimation
and data transmission. On the righthand side of the equation,
the first signal block Xp represents the pilot signal matrix that
is known to both the source and destination [6]. The matrix F’
denotes the linear TPC matrix, which is designed based on the
CSI [40], [41]. The matrix Xp is the data signal matrix, which
will be recovered at the receiver. Finally, the matrices Np and
Np represent the corresponding random additive noise matrix
during pilot transmission and data transmission, respectively.

Our objective is to recover Xp as accurately as possible
based on the observation Y. The traditional technique de-
couples (2) into a pair of successive phases [20], [42], i.e.,
Y = [Yp, Yp| formulated as

Yy = HXp + Np,
Yp = HF Xp + Np. 3)

In the first phase, the channel matrix H is estimated based on
the first equation in (3). In the second phase, upon substituting
the estimated H into the second equation in (3), Xp will be
recovered. This has been widely used as an efficient pilot-aided
MIMO technique, in which the estimation error is passed on
to the second step, hence degrading the accuracy of the data
recovery. Here we analyze this problem more deeply. Due to
the limited channel coherence time, the length (the number of
columns) in the transmitted signals is also constrained. When
the dimensions of H are high, as in massive MIMO systems,
more resources have to be allocated to channel estimation
for achieving higher channel estimation accuracy and hence
high-integrity data recovery [42]. Since the maximum transmit
power is usually fixed, the easiest way of allocating more
resources to channel estimation is to increase the length
of pilots, i.e, the number of columns in Xp [39], which
inevitably reduces the fraction of data symbols. As a result,

the normalized payload of the system is reduced. Again, we
note that the key objective here is to recover Xp, and the
estimation of H is only an intermediate step/computation.
From a pure mathematical perspective, we aim for solving the
equation array given in (3). However, in contrast to classical
linear algebra, there are random noise matrices in the equation
array in (3). Bearing in mind the computational complexity,
only linear transceivers are taken into account in this work.
The received signals are processed by the receiver, and the
signal model in (3) is transformed into

YpGceg = HXpGcr + NpGck,
GpeYp = GpeHF Xp + GpeNp, 4

where Gcg is the linear channel estimator harnessed for
estimating the channel matrix and Gpg is the linear equal-
izer employed for recovering the desired data signals. The
traditional logic is to find G¢og and Gpg in a sequential
manner. The channel estimator G¢g is designed first based
on the former equation in (4), which may rely on different
performance metrics. Then, the estimated channel matrix is
assumed to be the perfect CSI H, and the linear transceiver
matrices F' and Gpg are optimized based on the second
equation in (4) according to the minimum mean square error
(MMSE) criterion, for example.

For practical communication systems, such as massive
MIMO communication systems, where the channel matrix is
of large dimension, accurate channel estimation will need a
large amount of resources. However, considering the stringent
resource limitations and coherence time, it is difficult to
estimate the channel accurately based on the first equation
in (4), and increasing the pilot overhead leads to efficiency
losses for the whole system. To strike a trade-off between the
channel estimation accuracy and training resources, the linear
estimator G¢cg, linear equalizer Gpg and linear TPC F' should
be jointly optimized for improving the data integrity, which is
the focus of this paper.

On the other hand, the data is also subjected to the same
channel as the pilots and hence it may be exploited for improv-
ing the channel estimation accuracy. Because of the channel
impairment imposed on both the channel estimation and data
estimation procedures, it seems much more challenging to
solve (4) in a joint optimization manner than in the absence
of channel impairments, namely when linear algebra may be
applied.

Our objective is to jointly optimize the channel estimator
and data transceiver from a pure signal processing viewpoint.
In the following, a pair of different techniques is exploited
for the joint optimization of the channel estimator and data
transceiver. The above-mentioned FM-JO is an extension of
the existing widely used rationale. The mutual relationship
between channel estimation and data estimation is established
based on the corresponding estimation error models. This
technique accrues from the robust transceiver optimization
philosophy [1], in which the specific channel estimation error
model is taken into account during the transceiver optimization
for attaining performance improvements. Once the estimated
data and its specific estimation error model become available,



a similar robust channel estimation process can be performed
in order to improve the channel estimation accuracy. As a
result, the first kind of joint optimization consists of three
parts, namely channel estimation, data estimation and channel
refinement. The main difference among the existing algorithms
[22], [23], [38], [39] arises from the channel refinement
procedure. Explicitly, based on the estimated data and its
corresponding estimation error model as well as the pilot, the
channel matrix is estimated again for improving the estimation
accuracy. It is worth noting that the last two procedures can be
implemented in an iterative manner. By contrast, the QMO-
JO technique is significantly different from the previous one.
Inspired by the fact that the final goal of pilot-aided communi-
cations is to transmit high-integrity data, we note that channel
estimation is only an intermediate step. Therefore, strictly
speaking, the performance of channel estimation should be
quantified in terms of the final data integrity. In the second
joint optimization regime, the channel estimation procedure
is directly substituted into the data estimation procedure,
optionally followed by the channel refinement for further
enhancing the system performance.

III. JOINT TRANSCEIVER AND CHANNEL ESTIMATOR
OPTIMIZATION

In this section, the joint optimization of the transceiver
and channel estimator is investigated by relying on alternating
optimization iterating between these two functional modules
based on matrix-monotonic optimization [17]. This can be
viewed as an extension based on the classic separate designs.
Specifically, in traditional designs, only the estimated chan-
nel and its estimation error model are incorporated in the
transceiver designs. However, there is a paucity of literature
on jointly exploiting the estimated data and its estimation
error model in the channel estimation procedure. Hence, in
this paper the iterations between these two procedures are
taken into account. In the channel estimation procedure, both
the estimated channel matrix and the corresponding channel
estimation error model are derived. Following that, in the
data estimation procedure, the estimated data matrix and the
corresponding data estimation error model can be obtained.
It is worth noting that the data estimation error model is
relevant to the channel estimation error model in the precoding
procedure. Then, the estimated data are exploited as pilots
and the channel estimation is refined based on the estimated
data, the data estimation error model and the pilots. Finally,
given the refined channel matrix and the updated channel error
model, the transceiver may be further optimized to re-estimate
the data signals.

