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Sum Throughput Maximization for Multi-User
MIMO Cognitive Wireless Powered
Communication Networks
Jaein Kim, Student Member, IEEE, Hoon Lee, Student Member, IEEE, Changick Song, Member, IEEE,
Taeseok Oh, and Inkyu Lee, Fellow, IEEE

Abstract— In this paper, we study multi-user multi-input
multi-output cognitive wireless powered communication networks (WPCN), in which a secondary WPCN shares spectrum
with a primary wireless information transfer system. A typical
WPCN consists of two different phases. In the first downlink
phase, a hybrid access point (H-AP) transfers energy to charge
users, and then in the subsequent uplink phase, the users
send information by using the harvested energy to the H-AP.
We consider two different cognitive WPCN protocols depending
on the cooperation level between the primary transmitter and the
secondary H-AP. For both cases, we formulate sum throughput
maximization problems by taking the interference leakage to
the primary network into consideration. The problems are
generally non-convex due to coupled variables in the WPCN.
To tackle this issue, we first convert the problems into equivalent
convex forms, and then identify the global optimal solutions by
applying the proposed iterative optimization algorithms. Finally,
the simulation results demonstrate that the proposed algorithms
outperform conventional schemes.
Index Terms— Wireless powered communication networks (WPCN), multiple-input multiple-output (MIMO) systems,
cognitive radio, energy harvesting, wireless energy transfer.

I. I NTRODUCTION
VER the past few years, energy harvesting which utilizes radio frequency (RF) signals has been studied as
a promising solution for extending life time of traditional
energy-constrained wireless devices without replacing their
batteries [1]. Thanks to the development of such wireless
energy transfer (WET) techniques, combining the WET with
the wireless information transfer (WIT) has recently been
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an active research area to improve the system performance
such as the simultaneous wireless information and power
transfer [2]–[7] and the wireless powered communication
networks (WPCN) [8]–[15]. While the former achieves both
the WET and the WIT operation at the same time and
frequency, the later performs each operation separately over
two sequential phases.
Specifically, in a downlink (DL) WET phase of the WPCN,
a hybrid access point (H-AP) sends energy RF signals to
users, and the energy is stored in users’ rechargeable batteries.
Then, in a subsequent uplink (UL) WIT phase, each user
transmits its information signal to the H-AP by using the
harvested energy. Recently, the authors in [8] provided the
optimal time allocation factor for each user in a single-input
single-output (SISO) WPCN to maximize the sum throughput
based on the time division multiple access (TDMA) approach.
This work was extended to multi-input single-output (MISO)
scenarios in [10]–[12]. The work in [10] jointly optimized
the time allocation and the DL-WET beamforming vectors to
maximize the sum throughput. In [11] and [12], the H-AP
beamforming solutions were also suggested for maximizing
the minimum throughput among all users by utilizing space
division multiple access techniques. To address the spectrum
sharing issue of the WPCN with primary network, a cognitive
radio concept was applied in [16], where a secondary WPCN
coexists with a primary WIT network in the same time and
frequency band. However, the previous work for the cognitive
WPCN (CWPCN) is limited to a single antenna case, and
thus it is not easy to obtain insights on multiple antenna
gains.
According to the cooperation level between the primary
transmitter (PT) and the secondary H-AP, the CWPCN is
classified into two categories, namely underlay CWPCN and
overlay CWPCN. The underlay CWPCN assumes no cooperation between the PT and the H-AP, and thus the signals
from the H-AP may interfere a primary receiver (PR). On the
contrary, in the overlay CWPCN, since the H-AP and the PT
can transmit the same signal waveforms by data sharing, the
signals from the H-AP would be helpful for the PR without
causing interference. As a result, the system performance of
the overlay case could be significantly improved compared to
the underlay case at the expense of the data sharing overhead.
In this paper, we extend the previous SISO works in [16]
to a general multi-user multi-input multi-output (MU-MIMO)
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CWPCN where all secondary terminals are equipped with
multiple antennas. In this case, we need to jointly optimize
the energy and information covariance matrices at the H-AP
and the secondary users (SUs) as well as the time allocation
factor between the UL and the DL phases of the WPCN. For
both underlay and overlay cases, however, the sum throughput maximization problems are generally non-convex due to
coupled variables.
In the underlay case, we propose a two-step approach to
solve the sum throughput maximization problem. Specifically,
after transforming the problem to an equivalent convex form,
we obtain the energy and information covariance matrices
by using the Karush-Kuhn-Tucker (KKT) conditions and the
subgradient ellipsoid method for a given time allocation.
Interestingly, it is shown that while the optimal information
covariance matrix of each SU is determined by an iterative water-filling algorithm, the optimal energy covariance
matrix is simply attained by a rank one matrix regardless of
interference-temperature constraint (ITC) [17] for satisfying
the minimum rate requirement of the primary network. Then,
we find the Lagrange dual variables by utilizing the ellipsoid
process. Finally, the optimal time allocation is determined by
a simple line search method.
For the case of the overlay CWPCN, the problem becomes
different from the previous case, because the cross link signals
from the H-AP to the PR may boost the desired signal.
In addition, the ITC becomes no longer valid due to the
absence of interference in the DL-WET phase. Therefore,
we reformulate the problem as an equivalent convex problem
by introducing primary rate constraint instead of the ITC
and applying the semi-definite relaxation technique. Also, we
set the interference power from the SUs to the PR in the
UL-WIT phase as a new optimization variable. Then, it turns
out that for given interference power, the resulting Lagrange
dual function has a form similar to that of the underlay case,
and thus the energy and information covariance matrices and
the time allocation factor are derived in a similar fashion as
in the underlay case.
Finally, the maximum sum throughput of the overlay
CWPCN is achieved by one-dimensional search for the optimal interference power. We note that our proposed algorithms
for the underlay CWPCN and the overlay CWPCN offer
the global optimal solutions for all power and interference
constraints, and thus will serve as a meaningful reference
for future research on the CWPCN. We also confirm from
simulation results that our proposed algorithms outperform
conventional schemes.
The main contributions of the paper are as follows: First,
we extend the previous single antenna work in [16] to a general MU-MIMO CWPCN, where the problems become more
complicated. Second, we convert the non-convex problems
into equivalent convex forms for the underlay and the overlay
CWPCN. Finally, we suggest the optimal solutions for both
cases.
The rest of the paper is organized as follows: In Section II,
we present the system model and formulate the problems
for the MU-MIMO CWPCN. Section III provides the optimal algorithm for the underlay CWPCN, and the optimal

Fig. 1.

