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Abstract—The reuse of pilot sequences in a Massive MIMO
system leads to pilot contamination, which reduces the channel
estimation quality and adds coherent interference in the data
transmission. A standard method to reduce pilot contamination,
known as regular pilots (RPs), is to increase the pilot overhead
and reuse pilots more sparsely in the network. Another approach,
denoted as superimposed pilots (SPs), is to send a superposition
of pilot and data symbols which allows the system to reuse
pilots far more sparsely. This work performs a comparative
analysis of RPs and SPs in Massive MIMO considering the joint
spectral efficiency (SE) of the uplink (UL) and downlink (DL)
communications. A rigorous DL lower bound on the capacity with
SPs is derived and multiobjective optimization theory is used to
compare the UL and DL SE between RPs and SPs. Numerical
results indicate that RPs and SPs give comparable SE when both
methods are optimized.

I. INTRODUCTION

The increasing demand for data traffic is the driving force
for the development of wireless communication technologies
[1]. Massive MIMO makes use of a large number of antennas
at base stations (BSs) to simultaneously serve several user
equipments (UEs) by means of spatial multiplexing. This
technology improves the spectral efficiency (SE) of the system
by orders of magnitude compared to single antenna communi-
cations and is considered as a viable option for next generation
wireless networks [2].

Obtaining accurate channel state information (CSI) in mul-
tiuser MIMO systems is highly important. The time division
duplexing (TDD) transmission protocol has been proposed for
Massive MIMO where the UEs send uplink (UL) pilot signals
that are used by the BSs to estimate the channels. These
estimates are then employed to detect UL data signals and
to precode (by exploiting channel reciprocity) data signals to
UEs in the downlink (DL) [3].

The number of available orthogonal pilot sequences is
limited by the size of the coherence block. Therefore, pilots
need to be reused among cells in practical networks. This
causes interference in the channel estimation process that, in
turn, adds coherent interference in the UL and DL data trans-
missions, giving rise to the so-called pilot contamination effect
[4]-[9]. Different approaches have been proposed to mitigate
the effect of pilot contamination, such as methods based on
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semi-blind channel estimation [4]-[6] or the exploitation of
the spatial channel correlations [7]-[9]. A standard method is
to use more symbols for pilots than served UEs per cell, which
allows the network to reuse pilots less frequently, thereby
reducing the effect of pilot contamination at the expense of
increasing the pilot overhead [10]-[12]. This method is known
in the Massive MIMO literature as regular pilots (RPs).

Another approach to perform channel estimation is to send
pilot and data symbols simultaneously. This is referred to as
supersimposed pilots (SPs) and has been studied in estimation
and detection theory for a couple of decades [13]-[19]. Re-
cently, in [17]-[19] the use of SPs have been proposed as an
alternative method to reduce pilot contamination in Massive
MIMO. The main idea is for UEs to simultaneously send pilot
and data signals in the UL allowing the use of longer pilot
sequences that are thus reused less frequently in the network.
In doing so, interference in the channel estimation process
is reduced. However, this method adds interference from UL
data signals into the channel estimates. This causes strong
correlation with the received signal in the UL, which results
into extra coherent and non-coherent interference that limits
the performance of the UL detection [20]. In the DL, the effect
of SPs are different since the UL channel estimates and DL
data signals are independent. In this case, the use of longer
pilot sequences may have potential benefits.

In this work, RPs and SPs are compared looking at the
joint optimization of UL and DL spectral efficiencies. To this
end, closed-form rate expressions for the DL are derived, from
which the different sources of interference are identified and an
analytical comparison between RPs and SPs is offered. Then, a
multiobjective optimization problem is formulated considering
as objectives the UL and DL sum rates and as optimization
variables: the proportion between UL and DL samples; the
length of pilot sequences (with RPs); and the proportion of
power between pilot and data symbols (with SPs). The analysis
shows that with SPs there is an extra correlation between
the precoding vectors and the channels to all other UEs (not
only to the ones using the same pilot). This creates coherent
interference, which limits the SE of the system.

