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Abstract

Multiple antenna systems are known to provide very large data rates, when the per-
fect channel state information (CSI) is available at the receiver. However, this requires
the receiver to perform a noise-free, multi-dimensional channel estimation, without using
communication resources. In practice, any channel estimation is noisy and uses system
resources. In this two-part paper, we solve the trade-o [detween estimating the channel
better and increasing the achievable data rate. We consider correlated multi-input multi-
output (MIMO) channels with block fading, where each block is divided into training and
data transmission phases. The receiver has a noisy CSI that it obtains through a channel
estimation process, while the transmitter has partial CSI in the form of covariance feed-
back. In Part I, we consider the single-user case, and optimize the achievable rate jointly
over the parameters of the training and data transmission phases. In particular, we first
choose the training signal to minimize the channel estimation error, and then, develop an
iterative algorithm to solve for the optimum training duration, the optimum allocation
of power between training and data transmission phases, and the optimum allocation of
power over the antennas during the data transmission phase. In Part Il, we extend our
results to multiple access channels, and provide a detailed numerical analysis for both
single-user and multi-user scenarios.

Index terms: MIMO, partial CSI, covariance feedback, optimum power allocation, channel
estimation.
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1 Introduction

In wireless communication scenarios, the achievable raté a system depends crucially on the
amount of CSI available at the receivers and the transmittex. The CSI is observed only by the
receiver, which can estimate it and feed the estimated CSI dato the transmitter. However,
measuring the CSI and feeding it back to the transmitter usesommunication resources, which
could otherwise be used for useful information transmissio

There have been several di erent assumptions in the literate on the availability of the CSI
at the receiver and the transmitter. With perfect CSI at the leceiver and the transmitter, the
optimum adaptation scheme is water- lling [1, 2]. Howeverin some cases, especially in MIMO
links, feeding the instantaneous CSI back to the transmitteis not realistic. Therefore, some
research assumes that there is perfect CSI at the receiventlonly partial CSI available at the
transmitter [3{7].

Another line of research considers the actual estimation @he channel at the receiver,
which is noisy. The capacity and the corresponding optimumignalling scheme for this case
are not known. However, lower and upper bounds for the capgcican be obtained [8{10]. It
is important to note that [8{10] do not consider optimizing the channel estimation process,
because of the assumption of the existence of a separate ct&rhat does not consume system
resources for channel estimation.

For a single-user multiple-antenna system with no CSI avaible at the transmitter, [11] con-
siders optimizing the achievable rate as a function of bottne training and the data transmission
phases. Since there is no CSI feedback, the transmitter powadlocation is constant over the
channel states and the antennas. In this case, optimizing éhachievable rate involves nding

the optimal power allocation between the training and dataransmission phases, determining



the optimal training sequence length, and the optimal traimg symbols.

Part | of this two-part paper considers a single-user, bloetading, correlated MIMO channel
with noisy channel estimation at the receiver, and partial Sl available at the transmitter. The
CSI feedback that we consider lies somewhere between pdresl [10] and no CSI [11], and it
is similar to [3{7]. We consider the fact that the training phase uses communication resources,
and we optimize the achievable rate of the data transmissiqrhase over the parameters of the
training and data transmission processes. Our model di erBom [11] in that we consider a
correlated channel, which requires a power allocation ovédre antennas, and we do not have a
constraint on the training signal duration, which might reslilt in shorter training signals.

The training phase is characterized by three parameters, mely, the training signal, the
training sequence length and the training sequence power.infiarly, the data transmission
phase is characterized by the data carrying input signal, da transmission length, and the
data transmission power. Assuming that the receiver usesid@ar minimum mean square error
(MMSE) detection to estimate the channel during the trainirg phase, we rst choose the training
signal that minimizes the MMSE. This choice also increase$d achievable rate of the data
transmission phase [11]. However, unlike [11], our resulbels not necessarily allocate equal
power over the antennas, and might not estimate all of the aitable channel variables. Then, we
move to the data transmission phase, and maximize the ach@bhle rate of the data transmission
jointly over the rest of the training phase parameters, andata transmission phase parameters,
i.e., we nd the optimum partition of the given total transmitter power and the block length
between the training and the data transmission phases, ancevalso nd the optimum allocation
of the data transmission power over the antennas.