Schematic diagrams of MU-MIMO CWPCN.

solution in the overlay CWPCN is proposed in Section IV.
In Section V, we evaluate the performance of the proposed
algorithms by numerical simulations. Finally, the conclusions
are made in Section VI.
Throughout the paper, we will use the following notations.
The boldface uppercase, boldface lowercase and normal letters indicate matrices, vectors and scalars, respectively. The
operator (·)T , (·) H , E(·) and · denote transpose, conjugate
transpose, expectation and ceiling, respectively. In addition,
|A|, tr(A), rank(A) and Id represent determinant, trace, rank
of a matrix A and an identity matrix of size d, respectively, and
diag(a) stands for a diagonal matrix whose diagonal elements
consist of a vector a. Also, A  B means that A − B is a
positive semi-definite matrix.
II. S YSTEM M ODEL AND P ROBLEM F ORMULATION
As illustrated in Fig. 1, we consider a multi-antenna
CWPCN in which a primary WIT and a secondary WPCN
operate in the same time and frequency resource blocks. In the
primary system, there are a PT and a PR with a single
antenna, and the secondary WPCN consists of an H-AP with
M antennas and K SUs with N antennas. In this system,
the PT and the H-AP have stable power supplies, whereas
the SUs are not equipped with any embedded energy sources.
Therefore, during the DL-WET phase, the SUs store energy
from the RF signals transmitted by the H-AP and the PT in
their batteries.1 In the subsequent UL-WIT phase, the SUs
transmit their information to the H-AP by using the harvested
energy. We assume that the DL-WET and UL-WIT phases
occupy τ and 1 − τ portion of the entire time resource block,
respectively (0 ≤ τ ≤ 1).
While the secondary terminals are assumed to have global
channel state information (CSI) of both primary and secondary
networks, the primary terminals do not need to know CSI of
1 Throughout this paper, it is assumed that the capacity of users’ battery is
large enough so that all the harvested energy can be saved without energy
overflow as in many related works [8]–[12].
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the secondary network. The global CSI at the secondary terminals may be obtained utilizing channel reciprocity. For example, the channels between the PT and the secondary network
can be estimated by the DL reference signals sent from the PT.
Similarly, the channels between the secondary network and the
PR are estimated at the secondary network by examining the
UL reference signals from the PR [18]. We note that in the
overlay case, the CSI between the PT and the PR must also
be available at the secondary terminals. This can be achieved
by the cooperation between the PT and the H-AP as in [16].
As mentioned before, in the CWPCN, we consider two major
system models, i.e., the underlay CWPCN and the overlay
CWPCN according to the cooperation level between the
H-AP and the PT.
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the secondary network. Then, in the DL-WET phase, the signal
h H sE transmitted from the H-AP causes interference at the
PR with power E[(h H sE )(h H sE ) H ] = h H Wh.3 Therefore, the
H-AP needs to determine the energy transmit covariance
matrix W so that the ITC h H Wh
 K ≤ H is satisfied. Also, in
ĥi si from the SUs with
the UL-WIT phase, the signals i=1
K

K
H] =
H
s
)
power E[ i=1
ĥiH si Kj=1 (ĥ H
i=1 ĥi Si ĥi interj j
fere the PR. Thus, the information covariance
at the
 K matrices
ĥiH Si ĥi ≤ .4
SUs must be designed to satisfy the ITC i=1
In this paper, it is of interest to maximize the sum throughput of the secondary WPCN under the ITC. Thus, the problem
in the underlay CWPCN is formulated as


K



−1
H

(P1)
max
(1 − τ ) log2 I M + RU
Hi Si Hi 
τ,{Si 0},W0

A. Underlay CWPCN
As shown in Fig. 1(a), during the DL-WET phase of the
underlay CWPCN, the H-AP broadcasts the energy signal
vector sE ∈ C M×1 with the covariance matrix W = E[sE sEH ] ∈
C M×M which is independent of the information signal sP ∼
CN (0, 1) from the PT. The transmit power at the H-AP is
then expressed as tr(W) ≤ PH-AP . Let us denote the baseband
channels from the H-AP to SU i (i = 1, . . . , K ) and from
the PT to SU i by Gi ∈ C N×M and gi ∈ C N×1 , respectively.
Then, the harvested energy at SU i can be written by [2]


Q U,i (W) = τ ζi tr(Gi WGiH ) + PP gi 2 ,
(1)
where 0 < ζi ≤ 1 denotes the energy harvesting efficiency at
SU i , and PP is the transmit power at the PT.
In the UL-WIT phase, each SU transmits the independent
information signal vector si ∈ C N×1 with the covariance
matrix Si = E[si siH ] ∈ C N×N to the H-AP. Due to the
harvested energy constraint in (1), SU i cannot use the energy
larger than Q U,i (W), i.e., (1 − τ )tr(Si ) ≤ Q U,i (W), ∀i . Let
us define Hi ∈ C M×N and ĥ ∈ C M×1 as the UL channel from
SU i to the H-AP and the interference channel from the PT
to the H-AP, respectively. Since the UL-WIT occurs during
1 − τ portion of the time, the achievable sum throughput2 is
obtained as [20]


K



−1
H

Hi Si Hi ,
RU,H-AP = (1 − τ ) log2 I M + RU
i=1
2
where RU = σH-AP
I M + PP ĥĥ H represents the interference2
plus-noise covariance matrix with noise power σH-AP
at the
H-AP.
During both phases, the PR receives the interference signal
from the secondary WPCN. Thus, to ensure the primary
network’s performance, we impose the ITC on the secondary
terminals so that the interference power is limited to a predefined interference level . Let us denote h ∈ C M×1 and ĥi ∈
C N×1 as the interference channel from the H-AP and SU i to
the PR, respectively. These channel vectors can be available at
2 We may improve the rate fairness among the SUs without loss of the
sum throughput performance by additionally using decoding order selection
methods based on the recent work in [19].

i=1

s.t. (1 − τ )tr(Si ) ≤ Q U,i (W), ∀i,

(2)