A. Channel Estimation Procedure

According to the popular MMSE criterion and based on the
signal model discussed in (4), the estimated channel matrix
equals to [17]:

H = Yp G, (5)

where the channel estimator Gcg is chosen to minimize the
following channel estimation MSE matrix

E{AH"AH}
=(XpGcrp — I)"Ru(XpGcr — I) + GEgRxGcr, (6)

where AH = H — H is the channel estimation error, and the
noise covariance matrix Ry as well as the channel covariance
matrix Ry are defined as follows

Ry =E{N"N} = 62NglI,
Ry =E{H"H} = Ny ¥. (7

The optimal LMMSE channel estimator G cg minimizing the
MSE matrix in (6) is [39]

Gce = (XERuXp + 02NgI) ' X Ry. (3)

The corresponding channel estimation error model is [38], [39]
H=H+AH, AH=Ecyw®.* )

where Ec w has ii.d. Gaussian random elements, and ®¢
equals to
1 -1
& = (qfl + 2XPX{;I> . (10)
Jn
Given the estimated MIMO channel matrix, the key task is now
to recover the desired data signals. Then the question arises
whether the channel estimation accuracy is satisfactory for the
data estimation. Here, we would like to point out an important
fact that when the channel has been estimated, there exists a
simple method of verifying the channel estimation accuracy,
which is formulated in the following. .
Based on the estimated channel matrix H and the channel
estimation error model in (9), the signal model in the channel
estimation procedure can be further rewritten as

Yy = (H + AH)Xp + Np. (11)

Based on the reformulated signal model, there is a very
simple strategy to evaluate whether the channel estimation
performance is satisfactory. If the performance target is not
met, further actions are needed to improve the estimation
performance. Based on (11), if taking Xp as the unknown
data, the corresponding estimated pilot signals using the classic
Wiener filter G are given by:

Xp = GYp, (12)

where G = HY[HH" + (02 + T1F(<I>c))I]71 is closely
related to the error-dependent estimated channel. Based on
the estimated Xp, if the following inequality is satisfied

1Xp — Xp|2 >, (13)

where ||-||¢ denotes the Frobenius norm and the positive scalar
T is a predefined estimation accuracy target, this means that the
channel estimation accuracy is not good enough. Therefore,
more resources or other methods are required for improving
the estimation accuracy. In other words, the estimated channel
should further be refined in order to achieve higher estimation
accuracy.



B. Data Estimation Procedure

Based on the estimated channel and the corresponding chan-
nel estimation error model, in the data estimation procedure,
the signal model is given as follows

Yp = (YPGCE + AH)FXD + Np. (14)

It is plausible that when the estimation error is high, robust
designs are of great importance to guarantee the overall system
performance. When the channel estimation model is taken into
account, the resultant regime is referred as robust transceiver
optimization. In the following, some further results are given,
which constitute the necessary basis for the ensuing analysis
and design. Based on the signal model in (4), the estimated
data is represented as

Xp =GpeYp

=Gpe(YpGcg + AH)FXp + GpgNp. (15)

When employing the MMSE criterion, the data transceiver
Gpg and F' aim for minimizing the following data estimation
MSE

E{Tr(AXpAX})}
=E {TI‘ ((X\D - XD) (5(\]3 - XD)H)}
:TDTI‘{I — GDEYPGCEF — (GDEYPGCEF)H
+ (Gpe[YrGop FFRGELYp! + 021

+ ITe(FF"®c)|Ghg) }- (16)

The detailed derivations are given in Appendix A. The
LMMSE equalizer Gpg minimizing the sum MSE in (16)
may be formulated as:

Gpg =(YpGepF) [YpGep FFRGEL Y + 021

+ ITe(FFi®0)] L. (17)

Then the corresponding data estimation error model is repre-
sented as follows

Xp = Xp + AXp, (18)
with the estimation error term A Xy, given by:
AXp =&}/ Epw,

The elements of Ep w are i.i.d. distributed random variables
with zero mean and unit variance.
The TPC optimization aims for solving the following equiv-
alent optimization problem subject to the power constraints Pp
-1
(FHGEEYPHYPGCEF n I) ]

min Tr
F

02+ Tr(FFi®()
s.t. Te(FFY) < Pp,

(20)

which can be efficiently solved by using the matrix-monotonic
optimization framework of [17]. Due to space limitation, the

detailed derivation procedure of the optimal TPC is omitted
here. The optimal linear TPC is given by [17]

Py 9 _1
F = I+ Pp®c) 2 F,,
\/TI‘[(UEI+PD¢‘C)1FCqFC%] (on + Pp®c) 2 Feq

(21
with F,, being equivalent to
1
+12
F., = Uc <1A5 _ A—1> 22)
eq \//74 C C )

where p is the Lagrange multiplier for the sum power con-
straint, which is found by bisection search and ensures that
the Pareto optimal solution Tr(F.qF.}) = Pp achieved. The
matrices Uc and A¢ are defined based on the following
eigenvalue decomposition (EVD)

(021 + Po®c) ™t R Y Yo Gop (021 + Pod®c) ™
=UcAcUE, (23)

where A is a diagonal matrix with nonzero diagonal elements
in a non-increasing order and Uch = I. As a result, we
could optimize F' in (21), and then calculate Gpg in (17)
without iterations.