Part Il [12] extends the results of Part | to multiple-accesschannels. It also provides

extensive numerical analysis for both single-user and miiliser scenarios.



2 System Model

We consider a point-to-point channel withng antennas at the receiver ancht antennas at the
transmitter. The channel between the transmitter and the reeiver is represented by ang  nt
dimensional random matrixH . We consider a block fading scenario where the channel remsi
constant for a block (T symbols), and changes to an i.i.d. realization at the end ofi¢ block. In
order to estimate the channel, the receiver performs a lineMMSE estimation using training
symbols overT; symbols. During the remainingTy = T T, symbols, data transmission occurs.
While the receiver has a noisy estimate of the realization tiie fading channel, the transmitter
has only the statistical model of the channel. At timen, the transmitter sends a vectorx,,, and
the received vector is

rh=Hx,+n,, n=1;:::;T (1)

wheren, is a zero-mean, identity-covariance complex Gaussian vectand the entries ofH are
complex Gaussian random variables. The transmitter has a wer constraint P, averaged over
T symbols.

The statistical model that we consider is the \partial CSI wih covariance feedback"™ model
where the transmitter knows the channel covariance inforntian, in addition to the distribution
of the channel. We will assume that the receiver does not haasy physical restrictions and
therefore, there is su cient spacing between the antenna einents on the receiver such that the
signals received at di erent antenna elements are uncoregéd. However, there exists correlation

between the signals transmitted by di erent antenna elemés. The channel is modeled as [13],

H=2z *? @)



where the entries oZ are i.i.d., zero-mean, unit-variance complex Gaussian rdom variables.
From this point on, we will refer to matrix  as the channel covariance feedback matrix. Similar

covariance feedback models have been used in [3{7].

3 Joint Optimization for Single-user MIMO

In our model, a coherence interval, over which the channel ised, is divided into two phases:
training phase and data transmission phase; see Figure 1. &fransmitter usesP; amount of
power during the training phase, and?y amount of power during the data transmission phase.
Due to the conservation of energy, we haye T = P T, + PyTjy.

The optimization criterion that we consider is the achievale rate of the data transmission
phase. Unlike the case with perfect channel estimation, théata rate here depends on the
estimation parameters: training signals, training signal powerP;, and training signal duration
T;. Therefore, we need to optimize the rate jointly over thesehannel estimation parameters
and the data transmission phase parameters. Intuitively, éonger training phase will result in
a better channel estimate and therefore a larger achievahlate during the data transmission
phase, since the channel estimation error contributes to ¢he ective noise. However, we use
channel resources such as time and power during the channsfirmation process, which could
otherwise be used for data transmission. A longer traininghase implies a shorter data trans-
mission phase, as the block length (coherence time) is xed shorter data transmission phase,
in turn, implies a smaller achievable rate. Similarly, the mare the training power, the better
the channel estimate will be. However, since the total powes xed, a larger training power
will imply a smaller data transmission power, which will deease the achievable rate. Here, we

will solve these trade-o0 s, and nd the optimum training and data transmission parameters.



We will rst consider the channel estimation process duringhe training phase, and choose
the training signals to minimize the channel estimation eor. Then, we will consider the
data transmission phase and develop a lower bound to the cajtg, which can be achieved by
Gaussian signalling. We will optimize this rate jointly ove the rest of the channel estimation

parameters and the data transmission parameters.