0 ≤ τ ≤ 1, tr(W) ≤ PH-AP ,
K

ĥiH Si ĥi ≤ .
h H Wh ≤ ,

(3)

i=1

In general, problem (P1) is non-convex due to the coupled
variables in constraint (2), and thus is intractable in its current
form. In Section III, we present an efficient method to find an
optimal solution of (P1).
B. Overlay CWPCN
As illustrated in Fig. 1(b), the overlay CWPCN assumes
that the H-AP knows the primary information signal sP by
some data sharing process [16]. Then, to avoid interference to
the PR, the H-AP can utilize sP as the energy carrying signal
in the DL-WET phase, i.e., sE = wsP , where w indicates the
energy beamforming vector. With this configuration, the H-AP
plays a role of the information transmitter with respect to the
PR, while still conveying the energy to SUs.
In the DL-WET phase, the harvested energy at SU i equals

Q O,i (w) = τ ζi Gi w + PP gi 2 .
Then, in the UL-WIT phase, SU i transmits the information
signal si to the H-AP with energy constraint (1 − τ )tr(Si ) ≤
Q O,i (w). In this case, since the H-AP knows the primary
information signal sP , the interference from the PT to the
H-AP can be removed. Thus, the achievable sum throughput
in the overlay CWPCN can be expressed as


K


Hi Si HiH 
.
RO,H-AP = (1 − τ ) log2 I M +

2
σH-AP
i=1
3 Recently, it was investigated that deterministic multi-sine waveforms can
be utilized as an energy carrying signal [21]. Thus, if the H-AP adopts those
deterministic waveforms, the PR may remove the interference. However, a
typical information receiving node may not be equipped with a multi-sine
waveform canceller. Also, in order to accomplish perfect interference cancellation, the PR should know perfect CSI from the H-AP, which contradicts to
the underlay CWPCN strategy. Therefore, we assume that the energy signal
from the H-AP is chaotic, and thus is not decodable by the PR.
4 The interference constraint adopted in this paper is the peak interference
constraint as shown in (3). Even if we consider
average interference
 K an H
constraint which is given by τ h H Wh + (1 − τ ) i=1
ĥi Si ĥi ≤ , the sum
throughput maximization problem can be solved in a similar way proposed
in this paper.
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Unlike the underlay CWPCN, the signal from the H-AP to
the PR, i.e., h H wsP , does not interfere the PR. Let us denote
h as the channel from the PT to the PR. Then, the achievable
rate of the PR in the DL-WET phase becomes
√


| PP h + h H w|2
DL
,
(w) = log2 1 +
RO,PR
2
σPR,DL
2
σPR,DL

where
denotes the noise variance at the PR in the
DL-WET phase. The received signal at the PR during the ULWIT phase is the same as the underlay CWPCN case, and thus
the achievable rate is simply obtained by


PP |h|2
UL
({Si }) = log2 1 +
,
RO,PR
K
2
ĥiH Si ĥi
σPR,UL
+ i=1
2
σPR,UL

stands for the noise variance at the PR in the
where
UL-WIT phase.
Finally, the sum throughput maximization problem for the
overlay CWPCN can be formulated as


K


Hi Si HiH 

(P2)
max (1 − τ ) log2 I M +

2
τ,{Si 0},w
σH-AP
i=1
s.t. (1 − τ )tr(Si ) ≤ Q O,i (w), ∀i,
0 ≤ τ ≤ 1, w2 ≤ PH-AP ,

(4)

DL
UL
τ RO,PR
(w) + (1 − τ )RO,PR
({Si }) ≥ RP . (5)

In this formulation, due to the absence of the interference
term in the DL-WET phase, we employ the primary rate
constraint in (5) instead of the ITC in (3) to guarantee
the minimum rate requirement RP of the primary network.
Note that problem (P2) is generally non-convex due to the
constraints (4) and (5), and thus may be difficult to be solved.
Nevertheless, we will show that a solution of the problem
can be efficiently computed by our proposed algorithm in
Section IV.
III. O PTIMAL S OLUTION FOR U NDERLAY CWPCN
In this section, we solve problem (P1) and find a global
optimal solution by using a two-step procedure. First, we
reformulate problem (P1) to an equivalent convex problem by
introducing new variables S̄i = (1 − τ )Si for i = 1, . . . , K
and W̄ = τ W. Then, by the change of variables, we can
rewrite problem (P1) equivalently as


K
−1 


RU
H

(P1-1)
max (1− τ ) log2 I M+
Hi S̄i Hi  (6)
1−τ
τ,{S̄i 0},W̄0
i=1

s.t. tr(S̄i ) ≤

ζi (tr(Gi W̄GiH )

+ τ PP gi  ), ∀i,

matrices W̄ and {S̄i } for a given τ̂ in Section III-A. Then, in
Section III-B, we will determine the optimal time allocation
τ  based on the derived covariance matrices.
A. Optimal Transmit Covariance Matrices
For a given τ̂ , (P1-1) is recast to the following problem:
(P1-2) RU (τ̂ )



K
−1 


RU
H

Hi S̄i Hi 

max (1 − τ̂ ) log2 I M +
1 − τ̂
{S̄i 0},W̄0
i=1

s.t. tr(S̄i ) ≤ ζi (tr(Gi W̄GiH ) + τ̂ PP gi 2 ), ∀i,
tr(W̄) ≤ τ̂ PH-AP ,
h H W̄h ≤ τ̂ ,
K

ĥiH S̄i ĥi ≤ (1 − τ̂ ),

(7)
(8)
(9)
(10)

i=1

where RU (τ̂ ) in (P1-2) indicates the maximum achievable
rate. Since problem (P1-2) is convex and satisfies the Slater’s
condition, we can solve the problem by applying the Lagrange
duality method [22].
First, let us express the Lagrangian of (P1-2) as
LU ({S̄i }, W̄, {μi }, {ν j })


K
−1 


RU
H

= (1 − τ̂ ) log2 I M +
Hi S̄i Hi 
1 − τ̂
i=1




K
K

− tr
Mi S̄i + tr NU W̄ + τ̂ PP
μi ζi gi 2
i=1

i=1

+ ν1 τ̂ PH-AP + ν2 τ̂  + ν3 (1 − τ̂ ),
where Mi and NU are denoted as Mi = (ν3 ĥi ĥiH + μi I N ) for
K
μi ζi GiH Gi − ν2 hh H − ν1 I M ,
i = 1, . . . , K , and NU = i=1
respectively, and μi for i = 1, . . . , K and ν j for j = 1, 2, 3
are the non-negative Lagrange dual variables associated with
the constraints (7)-(10).
Then, the dual function GU ({μi }, {νi }) of (P1-2) is
defined by
GU ({μi }, {ν j }) =

max

{S̄i 0},W̄0

LU ({S̄i }, W̄, {μi }, {ν j }). (11)