II. SYSTEM MODEL

Consider a multicell system where ® is the set containing
the indices of all BSs. Each BS is equipped with M antennas
and serves K UEs. The analysis is focused on an arbitrary
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BS, denoted as BSp, and an arbitrary UE served by BSy,
denoted as UE;. A TDD transmission protocol is considered,
as illustrated in Fig. 1, where the UL and DL transmissions
are divided in time and channel reciprocity is exploited to
use the UL channel estimates for DL data precoding. A block
fading channel model is considered where the communication
channels are assumed to remain static during a time 7, and
frequency-flat within a bandwidth B,, in which both UL and
DL transmissions take place. This time-frequency block is
referred to as a coherence block and contains 7. = T.B,
complex samples of which, 7, are used for the UL and 7
for the DL, with 7. = 7,; + 74;. The total system bandwidth
is By and By/B. is assumed to be an integer for simplicity.
The channel between the M antennas of BS;; and UE; is
defined as hyy; ~ CN(0, By11;1s ), where Byy; accounts for the
large-scale fading between BS;; and UE;;. The UL pilot and
data symbols transmitted by UE;; are denoted by ¢, and s;;,
respectively, where the elements of s;; are uncorrelated, have
zero mean and unit variance. The transmission powers of UL
pilot and data symbols are denoted as q;; and py;, respectively.
Let x;; € C™ denote the UL symbols transmitted by UE;; as

T
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where -7 denotes transpose operation. The received signal at
the M antennas of BSy over the 7,; samples is

X =

K
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where Ng = [no1,...,n0r,] is the noise matrix with

ny; ~ CN (0, o?1y) V5 € {1,..., 7y} and noise variance 0.

The DL data symbol transmitted by BS; towards UE;; in an
arbitrary sample of the coherence block is denoted as ¢;; € C.
The received signal at UEgy is

K
yor = Y _ i wi/prci + no 3)

1ed i=1
where py; is the transmission power that BS; allocates to UE;;,
which is assumed to be the same with RPs and SPs.! The
receiver noise at UEqy is ngr, ~ CN (0702). The precoding
vector from BS; to UE;; is denoted by wy; and normalized

IThis assumption is made for ease of notation. In Section IV, the power is
allocated differently with RPs and SPs.

such that E{||w;;||?} = 1. This vector is chosen based on the
channel estimates obtained from the UL pilot signals.

III. CHANNEL ESTIMATION

To estimate the channels with both RPs and SPs, linear
minimum mean-squared error (LMMSE) estimation based on
the UL pilot signals is implemented. Let 7, out of 7,; samples
be used for transmitting pilot signals, then 7, € [K, 7,;] with
RPs and 7, = 7, with SPs. To avoid cumbersome pilot
allocation methods, assume that each BS assigns K orthogonal
pilot sequences uniformly at random within its cell. The pilot
sequence assigned to UEy; is defined as ¢;; € C™ such that

I T, fori' =i
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which means that, within each cell, the assigned pilots are mu-
tually orthogonal. The pilot assignment is done independently
by each BS, so that if I’ # [ then

with probability L

v i 5)
A 0 with probability 1 — L.

For ease of notation, we use Xﬁ?(/p) = idvs {0,1}
to indicate when UE;; has been assigned tfle same pilot
as UEj,.2 To estimate the channel hy;, BS; performs a
despreading operation on the received UL pilot signal (2)3
by multiplying it with ¢;;/,/7,. This leads to [20]
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In the case of RPs, the term n, = Z ny; [qjl'ﬁl]] represents

j=
the aggregated noise from 7, (out of Tul) UL symbols and is
distributed as n, ~ CN(0,0°I,). The LMMSE estimate of
h;;; at BS; with RPs and SPs is given in the next lemma [20].