3.1 Training and Channel Estimation Phase

In practical communication scenarios, the channel is estated at the receiver. One way of doing
this is to use training symbols before the data transmissiostarts. The receiver estimates the
channel using these training signals and the output of the annel. Since the channel stays the
same during the entire block, we can write the input-output elationship during the training

phase in a matrix form as

R, = HS + N, (3)

whereS is annt T, dimensional training signal that will be chosen and known aboth ends,
R, and N, areng T; dimensional received signal and noise matrices, respeetiv The n
column of the matrix equation in (3) represents the input-otput relationship at time n. The
power constraint for the training input signal is T—lttr( SS) P

Due to our channel model in (2), the entries in a row of are correlated, and the entries
in a column ofH are uncorrelated, i.e., row of the channel matrix is i.i.d. with row . Let us

represent rowi of H ashy, with E[h;hY]= ;i =1;:::ng. Since rows are i.i.d., the receiver



can estimate each of them independently using the same traig signal. Re-writing (3), we get

2 3 2 3 2 3
r hy Y
: = : S+ : : (4)
r%/nR th n%/nR
Now, the i"" row of the above equation can be written as
ri = S'hi + ny: (5)

The receiver will estimate thei™ row of the channel matrix using the received signal; , and the
training signal S. In general, the estimatei; can be set to any function ofS and ry;. That is,
A, = f (S;ry). However, it is common to use and easier to implement lineMMSE estimation.
Also, when the random variables involved in the estimationra Gaussian, as in Rayleigh fading
channels, linear MMSE estimation is optimal. In order to ndthe linear MMSE estimator, we
solve the following optimization problem withA; = Mr 4 as the estimate oh;, andh; = h, A,

as the channel estimation error,

h i h i
min E R = min E tr A Y (6)
=m'\i/|n E tr (hy Mryg)(hy Mry) (7)

Solving the optimum M from (7) is equivalent to solvingM from the orthogonality principle

for vector random variables, which is given as [14, page 91],

h i
E (hi Mrg)rf{ =0 (8)



whereQ is theny  T; zero matrix. We can solveM from (8) as
h i h i
M=E hrf{ E rgry ; 9)

By using (5), we calculateE[h;r¥] = S , and E[ryr{] = S + I. Then, the optimum M

becomesM = S (&S + 1) 1. Using this, the mean square error in (7) becomes,

h i
min E AR, =tr S(es +1)1s (10)

=tr  l+sy * (11)
where the last line follows from the matrix inversion lemmalb, page 19]. Note that the mean
square error of the channel estimation process can be furthteecreased by choosing the training
signal S to minimize (11). In addition, it is stated in [11] that the training signal S primarily
a ects the achievable rate through the so calle@ ective signal-to-noise ratio which is shown
to be inversely proportional to the MMSE [11]. Therefore, ahosingS to further minimize the
MMSE, we also increase the achievable rate of the data tranmsion phase. The following

theorem nds the optimal training signal for a given training power and training duration.

Theorem 1 For given = U uY, P, T;, and the power constraint t(SS’)  PT;, the
optimum training input that minimizes the power of the charel estimation error vector is

S=U 7 with
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where % is the Lagrange multiplier that satis es the power constrat with s = P—F_JL,
and J is the largest index that has non-zero®.
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Proof: Let us haveS = Usg ézzvé. The expression in (11) is minimized when ! and SS
have the same eigenvectors [16]. Therefore, we hdyg = U . Since,SS = Us sUZ, and

the unitary matrix Vs does not appear in the objective function and the constraintwe can

chooseV s = |. Inserting this into (11), the optimization can be written as
~= min tr 14 ¢ ' (13)
tr(As) PtTi

The Langrangian of the problem in (13) can be written as

Xt 1 ) Xt S
T, s S i Py (14)
i=1 Iz I i=1

where % is the Lagrange multiplier. The solution that satis es the KKT conditions gives us
(12), which is water- lling over the eigenvalues of the chamel covariance matrix. In order to
calculate s, we sum both sides of (12) over all antennas to gets = Pt—fﬁ whereJ is
the largest index that has non-zero 5. 2 |

It is important to note that for any given P, and T; > n 1, the e ect of training length is
completely eliminated from the channel estimation problem.e., increasingT; beyondnt does
not result in better channel estimates. However, largér; will result in smaller data transmission
length, and decrease the achievable rate of the data transssion phase. Therefore, itis su cient
to consider onlyT,  nt, which we will assume through the rest of this paper.