Due to strong duality, the following equality also holds
for ∀τ̂ as
RU (τ̂ ) = min GU ({μi }, {ν j }).
{μi },{ν j }

(12)

2

0 ≤ τ ≤ 1, tr(W̄) ≤ τ PH-AP ,
K

h H W̄h ≤ τ ,
ĥiH S̄i ĥi ≤ (1 − τ ).
i=1

Since the objective function in (6) is concave on τ and {S̄i },
and all the constraints of problem (P1-1) are affine functions,
we can easily verify that (P1-1) is a jointly concave problem.
To make the problem more tractable, we first fix the time
allocation factor τ to τ̂ , and obtain the optimal covariance

Therefore, we can find a solution of {S̄i } and W̄ by solving
(11) and (12) alternatively. First, we determine the optimal
energy covariance matrix W̄ in the following
 K lemma.
Lemma 1: Let us define a matrix B  i=1
μi ζi GiH Gi −
ν2 hh H . Then, for given τ > 0, μi > 0 for ∀i , and ν2 ≥ 0,
the optimal energy transmit covariance matrix W̄ of (11) and
the optimal dual variable ν1 are respectively written by
H
W̄ = τ PH-AP uB,1 uB,1
,

ν1 = λB,1 ,

(13)
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where λB,1 and uB,1 represent the largest eigenvalue and its
associated eigenvector of B, respectively.
Proof: See Appendix A.
From Lemma 1, it is clear that the optimal energy covariance matrix W̄ is always rank one. Therefore, without loss
of generality, one
√ can set the energy carrying signal at the
H-AP as sE = PH-AP uB,1 s, where s stands for an arbitrary
complex random signal with zero mean and unit variance.
Now, we examine the information covariance matrices {S̄i }.
1

1

Mi2 S̄i (Mi2 ) H
1−τ̂

Let us define Ŝi =
and ignore the constant terms
with respect to Ŝi in (11). Then, problem (11) is rephrased by
a function of Ŝi as
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Algorithm 1 Optimal Solution for Problem (P1-2)
Initialize μi for i = 1, . . . , K and ν j for j = 2, 3.
Repeat
Compute W̄ from (13).
Set n = 0 and initialize S̄(0)
i = 0 for i = 1, . . . , K .
Repeat
Set n = n + 1.
from (15) for i = 1, . . . , K .
Update S̄(n)
i
Until S̄(n)
for
i
= 1, . . . , K converge.
i
Update {μi } and {ν j } by using the ellipsoid method.
Until {μi } and {ν j } converge.
Algorithm 2 Optimal Solution for Underlay CWPCN

max log2 |I M + Ci Ŝi CiH | − tr(Ŝi )

(14)

Ŝi 0

where we have Ci = (I M +
−1

−1



1

i= j

E j Ŝ j E Hj )− 2 Ei and Ei =

RU 2 Hi Mi 2 . We denote singular value decomposition Ci =
Ui i ViH , where Ui ∈ C M×ri and Vi ∈ C M×ri represent the
left and right singular vectors of Ci , respectively, with ri =
rank(Ci ), and i = diag(σi,1 , . . . , σi,ri ) is a diagonal matrix
consisting of singular values σi,k for k = 1, . . . , ri with σi,1 ≥
· · · ≥ σi,ri .
Then, by the KKT optimality conditions, a solution of (14)
is expressed as
−1

−1

S̄i = (1 − τ )Mi 2 Vi Di ViH (Mi 2 ) H ,

(15)

i,k

in (15) is related to the input covariance matrices {S̄ j } j =i of
other SUs. This can be resolved by an iterative water-filling
(0)
procedure [20]. Specifically, first we set S̄i = 0 for ∀i , where
(n)
S̄i indicates a solution of SU i at the n-th iteration. At each
(n)
iteration, we update S̄(n)
i from (15) with S̄ j = S̄ j for j ≤ i −1
(n−1)

(n)
{S̄i }

B. Optimal Time Allocation
Having obtained the optimal covariance matrices W̄ and
the remaining work is to determine the time allocation
factor τ by computing τ  = arg max0<τ <1 RU (τ ). Note that
for given the optimal covariance matrices W̄ and {S̄i }, RU (τ )
in (P1-2) is a concave function with respect to τ . Therefore, the
optimal τ  can be efficiently found by using the line search
methods such as golden section. The overall algorithm for
calculating the optimal solution of the underlay CWPCN is
summarized in Algorithm 2. It is known that the golden section
search method always converges to the global optimal point
of unimodal functions [24]. Therefore, Algorithm 2 converges
to the global optimal point. The number of iterations required
for the golden section search method equals log2 1 , where
denotes the tolerance [22]. Thus, the overall complexity of
Algorithm 2 can be expressed as O(log2 1 K 2 ).
{S̄i },

where Di = diag(di,1 , . . . , di,ri ) with di,k = max(0, log2 e −
1
) for k = 1, . . . , ri . Note that the derived solution S̄i
σ2

and S̄ j = S̄ j

√

Initialize a = 0, b = 1, and ω = −1+2 5 .
Repeat
Update τ1 = a + (1 − ω)b and τ2 = b + (1 − ω)a.
Obtain RU (τ1 ) and RU (τ2 ) from Algorithm 1.
If RU (τ1 ) > RU (τ2 ), set a = τ1 .
Else set b = τ2 .
Until |a − b| converges.
Obtain τ  = (a + b)/2.

for j ≥ i + 1. We repeat this procedure until

converges. Since the problem is jointly concave and
each iteration maximizes the cost function (11), this process
indeed converges to the optimal solution {S̄i }.
Now, we turn our focus to the dual variables of problem (12). As shown in [2], this is effectively solved by the
subgradient methods. The subgradient γi of the dual function
with respect to μi is given by γi = ζi tr(Gi W̄GiH +τ̂ PP gi giH )−
tr(S̄i ) for i = 1, . . . , K , while the subgradients δ2 and δ3 with
ν3 are attained by δ2 = τ̂  − h H W̄h and
respect to ν2 and 
K
δ3 = (1 − τ̂ ) − i=1
ĥiH S̄i ĥi , respectively. Utilizing these
parameters, one can apply the ellipsoid method to find the
optimal dual variables. The entire process of identifying the
optimal solution of (P1-2) is summarized in Algorithm 1. Note
that an iterative procedure in Algorithm 1 adopts the ellipsoid
method, which converges to the global optimal point [23].
Also, the computational complexity of Algorithm 1 is dominated by the ellipsoid method, and thus the complexity order
is given by O(K 2 ).