C. Channel Refinement Procedure

The above discussions represent the traditional way of
dealing with channel estimation and data estimation. However,
as discussed in [5], provided that the length of the pilot
sequences is higher than the number of antennas, the optimal
overall performance may be achieved. It might happen in
large-scale MIMO systems that the channel block length is not
long enough, or the energy to be allocated is insufficient. Here,
we propose an extension of the traditional scheme, to deal with
this potential deficiency. First, a few pilots are sent for channel
estimation. The number of the pilots may be set equal to or
even lower than the number of antennas. The corresponding
performance will be discussed in Section V. Then, the data
signals are transmitted, and estimated at the receiver. The
recovered data symbols may then be used as pilots given their
known statistical characteristics ®p, in order to re-estimate the
channel. Based on the estimated data signals and the associated
estimation error model, there is more information that can be
exploited for improving the channel estimation performance
without increasing the pilot overhead. Similar to the above-
mentioned robust transceiver optimization, this kind of design
may be termed as robust channel estimation. Specifically, upon
reusing the estimated data symbols as pilots and together with
the corresponding data estimation error model, the resultant
channel estimation model is now rewritten as

Y = H[Xp, F(Xp + AXp)] + [Np, Np].  (24)

In contrast to the first equation in (3), the term F (X\D +AXp)
in (24) is also harnessed as pilot signals. After performing
linear channel estimation, the channel is re-estimated as

H=YGcg. (25)



The channel estimator G, aims for minimizing the following
MSE matrix

E{AH"AH}
=GH.SGcp—Ru[Xp, FXp|Ger
— GBL[Xp, FXp" Ry + Ry + 0> NrGELGeg, (26)
where
| XHRuXp XHRyFXp,
" | XHFURyXp XHFYRyFXp+ o1
o1 =Tr(®p FURyF).

)

27)

The detailed derivations can be found in Appendix B. Based
on (26) and the definition of 3, the optimal channel estimator
G g can be derived to be [43]

Gop = (S +02NgI) ' Xp, FXp"Ry,  (28)

and the corresponding data estimation MSE matrix of (26),
given the optimal channel estimator in (28), is further rewritten
in the following form:

E{AH"AH}
:RH — RH [XP, FX\D](E + UiNRI)_l[XP, F./X\D]HRH
ANp®c. 29)

According to Appendix C, the value of MSE matrix of
channel refinement is reduced:

Tr(E{AH"AH} - E{AH"AH)})
- mNR(q»CF)?D)(%I + 02T+ XHFU® FXp)~!
R

x (®cFXp)"] < 0. (30)

Since MSE involves expectation operation, the knowledge of
channel statistics is what matters. In our work, we assume
perfect knowledge on channel statistics such as noise variance
and covariance matrices. Hence, the error propagation could
be reduced. Additionally, the scenario of imperfect channel
statistics is left for the future work.

After the channel refinement, the updated channel estima-

tion error model becomes:
H=H+AH, AH = Ecw®/’. (31)

Based on the refined estimated CSI and its estimation error
model, the signal transmission model can be reformulated as

follows
Xp = Gpe(YGeg + AH)FXp + GpeNp.  (32)

In data transmission, the transceiver optimization typically
aims for minimizing the following sum MSE

E {ﬂ(AX’DAX’g)}
:TI‘(TDI — TDéDEYéCEF — TD(éDEYéCEF)H
+ T (Gpp|Y Gep FFRGHE Y + 621

+ ITr(FFHtfc)}é'gE)). (33)

The detailed  derivations for the expectation of
E{Tr(AXpAXH)} are given in Appendix D. Based
on the sum objective function in (33), it is readily seen
that the optimal equalizer is the LMMSE equalizer of the
following form:

Gpe =(YGcpF)' Y Gep FFRGEYH

+ 021 + ITe(FF @), (34)

and substituting (34) into (33) the data estimation error can
be rewritten as
—1
I>

E {Tr(AEEDAEfg)}

At this stage, a single round of channel refinement was
completed, but the iterative channel refinement procedures
may be continued for further improving the accuracy of the
hitherto received data or the future transmitted and received
data. However, to strike a beneficial performance vs. complex-
ity trade-off, we only consider a single round of improvements
in the simulation part and the simulation results show that a
satisfactory performance can be achieved.

FUGH YIYGepF
—TTr G Gon
o2 + Tr(FFi®)

ATYTr (EIED) . (35)

D. Channel Refinement Relying on Current Received Data

At the end of Section III-C, we acquired the refined channel
estimation and re-estimated data signals after a single round.
Then, we could utilize the re-estimated data for improving the
channel estimation again, and channel refinement as well as
data re-estimation may be processed in an alternating manner
until convergence, where the estimators G¢og, Gpg and the
corresponding estimation error models would be updated in
each iteration. They are similar to the ones given in Sec-
tion III-C.

In the channel refinement procedures, the updated channel
estimator is

Geg = (24 02NpgI) [ Xp, FXp]"Ry,  (36)
where
_| XHRuXp  XURuFXp
XUFURyXp XHFURyFXp +ooI |’
oy =Tr(®p FERyF), (37)

and the MSE matrix of channel estimation error is written as
E{AH"AH} =Ry — Ru[Xp, FXp|(Z + 02NgI) ™"

x [Xp, FXp|" Ry

2 Np®c. (38)

Upon reverting to the data estimation, the data estimator is
updated as

C:YDE :(YéCEF)H[YéCEFFHégEYH + J%I

+ ITr(FF &)1, (39)



data

pilot

Xp1

‘ Xp,Te

Xp,1

‘ Xb,To

YP,l

‘ Yo,

YD,l

‘ Yoo

[

[

pilot data new data —>|
Xp,1 ‘ Xp,Te Xb,1 ‘ Xo,To | XDjnew,1 XDnew,To
YP,l e ‘ YP,Tv YD,l e ‘ YD,Tn YD,nPw,l YD,HPW,TD
@hannel estimatiorD Precoder design ) Precoder design )
Gcee \LF \LF

@hannel estimatiorD Precoder design )
Gce

Data estimation

Channel refinement

Fig. 1. Iterative optimization associated with current data.

and the data estimation error becomes:

E {Tr(AXVDAng)}

H~H Hy
Ty T F GCEY YGSEF
aﬁ + Tr(FFH<I>c)

-1
dJ
AT Ty (TISD) .

It may also be interpreted as an iterative optimization of a
single data segment, which is illustrated in Fig. 1. Given the
improvement of channel estimation accuracy, the sum MSE
of data estimation error would tend to converge to a certain
value, but several iterations might be harnessed at the cost of
substantial computational overheads.