Theorem 1 tells us that the optimum transmit directions of the training signal are the
eigenvectors of the channel covariance matrix, and the righigenvector matrix of the training

signal is identity. As a result, the columns ofS are the weighted columns of a unitary matrix,

and they are orthogonal. Since each column & is transmitted at a channel use during the



training phase, vectors that are transmitted at each chanteise during the training phase are
orthogonal to each other. This means that, at each channel eisit is optimal to train only
one dimension of the channel along one eigenvector. Morepwle optimum power allocation
policy for the training power is to water- Il over the eigenalues of the channel covariance
matrix using (12). Depending on the power constraint and théraining signal duration, some
of the eigenvalues of the training signal might turn out to bezero. This means that some of
the channels along the directions corresponding to zero eityalues of the training signal, are
not even trained.

Note that s is a function of only P, and T;, which are given to the problem in Theorem
1, and will be picked as a result of the achievable rate maximdtion problem in the data
transmission phase. The value of; determines the total number of available parallel channels
in the channel estimation problem, and the value d®?, determines the number of channels that
will be estimated. The parametric values oP; and T; will appear in the achievable rate formula
in the data transmission phase. After the rate maximizations performed, the optimumP; and
T, will be found, and these in turn, will give us the optimumS through Theorem 1.

Before moving on to the next section, we will calculate the génvalues of the covariance

matrices of the estimated channel vector, and the channeltsation error vector. Plugging S

h [
into the covariance of the channel estimation error;” = E Ffiy = 1+ S 1, we nd
~=U Y+ g ! UY, where the eigenvalues can be found using (12) as
8
2 si s< i, )
~‘=s =min ;; s (15)

Note that along the directions that we send training signalsi.e., when the corresponding

eigenvalues of the training signal are non-zero§ < ), the variance of the channel estimation

9



error is the same for all directions. Along the directions tt we do not send training signals,
the variance of the channel estimation error is equal to theaviance of the channel along that
direction. This is expected, since the channel is not estirted along that direction, the error
in the channel estimation process is the same as the realimat of the channel itself.

Next, we will calculate the eigenvalues of the covariance tife channel estimate. Using the
orthogonality property of the MMSE estimation, i; and i; are uncorrelated [14, page 91]. The

[
covariance matrix of the channel estimate' = E ﬁiﬁiy becomes

"~u v U~ W (16)

N

= U -~ U, u "W (17)
which has the same eigenvectors as the covariance matrix bétactual channel, however, their
eigenvalues are di erent. We can write each eigenvalue ofdltovariance matrix of the estimated
channel as’\i =min O; s . Along the directions that we do not send training signals,ite
value of the channel estimate itself is zero. Therefore, aspected, the power of the estimated
channel is zero as well, along those channels witly > ;.

In the next section, we will plug in these values into the ratdormula and develop an
algorithm that solves the rate maximization problem of the dta transmission phase jointly in
terms of the training signal powerP;, training signal duration T;, and the covariance of the
data carrying input signal Q. When the joint optimization problem is solved, the resultig P;

and T; will determine the optimum training sequenceS through Theorem 1.
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3.2 Data Transmission Phase

When the CSI at the receiver is noisy, the optimum input signiang that achieves the capacity is
not known. Following [8{11], we derive a lower bound (i.e.,raachievable rate) on the capacity
for our model, and nd the training and data transmission paameters that result in the largest

such achievable rate. Using the channel estimation errdff = H A, we can write (1) as
r=HAx + Ax + n: (18)

wherex is the information carrying input, n is a zero-mean, identity-covariance complex Gaus-
sian vector. LetQ = E[xxY] be the transmit covariance matrix, which has an average pew
constraint of Py, tr(Q) Pg. Although the optimum input distribution is not known, we

achieve the following rate with Gaussiarx for a MIMO channel [10],
h [
Cp=1(r;xjA)=E log I + R HQHY (19)

whereR is the covariance matrix of the e ective noiseAx + n, which is equal to

Hx+n

h i h i

R =E AxxYHY +1=E AQHY +I: (20)

Hx+n

h [
By denoting each row off ash?, we can write the {;j )" entry of E HQHY as,

8
h i h i E tr(Q~); when i=]j
E WQN =tr QE WA = . 1)
-0 when i 6 |

11



h i
which results inE HQ HY =tr( Q 7)I. Since our goal is to nd the largest such achievable

rate, the rate maximization problem over the entire block beomes

T T AQAY
R= max ‘E log | + _AQRY (22)
QpiTozs T 1+tr(Q7)
r(Q) Py
n 0

whereS = (Q;Py;T) tr(Q)Tq+ P, T, = PT , and the coe cient TT—Tt re ects the amount of
time spent during the training phase. The maximization is osr the training parameterspP;,
and T;, and the data transmission paramete€), which can be decomposed into its eigenvectors,
i.e., the transmit directions, and eigenvalues, i.e., powgalong the transmit directions.