Lemma 1. Consider a fixed realization of X, TPl e D\{1},

i’ €{l,...,K}. The LMMSE estimate of hy; with RPs and
SPs is i
hy = ———z; ®)
V4iTp
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2Further details on the random pilot allocation method are found in [20].
3In the case of RPs, the received signal from pilot symbols refers to the
Tp samples where qblT; is transmitted.



and

0 with RPs

b= K 10

: S>> prirBury with SPs. (10)
Vedi'=1

Proof: See [20, Sec. III]. u

The parameter 7;; € [0,1] accounts for the quality of the
channel estimates. Notice that on average, as 7, increases, the
quality of the estimates improves given that there are more
observations available and the pilots are reused more sparsely
[20]. However, the samples used for channel estimation are
limited by the physical properties of the channel. In particular,
Tp € [ K, 7] with RPs and 7, = 7,; with SPs. Thus, there is
always an estimation error due to noise and pilot contamina-
tion (and data symbol interference with SPs).

Remark 1. Notice that if the performance of the UL data
rates is neglected, then it is always possible to find a value of
Tp < Tul for which the quality of the channel estimates with
RPs is greater than with SPs. This is due to the presence of
interference from data symbols in the UL with SPs (see (9)).
Note that a similar observation is made in [18, Sec. IlI] with
respect to the pilot reuse factor T,/ K. That is, for larger pilot
reuse factors the effect of pilot contamination is reduced at
the expense of a larger overhead in the UL.

Remark 2. As it follows from (6), with RPs z;; is a sum of
independent circularly symmetric complex Gaussian random
variables. This means that the LMMSE estimates coincide with
the true MMSE estimates; the channel estimates and their
errors are thus independent [21]. On the other hand, with
SPs z;; contains an extra interference term (see the first term
in second line of (7)) that is not Gaussian due to the presence
of data symbols. Thus, with SPs the LMMSE estimates are not
the true MMSE estimates, and the channel estimates and its
errors are only uncorrelated and not independent [21]. This
latter fact will play a key role in deriving the achievable rates.

IV. DL ACHIEVABLE RATES

To evaluate the performance of the system, closed-form
expressions for the achievable rates of UEq; with RPs and
SPs are derived using the capacity bound methodology from
[3]. For a fixed bandwidth By, the SE is obtained by scaling
the achievable rates with 1/By. Since BSy and UEq are
chosen arbitrarily, these rates are representative for any UE
in the system with RPs or SPs. To obtain an achievable rate
for UEg; under the assumption that UEs do not have CSI,
the term [E{h{}, woi}|\/Porsor is added and subtracted from
yor in (3). The result can be interpreted as an equivalent
single-input single-output (SISO) system with deterministic
gain [E{h/{, woy,}|>pos. and non-Gaussian effective noise with
both RPs and SPs. A DL achievable rate, i.e., lower bound on
the capacity, for UEg is thus given in the next lemma.

Lemma 2. An achievable rate for the DL between BSy and
UEqx with RPs and SPs is

Row = Bw% log, (1 + SINRy) (11)

C
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is the effective signal-to-interference plus noise ratio (SINR)
expression of UEqy.

Proof: 1t follows from applying standard bounding tech-
niques on the capacity of the deterministic effective chan-
nel [E{h/f, wox}|? with uncorrelated non-Gaussian effective
noise [3, Ch. 2]. The variance of this noise is given in the
denominator of (12) which follows from having independent
and zero-mean DL data symbols and noise. [ ]