(40)

E. Channel Refinement Relying on Successive Received Data

Here, we consider iterative optimization across several data
segments. If the channel’s coherence time is quite long or
the updated channel estimation and updated recovered data
could be calculated in a timely manner, we could optimize
the TPC F' for the next data transmission with the results in
Section III-C. The corresponding TPC optimization problem

is
—1
I)

which is the same as the optimization problem (20), and can
be efficiently solved based on matrix-monotonic optimization
[17]. B

When new data is precoded with F' and transmitted, we
have:

YD,new = HﬁXD,new + ND,new
= (YéCE + A-,[i-/)-ﬁ‘)(D,ncw + ND,ncWa

min Tr

(ﬁHégEYHYéCEﬁ
F

02 + Tr(FFi®e)

s.t. Te(FFY) < Pp, 1)

(42)

and then we can use the updated estimator to recover the new
received data Xp new = GDEYD new

éDE :(YéCEﬁ')H[YéCEﬁ'ﬁHégEYH + U?LI

+ ITr(FF &))" (43)

Data estimation ( Data estimation )
J,GJE Goe,1 &|Goe,2
Ghannel refinement

Geknew

\LGDE Goe
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Fig. 2. Iterative optimization associated with successive data.

The corresponding data estimation error matrix becomes:

-1
—I—I>

Then we may exploit the new received data as pilots again
for refining thgv channel Nestimgtigr\l as discussg(\i before, e.g.
with [Xp, F(Xp + AXp), F(XDnew + AXD new)]- The
optimal channel estimator is updated as

E{ TH(AXD new AXE,0,) |

FAGH YUY GepF
02 + Tr(FFi®)

:TDmeW’I‘r (

éTD,newTr (iD,new) . (44)

éCE,new - (Enew + UgNRI)_l [XP7 Fva ﬁ*/X\D,neW]HRH7
(45)

where X, is defined in (46). .

The modified channel estimation is Hyoy = Y}lew(N}’CE,new,
where Yiew = [Yp, YD, YD new), and the MSE matrix of the
channel estimation error becomes:

E{AHY AH,..}

:RH - RH[XPa FfDa ﬁX\D,new](Enew + UﬁNRI)71
x [Xp, FXp, ﬁ’X\D,new]HRH

ENRDC new- 47)

Then as for the data estimation, since different segments
of data are precoded with different TPCs, the updated data
equalizers with respect to different sequences are

éDE,l :(KlewéCE,newF)H[UiI‘F ITr(FFH&;C,neW)
+ YViewGeEnew F FTGEp ey Yoo (48)

]71
new
éDE,Q :(YnewéCE,newﬁ)H[UiI‘i’ ITr(ﬁ‘ﬁ'H(i)C,new)

+ YnewéCE,newﬁ'ﬁHégE,newYH (49)

new]ilv
and different data estimation errors may be derived, respec-
tively. The schematic is depicted in Fig. 2. Note that, with
more data segments harnessed as pilots, they are supposed
to be recovered using different equalizers, correspondingly
resulting in different estimation error models.



IV. JOINT QUADRATIC MATRIX OPTIMIZATION

Inspired by the fact that the final goal is to recover the
desired data, channel estimation is only an intermediate step,
and hence the QMO-JO regime is proposed. A straightforward
solution is to simply embed the channel estimation procedure
into the data estimation procedure, where no explicit channel
estimation is required. Then joint optimization is performed
by optimizing the data estimation performance. Based on the
previous discussions, from a pure mathematical viewpoint, the
joint transceiver design has to solve the following equation
array

Yr = HXp + Np,

YD :HFQs+n. (50)

Here, it is worth noting that Np and n represent a random
matrix and random vector, respectively. In order to recover
the desired signal accurately, the channel matrix H can be
estimated based on the first equation. After performing linear
channel estimation Gcg,q, the estimated channel may be
expressed as fJ\Q = YpGE,q, and thus the recovered signal
can be written as:

8 ZGDE’Q(TJ\Q + AHQ)FQS + GDE}QTL

:GDEVQYPGCEQFQS
+ GDE7Q(H — HXPGCE,Q — NPGCE,Q)FQS
+ Gpg.qQn, (51)

where Gpg,q is the linear equalizer matrix at the destina-
tion and Fgq is the linear TPC matrix at source. The joint
optimization of the estimator and transceiver, which aims
for minimizing the data estimation MSE subject to a power
constraint, is formulated as

min E{|W % [Gpr,qYeGer o Fos

+ GDE,Q(H — HXPGCE,Q — NPGCEﬁQ)FQS
+ Gpeqn — s|||*} — log [W|

s.t. Tr(FoFQ™) < Pp, (52)

where W is the weighting matrix, E{ss"} = I, and we
have the set A = {(Gpg,q,GcE,q, Fq)}. The weighted
MSE minimization in (52) is more general than the sum
MSE. In our work, W is a constant matrix and if W is
taken as optimization variable as well, the optimization (52)
is equivalent to the maximization of the mutual information
in the data transmission phase. As derived in Appendix E, the
objective function in (52) equals

]E{ HW% [GDEyQYpGCEﬁQFQS

+ Gpeqn — 8][*} — log |W]|

=Tr[W Gpg,q(YpGee.oFq) YrGer,oFQ)"Ghp g + W
—~ WGpg QYrGcr.qFq — (WGpEQYrGer.qFq)"
+ 07, Tr(WGpE,oGpE,q)
+ Te[¥ (I — XpGeg,q)FoFS (I — XpGegg)"']
x Tr(W GpEg,qGhE.q)
+ 07 Tr(Geg,o Fo FS Gig ) Tr(WGpe,oGhE.q)
—log [W|

2Py, . (53)

It is readily seen that the joint optimization problem (52)
exhibits quadratic properties with respect to any single matrix
variable. This kind of optimization problems are termed as
quadratic matrix optimization. In the following, the optimiza-
tion problem (52) is solved by alternatively optimizing Gpg,.q,
Gcr,q, and F with the rest variables fixed. At each iteration,
the closed-form optimization solutions of Gpg.q, G¢cE,q, and
Fq can be derived and thus the convergence of the proposed
algorithm may be guaranteed.

1) Optimization of Gcr,q: The optimization with respect
to G'cg,q is unconstrained and the objective function (OF)
is also convex with respect to G'cg,q, i.e., it is a standard
quadratic function. Then, the optimal Gcg,q can be solved
directly based on its corresponding complex matrix derivative
operation.