IV. O PTIMAL S OLUTION FOR OVERLAY CWPCN
In this section, we consider the overlay CWPCN studied
in Section II-B and solve the sum throughput maximization
problem in (P2). For simple derivations, we apply
some
√
changes of variables W̄ = τ w̄w̄ H where w̄ = [w H PP ] H and
S̄i = (1 − τ )Si for i = 1, . . . , K . Then, defining Fi = [Gi gi ]
and f H = [h H h], problem (P2) can be transformed as
(P2-1) PO
=

max


K


(1 − τ ) log2 I M +

τ,{S̄i 0},W̄0

i=1




(1 − τ ) 

Hi S̄i HiH
2
σH-AP

s.t. 0 ≤ τ ≤ 1, tr(S̄i ) ≤ ζi tr(Fi W̄FiH ), ∀i,
tr(W̄) ≤ τ (PH-AP + PP ),
H
e M+1
W̄e M+1 = τ PP ,
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DL
UL
τ R̄O,PR
(W, τ ) + (1 − τ ) R̄O,PR
({S̄i }, τ ) ≥ RP , (16)

rank(W̄) = 1,

(17)

where e M+1 is denoted as e M+1 = [0 0 · · · 0
∈
DL (W, τ ) = log (1 + (f H W̄f)/(τ σ 2
))
and
C(M+1)×1 , R̄O,PR
2
PR,DL
 K ĥiH S̄i ĥi
UL ({S̄ }, τ ) = log (1 + (P |h|2 )/(σ 2
+
R̄O,PR
i
P
2
i=1 (1−τ ) )).
PR,UL
The problem is still non-convex due to the primary rate
constraint in (16) and the rank one constraint in (17).
To tackle the non-convexity issue, we now adopt the semidefinite relaxation technique to (17) and set the interference
 K ĥiH S̄i ĥi
in (16) as a new optimization
power ¯ 
i=1 1−τ
variable, so called active interference-temperature control [17].
Then, one can show that problem (P2-1) is equivalently
decomposed into two simple subproblems as illustrated in the
following theorem.
Theorem 1: Problem (P2-1) is equivalent to the following
problem:
¯
(18)
PO = max R O ().
1]T

¯
≥0

¯ is obtained by solving problem (P2-2) as
Here R O ()
¯
(P2-2) R O ()


K


Hi S̄i HiH 

=
max
(1 − τ ) log2 I M +
σ 2 (1 − τ ) 
τ,{S̄i 0},W̄0
i=1 H-AP
s.t. tr(S̄i ) ≤ ζi tr(Fi W̄FiH ), ∀i,
tr(W̄) ≤ τ (PH-AP + PP ),

¯
ĥiH S̄i ĥi ≤ (1 − τ ),

i=1
H
W̄e M+1
e M+1


where C = 1
1+

(19)
(20)

(21)
(22)
(23)

σPR,UL +

Proof: See Appendix B.
The above theorem implies that rank relaxation on (17)
incurs no optimality loss. With the aid of Theorem 1, to
find the optimal solution of the original problem in (P2), we
¯ and then determine
address problem (P2-2) for all feasible ,

¯ by
¯
R O ()
the optimal interference power  = arg max≥0
¯
one-dimensional search. Note that the problem in (P2-2)
is convex and satisfies the Slater’s condition for the given
¯ Thus, the Lagrange duality method gives
interference power .
rise to an optimal solution.
To further simplify the derivations, let us assume that τ is
fixed as τ = τ̂ . Then, the Lagrangian of (P2-2) is expressed
by



(1 − τ̂ ) 

Hi S̄i HiH

σ2
i=1 H-AP




K
Mi S̄i + tr N O W̄ + ν1 (PH-AP + PP )τ̂
− tr
i=1

G O ({μi }, {ν j }) =

max

{S̄i 0},W̄0

L O ({S̄i }, W̄, {μi }, {ν j }) (24)

and its dual problem becomes min{μi },{ν j } G O ({μi }, {ν j }).
Then, the remaining process to identify the optimal solution
for {S̄i } and W̄ simply follows the optimization method for
the underlay CWPCN in Section III. The following lemma
shows the optimal structure of {S̄i } and W̄ for given τ , {μi },
and {ν j }.
K

H
Lemma 2: Defining a matrix B̄ 
i=1 μi ζi Fi Fi +

H

H
ν2 ff + ν4 e M+1 e M+1 , the optimal energy and information
covariance matrices for the overlay CWPCN W̄ and {S̄i }
at the H-AP and SU i and the optimal dual variable ν1 are
respectively determined by

−1

= τ PP ,

PP |h|2
2
¯ .

L O ({S̄i }, W̄, {μi }, {ν j })

K


= (1 − τ̂ ) log2 I M +

Also, we obtain the dual function G O ({μi }, {ν j }) as

H
W̄ = τ (PH-AP + PP )uB̄,1 uB̄,1
,

0 ≤ τ ≤ 1,
 

f H W̄f
τ log2 C 1 +
≥ RP + log2 (C),
2
τ σPR,DL
K


¯ − τ̂ ) − ν4 τ̂ PP ,
− ν2 C̄ + ν3 (1
K
μi ζi FiH Fi + ν2 ff H +
where N O is denoted as N O = i=1
H
ν4 e M+1 e M+1 − ν1 I M+1 , μi for i = 1, . . . , K and ν j for j =
1, . . . , 4 are the dual variables
 associated with the
 constraints
2
R
/
τ̂
(1−
τ̂
)/
τ̂
P
(19)-(23), and C̄ = σPR,DL τ̂ 2
C
−1 .