While solving this optimization problem, we will rst nd th e optimum transmit directions
of the data transmission phase, which are given by the eigawtors ofQ. We will then focus on
the joint optimization of the rate over the eigenvalues (i.e power distribution over the transmit

directions) of Q, the transmit power and the duration of the training phase.

3.2.1 Transmit Directions

Unlike the case with no-CSI at the transmitters [11], the optum transmit covariance matrix
is not equal to the identity matrix. In this case, the problembecomes that of choosing the
eigenvectors, i.e., the transmit directions, and the eigealues, i.e., the powers allocated to the
transmit directions, of the transmit covariance matrixQ = Ug oU?, to maximize (22).
When the CSI at the receiver is perfect, [4] showed that the ggnvectors of the transmit
covariance and the channel covariance matrices must be efjuee., Ug = U . In the next

theorem, we show that this is also true when there is channedtanation error at the receiver.

Theorem 2 Let = U UY be the spectral decomposition of the covariance feedbackrira

of the channel. Then, the optimum transmit covariance matiQ has the formQ = U qU” .

12



Proof: We have shown that, when = U UY, we have™ = U " UY, and ~ =

U ~ UY. By using (2), we haveAl = 2U "'7?UY. Inserting these into (22), we obtain

2 3
T T 2/\1:2 y /\1=22y
R= max —— ‘E4log | + U'QuU 5 (23)
Qe Tz 1+r UYQU ~

where we used the fact that the random matrice2U and 2 have the same distribution for
zero-mean identity-covariance Gaussia# and unitary U [2]. We may spectrally decompose

the expression sandwiched betweeh and its conjugate transpose in (23) as
"PyYQu MP=uu (24)

Using (24), and the identity tr(AB) = tr( BA), we can write the trace expression in the
denominator of (23) astr UYQU ~ =tr UY" '~ U , and the optimization problem
in (23) can be written as

2 3
T T 2 2y
R= max — LE 4log | + 5 (25)

(QPt:Tt)2S N1~
Qs 1+tr UY U

where we again used the fact that the random matrice8U and 2 have the same distribution.
Since, in (25), the numerator of the objective function doesot involve U, and using [17, The-
orem 9.H.1.h, page 249], we know for the denominator that tf( *~ ) tr(UY" 1~ U ),
for all unitary U, we can choos& = | to maximize the rate as long as this choice is feasible.

In order to check for the feasibility, we write the trace corsaint on Q using (24) as

tr(Q)=tr(U " YPuu Y PPUY)=tr(UY" U ) (26)

13



Again from [17, Theorem 9.H.1.h, page 249], tf( * ) tr(UY" U ) Py, for all unitary

U. Therefore, we conclude thalu = I choice is feasible. Then, usingy = I, from (24), we

AN

have the desired resultQ = U " *U with o="1 .2

Using Theorem 2, we can write the optimization problem in (22as,

T T " LY i
R= max 'E log | + —i=p 1 1715 27
( @piT)2P T J 1+ In:Tl iQ"i @7
n P (0]
where @ =[ P;:::; Q1P = QP T, "2 Ty+ PTy=PT , and %;, which is

anng 1 dimensional i.i.d., zero-mean, identity-covariance Gasian random vector, is the™

column of 2.

3.2.2 Power Allocation Policy

In a MIMO system, a transmit strategy is a combination of a trasmit direction strategy, and
a transmit power allocation strategy, which is the set of ofptnum eigenvalues of the transmit
covariance matrix, @, that solves (27). Although Theorem 2 gives us a very simpldosed
form solution for the optimum transmit directions, solving(27) for 2 in a closed form does
not seem to be feasible due to the expectation operation indhobjective function. Therefore,
we will develop an iterative algorithm that nds the optimum ©.