In order to optimize the channel estimator G¢cg,q, the OF
of (52) with respect to Gcg,q is reformulated as

E{|W ? [GpE.qYrGer.oFos

+ GDE,Q(H — HXPGCEyQ — NPGCE’Q)FQS

+ Gppqn — s|[*} —log|W|
=Tr[Gce,qFoFl Gl oYs Ghe.qW Gpe,qYp

— FqWGpr YrGerq — (WGDE QYrGeor.oFq)"

+ aiTr(WGDE,QGEE,Q)Tr(GCE7QFQFgGgE7Q)

+ Tr[Gep,o Fo FY Gl o XP ¥ Xp

— Gop,oFoFy ¥ Xp — Xp WFGFE Gog o

X TI‘(WGDE,QGSE‘”Q) + Cp, (54)

where c,, is the term independent of Gcg,q. Then, the optimal
solution of G'cg,q may be shown to be:

Geeq =Y Ghp.oWGDEQYr + Tr(WGpe,oGhE o)

x (021 + XHW Xp)|  [FqWGpE o Yp
+ TT(WGDE,QGSE,Q)FQF(%‘I’XP]H(FQF(g)_l'

+ GDE,Q(H - HXPGCE,Q - NPGCE,Q)FQS (55)
XHRyXp XHRyFXp XHRyFXp pew
Yhew = XSFHRHXP XgFHRHFXD +¢1I XgFHRHFXD,neW s
XY oo F"RuXp  XH o FURuFXp X, FURuFXp new + 621
¢1 = Te(®pFIRyF), ¢y = Tr(®p pew F Ry F). (46)



2) Optimization of Gpg,q: The optimization of Gpg,q
is similar to Gcg,q. Specifically, the optimization is an
unconstrained convex problem. Following a similar logic, the
optimal solution of Gpg,q is obtained as
Gpeq =(YpGeeoFo)" (YrGopoFo)(YrGop.oFo)"

HT[®(I-XpGep,q)FoFg (I-XpGee )]

-1
+02Tr(GopFo Fy Gep g)+oi ) (56)

which is in nature an LMMS equalizer. Defining the following
auxiliary matrix variable ®¢ q

®cq =(XpGerq — I)"¥(XpGepq — I)

+02GEE oGeEq, (57)

-1
+I>

st. ®cq=(XpGcr,q — I)H‘I’(XPGCE,Q —-1I)
+07.GpoGerq,
Tr(FoFY) < Po.

the optimization problem (53) is equivalent to

FiGH  YiIV:.G F
min Tr W( Q 7CE,QP TP TORQTQ
Fq,GcE,qQ

02 + Tr(FoFQ"'®c q)

(58)

It is worth emphasizing that the optimization of Gpg,q has
been omitted and only Gcg,q and Fg have to be optimized
in an alternating manner, after which the optimal Gpg q is
obtained in (56). It is also plausible that the optimization of
Fq in (58) can be solved efficiently based on the framework
of matrix-monotonic optimization. Moreover, the convergence
speed of the proposed alternating algorithm has been acceler-
ated.

3) Optimization of Fg: Similar to Section III-B, the opti-
mal linear TPC Fy, is

Pp
F =
° \/ Tr[(021 + Po®c.q) ' FuqoFll o]

x (021 + Pp®c,q)  Feqq.

(59)

where the rectangular matrix Fi, o equals

1 1 AF :
Fo,q =U ——AL? —Ag ) , (60)
eq,Q Q ( m Q Q
and pq is the Lagrange multiplier guaranteeing
Tr(FoqqFl o) = Pp satisfied. The matrices Ug and

Aq are defined based on the following EVD

(UEI+PD¢C,Q)7% G8E7QYPHYPGCEVQ(O'IZII+PDécﬁQ)ié
=UqAQU{, (61)

where Aq is a diagonal matrix with nonzero diagonal elements
in a non-increasing order and U§Uq = I.

4) Discussion: The main differences between FM-JO and
QMO-JO are whether to find an explicit channel estimation
solution and the update criterion of G ¢g. Explicitly, in FM-JO,
G g is firstly optimized to minimize the MSE of channel esti-
mation error before the data estimation and channel refinement
phases. By contrast, in QMO-JO, G¢cg,q is jointly optimized

with Gpg,q and Fg to minimize the MSE of data estimation
error. It seems that FM-JO before channel refinement is a
special case of QMO-JO, where Gcg,q is fixed, and only
GpE,q and Fq are optimized jointly. Furthermore, the optimal
Gcg in FM-JO is almost the same as Gcg,q in QMO-JO at
high SNR, which tends to be X L 1t will also be demon-
strated in Section V. At the same time, following the idea of
channel refinement in FM-JO, this may also be conducted in
QMO-JO for improving the system performance, which we
term as QMO-FM-JO. Section V will explore whether there
exists a further beneficial performance improvement. First,
we jointly optimize the transceiver as in Section IV with
the knowledge of transmitted pilot signals and received pilot
signals for minimizing the error of data estimation ®p, q.

Then, following the logic in Section III, the recovered data
signals are taken into account for refining the estimation of
the channel. The updated channel estimator Gcg,q may be
expressed as

Gop.g = (Bq + 02NgI) ' Xp, FoXp.o/"Ru, (62)
where X\D’Q = Gpg,Yp and

XHRyXp XHRuFoXp q
XB o Fo"RuXp XY FYRuFoXpq+osl |
o3 =Tr(®p,oFy RuFq). (63)

Yq=

The corresponding estimation error of the refined estimated
channel may be shown to be

E{AHSAHQ} =Ry — Ru[Xp, Fo X1 o) (Sq+02NpI) ™!

x [Xp, FQX\DVQ]HRH

230.0. (64)

As a result, the updated equalizer associated with ¥ =
[Yp, Yp] is

Gpe,q =(Y GepoFQ) Y Gop o FoFl GEp oY

+ond + ITe(FoFQ"®c q) 7, (65)
and error of data estimation is
~ ~ -1
= + 1 (66)
op + Tr(FoFq ®c,q)

The QMO-FM-JO procedure is illustrated in Algorithm 1,
where both QMO-JO and FM-JO may be viewed as the special
parts or particular steps of it.