To obtain further insights into the interplay of design
parameters such as number of BS antennas and length of the
coherence block, maximum ratio transmission (MRT) is used
and a closed-form expression for the effective SINR in (12) is
derived. In particular, it is assumed that the precoding vector
used by BS; to send data symbols towards UE;; is defined as
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where vy; = 1/(F;+/MBy;) such that the effective channel
gain of UEq (ie., [E{h{, wox}|?) with both RPs and SPs
is M Bookok- The parameter ~y; reflects the quality of the

channel estimate h;;; and is defined as
—1
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This follows from the definition of Xj7;,”  in Section III
considering that S°5_ X1 with I # 1 is a Bernoulli dis-
tributed random variable with success probability K /7, and
independent across I’ € ®\{l}. Thus, the probability of a UE
in each cell having the same pilot as UEy, is K/7,. Assuming
that this UE is selected uniformly at random within the cell,

the following result holds
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The choice of MRT is further motivated by its low complexity
and the fact that as the number of antennas goes to infinity
the SE of MRT is close to optimal for i.i.d. Rayleigh fading
channels, by virtue of asymptotic favorable propagation and
channel hardening [3]. With RPs, the expectations in (12)
are obtained by first exploiting the properties of circularly
symmetric complex Gaussian random vectors (see Lemma 3
in the Appendix) and the fact that the channel estimates and
errors are independent as in [3]. Second, the results in (14) and
(15) are used to average over the random pilot assignment. To
differentiate the results between RPs and SPs, the following
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Coherent interference caused by pilot contamination

Additional coherent interference

Non-coherent interference and noise

notation is introduced: the UL power for pilot symbols sent
by UE;; and DL power for data symbols sent to UE;; are
denoted as ¢ and p;’, respectively. The terms ~§; and v}
are defined as in (14) for 7, € [K,7,] and b; = 0. Finally,
the closed-form SINR expression with RPs is

Mp%gﬂoowg}:
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In the case of SPs, the channel estimates and errors are not
independent and therefore a different approach is needed to
obtain the closed-form expression of the effective SINR. This
result is summarized in the next theorem.

SINRE? =

Theorem 1. The closed-form expression of UEqy effective
SINR in (12) with SPs is given by (18) at the top of this
page. The UL transmission powers of pilot and data symbols
sent by UEy; are denoted as q;f and pj}, respectively. The DL
transmission power of data symbols sent to UEy; is p;f. The
term ’yff is defined as in (14) where 1, = 7, and b; is given
in (10).
Proof: The proof can be found in the Appendix. ]
The term coherent interference is used to identify the
interfering precoded signals that add constructively when they
are sent through the channel so that the received power is
proportional to M. Non-coherent interference refers instead to
the interfering precoded signals that do not add constructively
when sent through the channel and therefore the received
power does not scale with M. In (18), it is shown that the
pilot contamination term with SPs is reduced by a factor of
1/7y; in comparison to 1/ Tp with RPs (see the first term in
the denominator of (16)) since 7, < 7. On the other hand,
there is additional coherent interference with SPs due to the
data symbol interference in the channel estimates. After the
submission of this paper, a similar analysis is conducted in
[19] arriving also to an expression for the DL achievable rate
with SPs [19, Eq. (13)]. This expression is almost the same
as (18) with a small difference in the noise term.

V. SE COMPARISON BETWEEN RPS AND SPs

Notice that in Lemma 2 the difference between the DL
data rates with RPs and SPs lies only in the definition of the
channel estimates and power allocation. Thus, with both RPs
and SPs there is a strong relationship between the UL and
DL data rates due to the influence of the channel estimation
quality in the DL rates. In the case of RPs, the DL data rates
increase monotonically with 7, since the channel estimates
improve (see (14)) and pilot contamination is reduced (see
(16)). However, the UL data rates are zero when 7, = 7, [20].