For a single-user MIMO system with perfect CSI at the receiveand partial CSI at the
transmitter in the form of covariance feedback, an algoritm that nds the optimum power
allocation policy is proposed in [6]. In this section, we eghd the algorithm in [6] to the
case when there is channel estimation error at the receiver;, in other words, when we have
the training signal power and the training signal duration m the sum-rate expression. The

algorithm in [6] cannot be trivially generalized to the modkin this paper, since, here we have

14



the training power Py, and the training duration T; as additional parameters.

By plugging ", and ~, into (27), we get

T T )
R= max 'E log I + p =L (28)

(QpPuTy2r T 1+ 2 Qo+ M Q

This is to be expected, because we have trained onlytransmit directions, and we should now

solve forJ power values along those directions. Consequently, we have

1] PJ #

T T, P P VY
R= max E log |+ —=t 11 !
( QPP T g 1+ Py

(29)

From Theorem 1, we know that]  T;. We further claim that while optimizing the rate,
it is su cient to search over those (P;; T;) pairs that result in J = T;. In other words, for any
pair (P;; T;) that results in J < T, we can nd another pair (Pt;TtO) that results in a higher
achievable rate. In order to see this, consider a paiP(; T;) that results in J < T, then let
us chooseT, = J. For this choice, the result of Theorem 1 is the same, sinceetavailable
power can only Il J of the parallel channels, and the amount of power lled overhoseJ
channels does not depend in the number of empty channels. Tare with (Py; Tto) = (P;J),
the estimation process yields the same channel estimate. Whwe look at (29), we see that
inside of the expectation is the same for bothR; T;) and (Py; Tto). However, the coe cient in
front of the expectation is higher with Pt;TtO), sinceJ = Tt0 < T:. Therefore qot;Tf) yields a

higher achievable rate and it is su cient to search over thos (P;; T;) pairs that resultin J = T;.

15



We can now write (29) as

T P gae
R= max E log |+ —= 121 L 30
( QPuTO2R T g 1+ sPy (30)
n 0
P n Q P T 1 1 ;
whereR = QP T, i i Tg+P T =PT;RR> [, = = ,andthe condi-

Tt

tion Py > P ithl % Az guarantees that, using the pair Py; T;), all T; channels are lled,
ie.,J =T.

Note that the parameters that we want to optimize (30) over a& discrete valuedT;, and
continuous valuedP;, and ©. Since, for every value off;, both the coe cient in front of the
expectation, and the number of terms in the sum in the numerat of (30) are di erent, the
form of the objective function is also di erent. SinceT; is discrete, and 1 T, nt, we can

perform an exhaustive search ovef, and solvent reduced optimization problems with xed

T: at each one. Then, we take the solution that results in the mamxum rate, i.e.,

n P #
T T Qe 2,2Y
R= max max 'E log | + —i=L | (i )22 (31)
1 To nt( QPORT, 1+ sPq
n P P (0]
whereR 1, = QP o2 T+ P =PT;R> [ L L
Tt i
While solving the inner maximization problem, we de nef;(P;) = JTPSd’ fori=1;:::;T.
In this case, the inner optimization problem becomes
n #
T T t
Ry, = max 'E log | + Of (P)22Y (32)
( QP)2RT, T

i=1

Note that, for the inner optimization problem, in addition to Ty, if P; was xed, f;(P;) would also
be xed. In this case, the problem in (32) would become exagtthe same as the corresponding

problem with perfect CSI assumption at the receiver [6], wine here,f;(P;) replaces ; in [6,

16



equation (8)]. In the optimization problem in (32), we haveT, + 1 optimization variables,

" # ! !
X Xt
T _I_TtE log | + Of (P)2;2) ° Ty+PT. PT (33)

i
i=1 i=1

where is the Lagrange multiplier, and we omitted the complementar slackness conditions

i P .
related to the positiveness of iQ, and P, ithl = iz . The KKT conditions can be