−1

S̄i = (1 − τ )Mi 2 V̄i D̄i V̄iH (Mi 2 ) H , ∀i,
ν1 = λB̄,1 ,
where λB̄,1 and uB̄,1 indicate the largest eigenvalue and its
corresponding eigenvector of B̄, respectively.
Proof: See Appendix C.
The dual variables {μi } and {ν j } are computed by solving the Lagrange dual problem min{μi },{ν j } G O ({μi }, {ν j })
by using the ellipsoid method. We utilize the subgradients
γi = ζi tr(Fi W̄FiH ) − tr(S̄i ) with respect to μi , ∀i , and the
K
hiH S̄i hi
subgradients δ2 = f H W̄f − C̄, δ3 = (1 − τ̂ )¯ − i=1
H
and δ4 = e M+1 W̄e M+1 − τ̂ PP with respect to ν j with
j = 2, 3, 4, respectively. Alternations between Lemma 2 and
the ellipsoid method until convergence will provide the optimal
¯
solution of problem (P2-2) for given τ and .
The remaining process is thus to calculate the optimal
¯ Let us
time allocation factor τ and the interference power .
¯ τ ) as the maximum achievable rate of probdenote R O (,
lem (P2-2) for a given τ . Then, it is easy to verify that
¯ τ ) is concave on τ , and thus the optimal time allocation
R O (,
¯ τ ) is obtained by the golden section
τ  = arg maxτ R O (,
method. Finally, we determine a optimal interference level
¯  in (18) by one-dimensional exhaustive search. A detailed
algorithm is summarized in Algorithm 3 where Nmax and ¯ max
denote the total number of candidates for the exhaustive search
and an upper bound on the optimal solution ¯  , respectively.
Similar to Algorithm 2, we can show that the complexity of
Algorithm 3 can be expressed as O(Nmax log2 1 K 2 ).
V. S IMULATION R ESULTS
In this section, we evaluate the average sum throughput
of the MU-MIMO CWPCN by numerical simulations. In the
simulation, we set the number of SUs as K = 3, the energy
harvesting efficiency as ζi = 0.5, ∀i , [8] and the noise
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Algorithm 3 Optimal Solution for Overlay CWPCN
For n = 0 : Nmax − 1
√
¯ max
Initialize a = 0, b = 1, ω = −1+2 5 , and ¯ n = Nnmax
−1 .
Repeat
Update τ1 = a + (1 − ω)b and τ2 = b + (1 − ω)a.
Obtain R O (¯ n , τ1 ) and R O (¯ n , τ2 ) by solving (P2-2).
If R O (¯ n , τ1 ) > R O (¯ n , τ2 ), set a = τ1 .
Else, set b = τ2 .
Until |a − b| converges.
Compute τ  = (a + b)/2.
End
Find n  = arg maxn∈{0,1,...,Nmax −1} R O (¯ n , τ  ).
Fig. 3. Average sum throughput performance as a function of PH-AP for
(3, 1, 3), (4, 2, 3) and (5, 3, 3) underlay CWPCN.

Fig. 2.

Network topology for the CWPCN.

2
2
2
variance as σH-AP
= σPR,DL
= σPR,UL
= −90 dBm. The
PT, the PR and the H-AP are located at the coordinates
(0, 0) m, (200, 0) m and (100, 100) m, respectively, and the
SUs are randomly placed around the H-AP within a circle
of radius 5 m, i.e., (100 + 5cosθ, 100 + 5sinθ ) m, where
θ ∼ U [0, 2π] is uniformly distributed, as illustrated in Fig. 2.
We assume the transmit power at PT as PP = 20 dBm unless
specified otherwise. All channel coefficients follow an independent and identically distributed complex Gaussian random
variable with zero mean and unit variance. The path-loss is
set to c0 ( dd0 )−α , where c0 = −20 dB is a constant attenuation
at the reference distance d0 = 1 m, d indicates the distance
between two terminals, and α = 3 [11], [12], [16] represents
the path-loss exponent. Throughout the section, a notation
(M, N, K ) is adopted to denote a CWPCN with K SUs each
having N antennas and the H-AP with M antennas. Also,
we fix  in (3) of the underlay CWPCN as  = −70 dBm
and the primary rate constraint of the overlay CWPCN in (5)
2
P |h|
) for fair comparison. For
is set to be RP = log2 (1 + P1+
performance comparison, we consider an equal power design
as a baseline scheme, in which a simple power allocation
PH-AP

matrix is applied such as WEP,U = min( h
2,
M )I M for the

PH-AP
underlay CWPCN and WEP,O = diag( PH-AP
M , . . . , M , PP )
for the overlay CWPCN. For both cases, {Si } are calculated
from Algorithm 1 with W = WEP,U and W = WEP,O . The
time allocation τ in the equal power design is determined from
Algorithm 2 or is fixed to τ = 12 . In addition, the TDMA
scheme is also considered as a baseline scheme, in which
the previous MISO TDMA WPCN work in [10] is simply
extended to a MISO CWPCN.
Fig. 3 depicts the average sum throughput performance
of the proposed algorithm and the equal power schemes
for the underlay CWPCN of (3, 1, 3), (4, 2, 3) and (5, 3, 3)
systems with  = −70 dBm. As expected, we can check that
the proposed optimal algorithm outperforms the conventional
schemes for all cases. One interesting observation is that while

Fig. 4. Average sum throughput performance as a function of PH-AP for
(3, 1, 3), (4, 2, 3) and (5, 3, 3) overlay CWPCN.

a sum throughput performance gain of the proposed scheme
becomes larger as the transmit power at the H-AP PH-AP
grows, the performance of the equal power scheme is saturated
at a high PH-AP range. This is because the transmit power at the
H-AP is constrained by the ITC, and thus the harvested energy
at the SUs no longer increases even if PH-AP becomes high.
Therefore, a gain of the proposed method is more pronounced
at high PH-AP . Also, we can see that the time allocation is
an important factor for improving the average sum throughput
performance when comparing two equal power schemes. Also,
it is shown that at PH-AP = 10 dBm, our method obtains about
37 %, 39 % and 42 % gains over the equal power scheme with
τ = 12 in (3, 1, 3), (4, 2, 3) and (5, 3, 3) systems, respectively.
Similar observations can be made in Fig. 4 which shows
the average sum throughput performance of various schemes
in (3, 1, 3), (4, 2, 3) and (5, 3, 3) overlay CWPCN systems
with RP = 6 bps/Hz. Note that the equal power scheme also
computes {Si } by the same manner as the proposed method.
We can see that, in contrast to the underlay case, the performance of the equal power scheme is not saturated at high
PH-AP . This is because in the overlay CWPCN case, the
H-AP’s transmit power is not restricted thanks to the cooperation between the primary and the secondary networks. Also,
It is observed that at PH-AP = 10 dBm, the proposed optimal
algorithm provides about 38 %, 44 % and 44 % gains over
the equal power scheme with τ = 12 in (3, 1, 3), (4, 2, 3) and
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Fig. 7.
Average sum throughput performance as a function of τ for
(3, 3, 3) systems.