On the other hand, with SPs the DL data rates increase when
more power is allocated to the pilot sequences since the term b,
becomes less significant (see (10) and (14)) and the additional
coherence interference is reduced (see (18)). However, if the
entire power budget is allocated to pilot sequences, then the
UL data rates are zero [20]. Moreover, with both RPs and
SPs, the proportion between 7,; and 74 affects the UL and
DL data rates. To offer a comprehensive comparison between
RPs and SPs, multiobjective optimization theory is used
with the UL and DL rates as the two conflicting objectives.
Multiobjective optimization is a mathematical framework to
solve optimization problems with multiple objectives that are
mutually conflicting; that is, improving one of the objectives
would eventually deteriorate other ones [22]. In this class of
optimization problems, the multiple objectives are not in any
particular order and since they are mutually conflicting, there
is no global optimum. To obtain insights into the relationship
between objectives, an attainable objective set is defined as
the set of all objective points that can be achieved by some
configuration of the available resources. Moreover, the subset
of the attainable objective set for which no individual objective
can be improved without deteriorating some other objective is
called the Pareto boundary and is the closest to an optimal
solution that exists in multiobjective optimization. As an
example, consider an M -antenna BS that communicates with a
single-antenna UE using the TDD protocol defined with RPs in
Section II (see Fig. 1) assuming imperfect CSI and maximum
ratio processing. The objectives considered are the UL and
DL rates defined as in [3] for an UL and DL signal-to-noise
ratio (SNR) of 0 dB. The available resources are the samples
in the coherence interval 7. which can be used either for DL,
UL, or pilots in any proportion as long as 7, > 1, 7y > 1
and 7, > 1. The attainable objective set (or rate region in this
case) is illustrated in Fig. 2 as a shaded area and the solid line
depicts the Pareto boundary.

A. Multiobjective Optimization with RPs and SPs

Denote by RE)ZC) and SINR(()SkC) the data rate and effective
SINR of UEgy, respectively, where the notation SC stands for
the scenario to be evaluated. The scenarios DL-RP and DL-SP
refer to the DL with RPs and SPs, respectively, where the data
rates and effective SINRs are defined as in Section IV. The
scenarios UL-RP and UL-SP refer to the UL with RPs and SPs,
respectively, for which the data rates are defined as

e~ (S5 1)

RSP = B, il log, (1 + SINR{W SP)) (19)
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Fig. 2: UL and DL rate region (i.e., attainable objective set)
and Pareto boundary for UL and DL SNR = 0 dB.

where SINRgI,iL'RP) and SINRS;CL'SP) are respectively the UEqy
effective UL SINRs with RPs and SPs, given in [20]. The
optimization objectives considered here are the UL and DL
total sum data rates defined as

K
Fls0) — @ Z Z log, (1 + SINRZ(ZC)) (20)

¢ led k=1

in which 7% accounts for the symbols used for data
transmission, defined in the UL as 7(VL'RP) = ., — Tp
with RPs and 7(V'S?) = 7, with SPs, whereas in the DL
7(PLRP) — 7 (PL-SP) — 7, with both RPs and SPs.

The power allocation has an important impact on the data
rates. In the UL, power control is essential to avoid UEs
with good channels to overshadow the received signals from
UEs with poor channels. This is particularly important in
Massive MIMO where the use of low-cost hardware (e.g.,
low resolution analog-to-digital converters) is key to reduce
complexity and power consumption. The average transmission
powers per data and pilot symbols with RPs are denoted
as oy_4 and oy, respectively; and with SPs as o3 ,
and gfj_p, respectively. Following [11], statistical channel
inversion power control is assumed in the UL where

RP RP SP SP
rp_ Qui—d qRP _ Qui—p pSP _ Oyl—q qu o Qulfp Q1
i — sy Yl — s Mli — s g —

Bui Bui Bui B

Note that in the UL, the transmission power per symbol with
SPs is shared between pilot and data symbols whereas with
RPs this power can be fully utilized since pilot and data
symbols are transmitted distjointly. The average transmission
power per UL symbol is denoted as g,; so that

Oul—q = Qzll)—p = Qul,
Ou—p = Dout, 0Onj—q=(1—2A)ou,

where A € [0, 1] is the proportion between the power allocated
to pilot and data symbols with SPs.

In the DL, the power allocation is assumed to be per-
formed by each cell individually to make the network scalable
with the number of cells. That is, each BS allocates the
power of its served UEs and the intercell interference is
updated in a sequential manner until convergence is achieved.