In addition, inspired by the connection between FM-JO
and QMO-JO, the channel refinement and data re-estimation
may be solved together, which only minimizes the MSE of
data re-estimation error with the aid of the estimated data
via jointly optimizing Gcg,q and Gpg,q. Upon defining
X = [XP,FQXD], X = [XP,FQX]IQ], the OF is written
as

E{|W?*[GpE,qY Ger,oFos + Goe.q(H — HXGceq
— NGcgq)Fgs + Gpeqn — s||*} — log|W|
— — — —H
:TI‘[WGDE,Q (YGCE,QFQ)(YGCEyQFQ)HGDEQ + W



Algorithm 1 Joint optimization of the channel estimator and
data transceiver along with channel estimation refinement

L. Initialize Gy o and i = 1.
repeat
2. Update Fy) with fixed Gig ) in (59).
3. Update G%}EQ with fixed F) in (55).
until the convergence of objective function in (52)
4. Design Gpg,q in (56) and obtain recovered data Xp q.
5. Re-estimate channel H with updated (N}’CE,Q in (62).
6. Re-estimate data Xp q with updated C:‘DE’Q in (65) in
turn.

~WGprqYGcrqFq — (WGpEQY Ger qFq)"
+ 02 Te(WGpp,oGpg.q) + TH(WGb.qGpp o)

x TH[WFGFY + OX GopoFoFiGop o X

— UX GopoFoFY — WFGFiGop o X

+ Tr(Gopo FoFi G, o) U Fo®p o FY]

+ 02 Tr(Gep.oFoFiGer,q) TH(WGbe.qGhi.q)
—log |W]|. (67)

We then iteratively update Gce,q and Gpg,q until the
convergence of the OF. Fixing G¢g,q, the optimal solution
of Gpg,q becomes:

Gpe.q =(Y GeeoFQ)" (Y Ger,oFo) (Y Ger.qFa)"

HT[¥(I-X Gepq)FoFy(I-X Geeq)']
— —H
+ Tr(Geg,o Fo FY Gop ) Tr (¥ Fo®p o FY)
— —H
+ 02 Tr(Gep,oFoFG Gogg) + on I ', (68)

and the solution of éCE,Q with fixed @DE’Q becomes:

o . -H

Gee.q =[Tt(WGpe.oGpr o) (o7, + Tr(¥ Fo®p o Fg )T
+ X OX) + Y"CGpp qWCprqY] ™!
X [Tr(WéDE,QégE,Q)FQF(g\IlY

+ FQW Gpg Y (FoFY) ™. (69)

5) Complexity Analysis: The computational complexity of
the proposed algorithm mainly comes from the matrix mul-
tiplication and matrix decompositions. The specific computa-
tional complexity of each procedure is illustrated in Table III.
Observe that the computational complexity of channel refine-
ment and data re-estimation is highly dependent on the length
of the estimated data, which is exploited as pilots.

TABLE III
COMPUTATIONAL COMPLEXITY OF THE PROPOSED ALGORITHM

Algorithm/Procedure

Computational Complexity

Conventional | Channel Estimation O(N?)
method Data Estimation O(N3)
EM-IO Channel Refinement O((Tp + Tp)?)

Data Re-estimation O(N?(Tp +Tp))

QMO-JO

o)

MSE of Channel Estimation
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Fig. 3. The MSE of channel estimation associated with N7 = Ng = r = 64.
The results of the conventional method are evaluated from the MSE metrics
in Eq. (6) and those of FM-JO with different 7 are from the MSE metrics
in Eq. (26).

MSE of Data Estimation
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Fig. 4. The MSE of data estimation associated with Ny = Ny = r = 64.
The results of FM-JO, QMO-JO and QMO-FM-JO are evaluated from the
MSE metrics in Eq. (33), Eq. (53) and Eq. (66), respectively.

V. NUMERICAL RESULTS AND DISCUSSIONS

In this section, some simulation results are given to access
the performance of the proposed joint optimization of the
channel estimator and data transceiver. The most widely used
exponential correlation model, i.e., [¥];; = 0"77l [17] is
adopted for the transmit correlation matrix, and 6 is set as
0.4 without loss of generality. The transmitted pilot signals
are orthogonal, data signals are QPSK modulated, and the
simulation results are averaged over 10* independent random
realizations. The length of the transmitted symbols to compute
the BER is set to 10%. Algorithm in [25] is chosen as the
baseline algorithm. A single round of channel estimation
refinement is adapted in the simulation.

First, we investigate the scenario of Nt = Nr = 64,
and discuss the influence of different levels of noise on the
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Fig. 5. The MSE of data estimation under different numbers of antennas and
data streams.

performance of the proposed scheme. Note that, E{ss"} = I
and the SNR mentioned here is 10lg( U%) dB. In Fig. 3, the
MSE of FM-JO is always better than that of the conventional
method, which only optimizes Gcr once. This shows that
the FM-JO beneficially exploits the transmitted data for im-
proving the accuracy of channel estimation. When the length
of the data used for channel refinement is Tp = 47p, the
performance gap between the conventional method and FM-
JO becomes obvious in Fig. 3 and Fig. 4, compared to the
situation of Tp = 27p. This is because the longer transmitted
data provides more information for the channel estimator
and enhances the performance of data recovery, albeit at
higher computational complexity. Although the algorithm in
[25] also used data-aided channel estimation, its performance
improvement was lower than that of FM-JO relying on our
precoder design.

Additionally, as illustrated in Fig. 4, the MSE of QMO-
JO is lower than that of FM-JO at low SNRs. Since the data
estimation is inaccurate due to the poor channel estimation
at low SNRs, the channel refinement is inefficient, while the
QMO-JO succeeds in jointly optimizing the parameters for
minimizing the MSE of data estimation, thereby attaining
improved system performance. At a high SNR, the MSE of
FM-JO is superior to that of QMO-JO, since it processes more
accurate estimated data as pilots. Furthermore, QMO-FM-JO
combines the advantages of FM-JO and QMO-JO. At a low
SNR, the MSE of QMO-FM-JO is almost the same as that
of FM-JO, since the inefficient channel estimation neutralizes
the improvements caused by the QMO-JO. Upon increasing
the SNRs, the QMO-FM-JO starts to perform better than the
FM-JO, and they perform similarly at a high SNR, due to the
specific characteristics of QMO-JO.