Fig. 5.

Convergence behavior of Algorithms 1, 2 and 3.

Fig. 6.
Average sum throughput performance as a function of RP for
(3, 3, 3) overlay CWPCN.

(5, 3, 3) systems, respectively.
Fig. 5 illustrates the convergence behavior of the proposed
algorithms for (2, 2, 3), (3, 3, 3) and (4, 4, 3) CWPCN systems at PH-AP = 30 dBm. We can see that Algorithm 1
converges to a stable point for all cases. Also, as shown
in Fig. 5(b), the average sum throughput performance of
Algorithms 2 and 3 converge within 4 iterations.
In Fig. 6, we plot the average sum throughput performance
of (3, 3, 3) overlay CWPCN systems with different PH-AP as
a function of RP . In this plot, it is clear that the proposed
algorithm offers a larger sum throughput gain over the equal
power schemes with a higher data rate for the primary network.

Fig. 8. Average sum throughput performance as a function of PH-AP for
(1, 1, 3), (2, 2, 3) and (3, 3, 3) systems.

Also, by comparing the equal power with both the optimized τ
and fixed τ = 12 , it can be seen that the time allocation optimization is indeed significant for enhancing primary network’s
performance.
Fig. 7 compares the average sum throughput performance
of the underlay CWPCN and the overlay CWPCN in (3, 3, 3)
systems as a function of the time allocation factor τ . As we
can see, τ plays an important role especially at high PH-AP .
For instance, at PH-AP = 30 dBm, the proposed algorithm
achieves about 37 % and 45 % gains over the equal power
with fixed τ = 21 in the underlay CWPCN and the overlay
CWPCN, respectively. Also we can check that the optimal
time allocation τ  becomes smaller as PH-AP grows. This is
attributed to the fact that each SU can store enough energy
from the RF signals transmitted by the H-AP and the PT during
a short time duration when PH-AP is large. On the other hand,
the time duration for the energy transfer should be increased
to harvest more energy when PH-AP is small.
In Fig. 8, we present the average sum throughput performance of the underlay CWPCN and the overlay CWPCN
in (1, 1, 3), (2, 2, 3) and (3, 3, 3) systems as a function of
PH-AP . The performance curves with (1, 1, 3) correspond to
the conventional single antenna CWPCN [16] with 3 SUs.
Unlike MIMO cases, i.e., (2, 2, 3) or (3, 3, 3) cases, the
sum throughput of the (1, 1, 3) underlay CWPCN system
becomes saturated at large PH-AP . This is due to the fact
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have confirmed that the proposed algorithms outperform the
conventional methods.
A PPENDIX A
P ROOF OF L EMMA 1
We first prove that μi > 0 for i = 1, . . . , K . If μi equals 0
for some i , the dual function in (11) becomes unbounded,
i.e., GU ({μi }, {ν j }) → ∞, since the optimal S̄i can be
written by
S̄i = cqq H ,
Fig. 9.
Average sum throughput performance as a function of PP for
(3, 3, 3) systems.

that the transmit power of the H-AP in the DL-WET phase
is limited by the ITC. In other words, for a bounded value
of , the H-AP may not transfer enough energy to SUs for
attaining a proper throughput in the subsequent UL-WIT phase
especially in the high PH-AP regime. On the contrary, for the
case of MIMO or overlay systems, the H-AP can enjoy full
transmit power since interference to the primary network can
be avoided, and thus the throughput increases monotonically
with PH-AP .
In Fig. 9, we draw the average sum throughput of the
underlay CWPCN and overlay CWPCN with respect to the
primary transmitter’s power PP . In the underlay case, as PP
grows, the interference power from the PT to the H-AP in the
UL-WIT phase becomes larger. As a result, the throughput performance of the secondary WPCN may be reduced. In particular, when PH-AP is high, since each SU already harvests enough
energy from the H-AP’s energy signal, the interference power
caused by a large PP will be more pronounced. In contrast,
the performance of the overlay CWPCN slightly improves,
since the increased PP helps the SUs harvest more energy
without incurring any interference to the H-AP during the
UL-WIT phase. Throughout the simulations, we confirm
that our proposed algorithms outperform the conventional
schemes.
VI. C ONCLUSIONS
This paper has investigated the MU-MIMO CWPCN where
a secondary WPCN with multiple-antenna terminals shares
the same spectrum with a primary WIT network. In this
configuration, we have provided the optimal time allocation
and the transmit covariance matrices to maximize the sum
throughput while protecting the primary network’s performance both in the underlay CWPCN and the overlay CWPCN
scenarios. First, in the underlay CWPCN case, the optimal
transmit energy and information covariance matrices have been
determined for a given time allocation. Then, the optimal time
allocation has been found by a simple line search method.
Next, for the overlay CWPCN case, we have reformulated
the sum throughput maximization problem to that of the
underlay CWPCN case by applying the rank-relaxation and
the active interference-temperature control technique, and we
have identified the optimal solution. Finally, simulation results

with c → ∞, where q is a vector in the nullspace of ĥi .
Therefore, to obtain a bounded optimal solution, we must have
μi > 0, ∀i .
K

H

H
Next, we show that A 
i=1 μi ζi Gi Gi − ν2 hh −

ν1 I M is a negative semi-definite matrix. The KKT conditions of problem (P1-2) with respect to W̄ are expressed
as [22]
AW̄ = 0,
= 0,

(25)
(26)

= 0,
W̄  0.