(22)

Two power allocation strategies are considered: maximum-
minimum (max-min) fairness and maximum-sum (max-sum)
rate. The max-min fairness problem aims at maximizing the
minimum SINR providing equal SINR to all UEs in each
particular cell. This problem can be solved by formulating an
equivalent linear feasibility problem for a specific target SINR
and then conducting a bisection search to find the maximum
SINR target. Note that a closed-form solution for this problem
also exists [3, Ch. 5]. The max-sum rate problem aims at
maximizing the aggregated SE of UEs within each cell. Since
statistical channel inversion is employed in the UL along with
a random pilot allocation scheme, it can be shown? that the
maximum DL sum rate problem in each individual cell is a
convex optimization problem that can be solved through water-
filling power allocation.

The available resources (or variables) for the multiobjective
optimization problem are then: the number of UL symbols
Tui (note that since 7. is fixed the number of DL symbols
is obtained directly as 74, = 7. — Ty;), the number of pilot
symbols 7, with RPs and the proportion of UL power A
between pilot and data symbols with SPs. The multiobjective
optimization problems with RPs and SPs can be cast as

. (UL-RP) £(DL-RP) } 23
maximize ,
Tp €K, Tut], Twi €[K, 7] {f f ( )
and ( . )
i UL-SP , DL-SP ) 24
sogmmimize - {FOD,fOS 2y

To obtain the Pareto boundary of (23) and (24), the e-constraint
method is used where one objective is maximized while the
other is maintained above a certain target and vice-versa [23].
A point on the Pareto boundary is found when one of the
objectives cannot be further increased without decreasing the
other. An exhaustive search can be conducted over 7,; and
7, since these are integers. For A € [0,1], f(°5") increases
monotonically since the quality of the channel estimates
improves with A. In the case of f(V"") it can be proved’
that the denominator of SINR;;™*" Vi € ® k € {1,...,K} is
a convex function of A. This means that f(V'-5?) is a quasi-
concave function of A and the maximum point can be found
through bisection search algorithms.

VI. NUMERICAL RESULTS

Numerical results are used to get insights into the sum rate
performance with RPs and SPs. The BSs are dropped in a
square area following an homogeneous PPP® with a density
of 100 [BSs/km?] where the area is properly scaled to simulate
an average number of 30 BSs. The wraparound technique is
used to avoid cell edge effects. K UEs per cell are distributed
uniformly within the Voronoi region around each BS. The

4With both RPs and SPs, when combining (14) with (21) i = v,/
Vi,i' € {1,..., K}. Then, by fixing the total DL power for each BS, the
denominator of (16) and (18) is the same for all UEs within the same cell.
Thus, R§), and R§, are concave functions of pf;, and pgf, respectively.

51t follows from combining (21) and (22) with SINRG?*") in [20] and
evaluating the second derivative of the denominator with respect to A.
%Due to the translation invariance property, the average sum rates per cell

is equal to the average data rate per UEs times K.
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Fig. 3: Average sum DL rate per cell versus M for By = 20
[MHz], K = 10, 7. = 200 and 24 = 0.25. The DL power
allocation is max-sum rate per cell. The maximum DL power
is set so that the lowest cell edge SNR is equal to 24.

large-scale fading is modeled as S5y, = w‘ldl_,f,’C where dj/
[km] is the distance between BS;, and UE;;, o = 3.76 is the
pathloss exponent and w is the pathloss at a reference distance
of 1 [km]. In all results with SPs, the proportion between UL
pilot and data symbol power A is optimized to maximize the
UL sum rate and the received pilot symbols are estimated and
subtracted from the received UL signal for data detection [20].