Then we discuss the effect of different numbers of antennas
and data streams. Fig. 5 shows that when the number of data
streams is equal to the number of antennas, the Nt = Ny =
64 scheme performs slightly better than Nyt = Ng = 8.
Since the sum power of the precoder is constant, having

MSE of Data Estimation
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Fig. 6. The MSE of data estimation versus « associated with N7 = Ny =
64 at SNR=25dB.

more antennas means that less power is allocated for each
antenna, hence resulting in a modest improvement of the
performance. In addition, when the number of data streams
is set as 8, the scenario of Ny = Nr = 64 is superior to
Nt = Ny = 8, thus improving the spectral efficiency of the
communication system. However, the improvement of FM-JO
with Tp = 107p is almost the same as for Tp = 51p. This
indicates that when the number of antennas is high, more data
is required for channel refinement to achieve higher accuracy.

Let us denote the ratio of pilot sequence length to the
number of transmit antennas by «. The above simulations are
based on the assumption that the training sequence lengths
are equal to the number of transmit antennas, i.e. « = 1.
Fig. 6 illustrates the situation when the SNR is 25dB. The
proposed algorithms show excellent performance compared
to the baseline algorithm, even when there is a shortage of
pilots. The estimated data in FM-JO may be reused as pilots
for efficiently refining the channel estimation and the QMO-
JO scheme jointly optimizes the channel and data estimation.
Furthermore, the performances of the proposed algorithms
are similar, when insufficient pilots are used. Observe that,
the FM-JO associated with Tp = 107p performs better in
the data-aided mode. Additionally, it also demonstrates that
increasing the length of pilots beyond the number of antennas
slightly improves the MSE of data estimation at a high SNR,
but not sufficiently for justifying the increased pilot overhead.

Let us now consider the ultimate BER criterion to illustrate
the performance of data detection. The baseline algorithm
is that the TPC F' is simply a DFT matrix, and G¢cg and
Gpg are optimized as in (8) and (17), respectively. Fig. 7
shows the performance of QMO-JO vs. SNR, where QMO-JO
is seen to outperform the baseline and gradually approaches
the performance based on perfect CSI. Furthermore, Fig. 8
indicates that QMO-JO compensates well for the shortage of
pilots.

Fig. 9 shows the convergence of the proposed algorithms.
Observed that they both converge within 3 iterations. As for



BER of Data Detection

10° ‘
—>—baseline
—{—QM0-JO
—Q— Perfect CSI
102
m >
w
m
1074
10° ‘ ‘ ‘ ‘

5 10 15 20 25 30
SNR
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FM-JO, we have shown theoretically that the refined channel
aided by the data exhibits a lower MSE than the conventional
method solely relying on pilots. It also shows that an attractive
performance vs. computational complexity trade-off may be
attained after a single iteration. As for QMO-JO, since we
were able to derive the optimal solution in every iteration with
all other variables fixed, it is seen to converge to a fixed point
and thus a reduced MSE is achieved.

It may be concluded that, at high SNR, FM-JO is preferred
for channel estimation and data recovery in order to achieve
improved performance, but this is achieved at an increased
computation overhead. By contrast, at low SNR or in face of
insufficient training resources, QMO-JO has the edge. This
is because G g that minimizes the channel estimation error
might not be optimal in terms of minimizing the MSE of data
estimation at low SNRs, particularly leading to avalanche-like
error proliferation during channel refinement.

MSE of Data Estimation
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Fig. 9. The convergence of data estimation based on FM-JO with the length
of data Tp = 57p and Tp = 107p, and QMO-JO, when the number of
antennas is 64 x 64 and we have SNR=25dB.

VI. SUMMERY AND CONCLUSIONS

In this paper, the joint optimization of the channel estimator
and data transceiver was considered. The joint optimization
relied on solving a pair of linear matrix equalities in the
presence of noise terms in each. The channel estimation and
data transmission phases were jointly designed. The channel
estimation accuracy affects the data transmission and estimated
data can also be reused as pilots to improve the channel
estimation accuracy. In the FM-JO solution, the estimation
error models the impact of channel estimation on data esti-
mation and of data estimation on channel estimation, which is
investigated. In the QMO-JO algorithm, the channel estimation
phase is incorporated into the data estimation and then a joint
optimization problem is formulated. Closed-form solutions
are derived and connections of these algorithms are also
investigated. Finally, the simulation results have illustrated the
performance benefits of the proposed algorithms.

APPENDIX A
DERIVATIONS FOR E{Tr(AXpAX{)}

In this appendix, the quadratic expectation term in (16)
is derived. Assuming E{XpXH} = TpI and perform-
ing statistical expectation operations over AXp, the term
E{Tr(AXpAXE)} equals to [44]

E{Tr(AXpAXp)}
—E {T((Xp - Xp) (Xp — Xp)""]}
:E{Tr([GDE(YPGCE +AH)FXp + GpeNp — Xp)

X [Gpe(YrGcr + AH)FXp + GpeNp — XD]H)}
:TDE{Tr([GDE(YpGCE + AH)F — 1]

x [Gpe(YpGor + AH)F — I]H}

+ 02T Tr(GpeGhE)



=TpTr{I — GprYrGcrF — (GprYpGopF)!
+ (Gpe|YpGep FFRGEL YR + 021

+ ITe(FFR®c)|Ghg)}- (70)

APPENDIXB
DERIVATIONS FOR E{AH"AH}

Taking the statistical expectation over AH , the quadratic
term E{AHYAH?} equals to

E{AH"AH}
—E{(YGcr — H)"(YGcp — H)}

=E{(H([Xp, F(Xp+AXp)|Gcr—1I)+[Np, Np]Gcp)"
x (H([Xp, F(Xp+AXp)|Gep—I)+[Np, Np]Gck)}