(27)

ν1 (τ̂ PH-AP − tr(W̄ ))
ν2 (τ̂  − h H W̄ h)


We will prove by contradiction. Let us suppose that the
matrix A is negative definite. In this case, it is easy to show
that W̄ in (25) is a zero matrix, which results in ν1 =
ν2 = 0 due to the complementary slackness conditions in
K
(26) and (27). Then, we have A = i=1
μi ζi GiH Gi , which

is a positive semi-definite matrix since μi > 0, ∀i . Note that
this contradicts the assumption A ≺ 0, and thus A cannot be
a negative definite matrix.
Second, suppose that A has at least one positive eigenvalue.
Then, the optimal energy covariance matrix becomes W̄ =
H , where c is a positive number and u
cuA,1 uA,1
A,1 indicates
an eigenvector of A corresponding to the positive eigenvalue
λA,1 . As mentioned before, the dual function is unbounded
by setting c → ∞, and all eigenvalues of A should be nonpositive. As a result, we can conclude that the matrix A is
negative semi-definite.
Based on the derived results, we now prove that W̄ is
given 
by (13). Let us define the eigenvalue decomposition of
K

H

H as B = U  U H , where
B 
B B B
i=1 μi ζi Gi Gi − ν2 hh
M×M
UB ∈ C
and B = diag(λB,1 , . . . , λB,M ) with λB,1 ≥
. . . ≥ λB,M represent the eigenvector matrix and the eigenvalue matrix of B, respectively. To guarantee the negative
semi-definite property of A = UB (B −ν1 I M )UBH , the optimal
dual variable ν1 should be equal to the maximum eigenvalue
of B, i.e., ν1 = λB,1 > 0. Then, from (25), the optimal
H
energy covariance matrix can be expressed as W̄ = αuB,1 uB,1
for any non-negative number α, since we have AuB,1 = 0.
From the complementary slackness condition (26), it follows
tr(W̄ ) = α = τ PH-AP , which implies that the optimal energy
H .
covariance matrix W̄ is written by W̄ = τ PH-AP uB,1 uB,1
This completes the proof.
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−1

A PPENDIX B
P ROOF OF T HEOREM 1
We define P̄O which indicates the maximum value of the
relaxed problem (P2-1). We will verify that P̄O = RO (¯  ),
¯ We first show that P̄O ≥
where ¯  = arg max≥0
RO ().
¯
RO (¯  ). Let us denote F and F O as the feasible set of
problem (P2-2) with  ≥ 0 and the relaxed problem (P2-1).
Then, we can easily check that F O includes F , i.e., F ⊂ F O .
When the optimal interference level ¯  is given, the feasible
set of problem (P2-2) F¯  is contained in F O . Thus, the
optimal value of problem (P2-2) with a given ¯  is a lower
bound of P̄O .
Next, we prove that P̄O ≤ RO (¯  ). The optimal solutions
which maximize the relaxed problem (P2-1) are denoted by
τ  , {S̄i } and W̄ . We define the interference level with the
optimal solution of the relaxed problem (P2-1) as   , i.e.,
 K ĥiH S̄i ĥi
¯
  = i=1
(1−τ  ) . When the interference level is set to  =
  , the optimal solution is the feasible solution of problem
(P2-2), i.e., (τ  , {S̄i }, W̄ ) ∈ F  . Therefore, the optimal value
of problem (P2-2) with   is an upper bound of the optimal
value of the relaxed problem (P2-1), i.e., P̄O ≤ RO (  ).
We know that the optimal value of problem (P2-2) with the
optimal interference level ¯  is an upper bound of that with
any interference level, i.e., RO () ≤ RO (¯  ). Thus, it follows
that P̄O ≤ RO (¯  ).
From the results of P̄O ≥ RO (¯  ) and P̄O ≤ RO (¯  ), we
conclude that P̄O = RO (¯  ). Since problem (P2-2) has a
similar form to problem (P1-1), the optimal energy covariance
matrix W̄ for the relaxed problem (P2-1) is always a rank one
matrix. Thus, the proof of P O = RO (¯  ) is completed.
A PPENDIX C
P ROOF OF L EMMA 2
H . For a
We first prove that W̄ = τ (PH-AP + PP )uB̄,1 uB̄,1
given τ̂ , the KKT conditions of problem (P2-2) with respect
to W̄ are given by

ĀW̄ = 0, ν2 (f H W̄ f − C) = 0,
ν1 (τ̂ (PH-AP



+ PP ) − tr(W̄ )) = 0,
H
W̄ e M+1 = τ̂ PP ,
e M+1

(28)
(29)
(30)

W̄  0,

K
H
where Ā  i=1
μi ζi FiH Fi +ν2 ff H +ν4 e M+1 e M+1
−ν1 I M+1 .
From Appendix A and (28), the matrix Ā is negative semidefinite. Combining the result Ā  0 and the KKT conditions
(29) and (30), we obtain the optimal energy covariance matrix
H .
in the overlay CWPCN as W̄ = τ (PH-AP + PP )uB̄,1 uB̄,1
A detailed proof is omitted for brevity and is referred to the
proof of Lemma 1.
Now, we investigate the information covariance matrices
1

1

Mi2 S̄i (Mi2 ) H
(1−τ̂ )

and ignoring the constant
{S̄i }. Denoting S̃i =
terms with respect to S̃i in (24), the problem for computing
S̃i can be expressed by
max log2 |I M + C̄i S̃i C̄iH | − tr(S̃i )
S̃i 0

(31)

1
Hi Mi 2 and C̄i = (I M +
where we have Ēi = σH-AP

H − 12 Ē . Let us define V̄ ∈ C M×r̄i and σ̄
i
i
i, j ( j =
i = j Ē j S̃ j Ē j )
1, . . . , r̄i ) as the right singular vector and the j -th singular
value of the matrix C̄i with σ̄i,1 ≥ . . . ≥ σ̄i,r̄i and r̄i =
rank(C̄i ). Then, by applying the KKT optimality conditions,
a solution of (31) is computed as
−1

−1

S̄i = (1 − τ )Mi 2 V̄i D̄i V̄iH (Mi 2 ) H ,

(32)

where D̄i = diag(d̄i,1 , . . . , d̄i,r̄i ) with d̄i,k = max(0, log2 e −
1
), for k = 1, . . . , r̄i . Since the proof is similar to solving
σ̄ 2
i,k

the problem in (14), we omit the detailed derivations of (32)
for brevity.
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