Tt

written as
T, h [
?fi(Pt)E Z/A 1z Tg i=1:::0:T (34)
t h [
Ty X @f(Py)
T °E ZA z @Pt =T, (35)
P Tt Q y i ;
where A = | + 1 ~fi(P)22/, and the equality of the last equation follows from the

" . P
complementary slackness condition, which say > L‘l % -+ . If the complementary
t I

slackness condition is not satis ed, i.e., if we hadP i Y %t iz , then at least one
of the channels out ofT; channels could not be lled, i.e.,J < Ty, and therefore this choice
of (Py; Ty) pair is not optimal. Therefore, the complementary slackres condition is always
satis ed, resulting in the equality in (35).

Note that when the optimum iQ is non-zero, the corresponding inequality in (34) will be
satis ed with equality due to its corresponding complemerry slackness condition. Therefore,

we pull the expectation terms from (34) for those equationsitih non-zero iQ's, and insert them

into (35). Since those indices with iQ = 0 do not contribute to (35), we have

X f1qPy) T
Qli t) _ t
Py Tq (36)

17



where we canceled's out on both sides. Now, we have a xed-point equation whicdoes not

include any expectation terms. We can use this to soh\® in terms of iQ's. Also note that the

structure of (34) is the same as the KKT conditions in [6]. Theefore, we propose to update
iQ in the same way as in [6], and between the iterations solve {36 update P;. At any given

iteration, our algorithm rst solves Py(n + 1) from

Xt fqP(n+1) T
Q2 =/ -t
e T T 37)
and then, updates 2(n + 1) using
o h [
C(Mfi(P(n+1)E Z/A 'z
°h+1)= p : h (PT_PO*DT). gy, (38)
o) (PN +1)E ZA 1z Ta

This algorithm nds the solution for the training power Py, and the eigenvalues of the transmit
covariance matrix 1Q; i Qt, fora xed T;, forl T; ng. We run ny such algorithms, and
the solution of (30) is found by taking the one that results inthe largest rate, which gives us
the optimum T;.

As a result, we solved the joint channel estimation and resoee allocation problem that
we considered in this paper. Through the optimunT; and Py, we nd the optimum allocation
of available time and power over the training and data transission phases, since total block
length and power is xed. Through Theorem 2, we nd the optimum transmit directions, and
through 2::::; %' we nd the optimum allocation of data transmission power ogr these
transmit directions. Finally, the optimum training signal S is determined by the optimumT;
and P, through Theorem 1.

Analytical proof of the convergence of this algorithm seenis be more complicated than the
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proof in the case when there is no channel estimation errof,[@&nd seems to be intractable for
now. However, in our extensive simulations, we observed ththe algorithm always converged.
As an example, in Figure 2, we consider a system witlhy = ng = 3 having power, P = 20 dB,

and block length, T = 10. For this system, we run our algorithm for all three poss&ile values
of the training symbol duration, i.e., T, = 1;2;3. We observe in Figure 2 that estimating two
of the three dimensions of the channel is optimum for this s&tg. We refer the reader to the

Part 11 [12] of this two-part paper for a more detailed numergal analysis.

4 Conclusions

In this rst part of the two-part paper, we analyzed the joint optimization of the channel
estimation and data transmission parameters of a a singleser MIMO block-fading channel
where the receiver has a noisy estimate of the channel and ttiansmitter has the partial CSI
in the form of covariance feedback. We rst found the optimumtraining signal to minimize
the MMSE, and then, we formulated the joint optimization prdlem over the eigenvalues of the
transmit covariance matrix and the channel estimation panameters. We solved this problem by
introducing a number of reduced optimization problems, ehcof which can be solved e ciently
using the proposed iterative algorithm. Through simulatios, we observed that the proposed
iterative algorithm converges and it converges to the sameomt regardless of the initial point

of the iterations.
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Figure 1: lllustration of a single coherence time, over whicthe channel is xed.
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Figure 2: The convergence of the single-user algorithm withr = ng = 3, 20 dB total average
power andT = 10: (a) one symbol long training,T; = 1; (b) two symbols long training, T; = 2;
(c) three symbols long training, T; = 3.
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