:E{(égE[XPa F(X\D +AXp)|" -I)H"H

x ([Xp, F(Xp + AXp)|Ger — I)} + 02 NeGELGex
—E{GE:[Xp, F(Xp+AXp)|" Ry

X [XPaF(X\D+AXD)]6CE}_RH[XP7 FX\D]éCE

— Gy [Xp, FXp"Ry + Ry + 02 NrGELGeg. (71)

The quadratic term in the first term of the fourth equality in
(71) can be further reformulated into the following formula

E{[Xp, F(Xp + AXp)|"Ry[Xp, F(Xp + AXp)]}
| xHRuxp XY RyFXp 1
T | XUFURyXp XHUFURyFXp+ITr(®pFURyF)
=) (72)
As a result, we finally have
E{AH"AH}
=GH.SGcp—Ru|[Xp, FXp|Gep— Gy [Xp, FXp|" Ry
+ Ry + 02Ny GELGek. (73)
APPENDIX C

DERIVATIONS FOR E{AﬁHAﬁ} WITH OPTIMAL éCE

The MSE of channel refinement relying on the optimal C~¥CE
may be rewritten as

E{AH"AH}
=Ry — Ry[Xp, FXp|(Z + 02NgI) " [Xp, FXp]" Ry,

(74)

and we define
[ A U

_ 2
v D ] =+ 02Ngl.

Based on the inversion of the block matrix and the Woodbury

identity, we arrive at:
[(Xp, FXp|(Z + 02>NgI) [ Xp, FXp|"
=XpA ' X + (XpA~'U - FXp)(D-VA'U)™!
x (VAT XE - XHFH)
=Xp(XBRyXp + o2NgI) ' XH + U 1'®FX),
x (010 + 02 NpI + Ny XEFH®FXp) !

(75)

x ('@ FXp)'. (76)

Then, the MSE of channel refinement is simplified to

E{AH"AH}
=Np®c — Nr(®cFXp)
x (;711 + 02T + XBFU®FXp) H(®cFXp)™.
R
(77

APPENDIXD
DERIVATIONS FOR E{Tr(AXpAXH)}

Upon performing the statistical expectation over AXD, the

resultant quadratic term equals to

E{Tr(AXpAX)}
=E {TI“ [(YD — XD) (X/D — XD)H] }
:E{TI‘ ([éDE(YéCE + AH)FXD + éDEND - XD:|
~ ~ —~ ~ H
x [GDE(YGCE + AH)FXp + GoeNp — XD} ) }
:TDE{ﬁ([éDE(YéCE +AH)F I
X[Gi(Y Gor + AH)F — 11") } +02 T Tr(GoGlip)
:TDTI‘[I — éDEYéCEF — (éDEYéCEF)H
+ (GpelY Gep FFUGE Y + 021

+ ITe(FF®0)|GHL)]. (78)

APPENDIX E
THE OBJECTIVE FUNCTION OF JOINT OPTIMIZATION (52)

In this appendix, the objective function of the joint opti-
mization problem (52) is derived. The detailed mathematical
derivation procedure is formulated as

E{||W 2 [GpE.qYrGep.qFs+Gop.o(H—HXpGer.o
— NpGcgq)Fs + Gprqgn — s]||*} — log|W/|
—E{Tr(W 2 [Gpr.qYrGcp.qFs+Gppq(H
— HXpGcr,q — NpGcg,Q)Fs + Gpeqn — s])
x (W2[GpE.qYpGer.oFs + Goe.q(H—HXpGegq
— NpGcg.q)Fs+ Gpegn — s} —log [W|
—E{Tr(|W?Gpp.q(YrGcrq+ H — HXpGerq
— NpGepq)F — W3
X [W2Gpp.q(YpGerqg + H— HXpGepq
— NpGcpq)F - W2t}
+ UZTr(WGDE,QGgEQ) —log |W|
=E{Tr([W 2 Gpg.q(YpGer.otH—H XpGep.q) F-W 7
X[W2Gpp.o(YpGop.ogrH-H XpGep o) F-W2 1)
+ E{Tt[(W 2 Gpg.oNpGcp.oF)
x (W?2Gpg.oNpGee.oF))}
+ JfLTr(WGDE7QGgE7Q) —log |[W|



=E{Tr([W 2 Gpg.o(YpGep.otH—H XpGop.q) F-W 7
X[W2Gpp.o(YpGep.orH — HXpGep o) F-W 2|1}
+ UZTI‘(GCE,QFFHGEE,Q)Tr(WGDE,QGgE,Q)

+ 02 Tr(WGpE,oGhg.q) — log |[W].

(79)

The first term in the final equality of (79) is further reformu-
lated into

E{Tr([W 2 Gpg.o(YeGep.orH—H XpGep.q) F-W 7|

X[W* G, (Yo Gor. ot H-H XpGer,q) F-W %)}

=Tr[(W?2Gpp.qYpGep oF — W?)

X (W%GDE’QYPGCEQF — W%)H]
+ E{Tx([W?2Gpp.oH (I — XpGcp.q)F]
X [W2Gpp.qH(I — XpGep.o)F™)}

ZTT[WGDE,Q(YPGCE,QF)(YPGCE,QF)HGISEQ +W

—~ WGpgqYrGer oF — (WG QYrGer,oF)"]
+ TI‘[‘I’(I — XPGCEQ)FFH(I — XPGCE,Q)H]
x Tr(W GpE,oGhE.q)

+ 05 Tr(Geg,o FFYGEp o) Tr(W GpE,oGhE q)-
(80)

Therefore, the objective function of the joint optimization (52)
can be reformulated into

E{||W 2 [Gpr.qYrGor . Fs+Gpr,q(H—HXpGop g

— NpGcg.q)Fs+ Gpeqn — s]||2} — log |W|

:TI‘[WGDE,Q (YPGCEQF) (YPGCE,QF)HGEEQ + W

[1]

[2]

[3]

[4]

[6]

[7]

— WGprqYrGcrqF — (WGDpE QYrGer oF)"
+ o TT(WGDE,QGSE,Q) + Tr(WGDE,QGgE,Q)
x Tr[®(I — XpGepq)FFMI — XpGepg)'

+ 07 Tr(Gep,g FF'GEg o) Tr(W Gpe,Gig o)

— log |W|. (81)
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