Fig. 3 depicts the average DL sum rate per cell versus num-
ber of antennas with K = 10, 7. = 200 and 74 = {50, 100}
to illustrate the effect of available UL symbols for channel
estimation. With RPs, two cases are considered for selecting
the number of channel estimation symbols: i) 7, is optimized
to maximize the UL sum rate and ii) 7, is fixed and equal to
K. The results show that for 7, = K and 74 = 50, the average
DL sum rate per cell with RPs is smaller than with SPs.
However, when 7, is optimized to maximize the UL sum rate
the resulting average DL sum rate per cell with RPs is greater
than with SPs. These results are in line with [20] indicating
that the reduction of pilot contamination offered by SPs is
counteracted by the extra interference from data symbols in
the channel estimation process and RPs have greater SE when
Tp is optimized. It is worth mentioning that for 74 = 50 the
relative SE of SPs with respect to RPs is better since there are
more samples available in the UL for improving the channel
estimates. Thus, when RPs and SPs have the same proportion
of 7,; and 74; the benefits of SPs are more noticeable for 7,
much larger than K.

Fig. 4 and Fig. 5 depict the Pareto boundary for the UL and
DL sum data rates of all BSs with max-min fairness and max-
sum rate DL power allocation, respectively, with K = 20. In
contrast to Fig. 3, the proportion of 7,; and 7,4 is optimized
independently with RPs and SPs. The results show that when
7. is very close to K the rate region with RPs is contained
within the rate region with SPs. This follows from the fact that
in this extreme case RPs have almost no samples for the UL
or DL data transmission whereas SPs can use many more UL
samples for data. On the other hand, when 7, is significantly
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Fig. 4: Pareto boundary of UL and DL total sum rate for
By = 20 [MHz], K = 20 and % = 0.25. The DL power
allocation is max-min fairness. The maximum DL power is
set so that the lowest cell edge SNR is equal to 24.
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Fig. 5: Pareto boundary of UL and DL total sum rate for
By = 20 [MHz], K = 20 and 24 = 0.25. The DL power
allocation is max-sum rate per cell. The maximum DL power
is set so that the lowest cell edge SNR is equal to 24.

larger than K the rate region with SPs is contained within
the rate region with RPs. When the number of BS antennas
is increased, the corresponding Pareto boundaries with RPs
and SPs are expanded, allowing higher sum rates in both UL
and DL, while the behavior with respect to 7. and K remains
unchanged. Notice that in practice 7, would be at least in
the order of hundreds, even for high mobility scenarios [3].
Therefore, for systems designed to multiplex tens of UEs, RPs
with optimized pilot overhead provide better SE.

VII. CONCLUSION

The use of SPs in the UL of Massive MIMO allows a
reduction of the pilot contamination in the DL at the expense
of adding interference in the channel estimation process that
reduces the channel estimation quality and creates additional
coherent interference in the DL. In comparison with SPs, RPs
are able to offer higher average DL sum rate per cell when
the length of the pilot sequences is optimized to maximize
the UL sum rate. The result of multiobjective optimization
for UL and DL sum rates indicates that SPs offer higher SE
when the number of samples in the coherence block is very
small and many UEs need to be multiplexed. However, in
more practical cases where the coherence block is typically



several times larger than the number of multiplexed UEs
then RPs with optimized pilot length offer better SE. Further
improvements with SPs can be achieved through iterative
decoding algorithms. However, it is not clear if the gains are
large enough to justify the extra amount of signal processing
needed. Moreover, these algorithms can potentially be used
along with RPs.

APPENDIX
PROOF OF THEOREM 1

Lemma 3. Consider two independent complex random vectors
x ~ CN(0,021y) and y ~ CN(0,071xr). The following
results hold [3]

E {||x||4} =M (M+1)0?
IE{|XHy’2} = Mo20?

A closed-form expression for SINRg in (12) with SPs is
obtained by using the results in Lemma 3 to first calculate
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where the last equality follows from the definition of X“( u

in Section III and the result in (15). Finally, plugging (27) and
(28) into (12) concludes the proof.
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