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Abstract—A new queue-length aware online scheduling scheme
is proposed for a buffer-aided wireless-powered communication
network (WPCN) with non-orthogonal multiple access (NOMA).
The throughput of the considered network is maximized by
designing the optimal resource allocation scheme, while preserving
the stability of both energy and data queues. The formulated
optimization problem is particularly challenging, since it is a long-
term mixed-integer optimization problem. In order to solve it
efficiently, we first transform the long-term optimization problem
into a series of short-term ones at each time slot by taking
advantage of the Lyapunov optimization framework, which can be
efficiently solved. The analytical expression of the rate allocation
reveals that in contrast to the case of WPCN without buffering,
the optimal decoding order depends on the length of data buffer.
Simulation results show that the proposed scheme outperforms
the non-buffering scheme in terms of the long-term time-average
sum rate.

Index Terms—WPCN, buffer-aided, NOMA, Lyapunov opti-
mization

I. INTRODUCTION

Recently, wireless powered communication network
(WPCN) has attracted increasing attention as one of the
potential technologies to improve the lifetime of energy-
constrained wireless networks [1]–[3]. WPCN can be
implemented by using the ‘‘harvest-then-transmit” protocol
[1], i.e., the hybrid access point (H-AP) first powers all users
by broadcasting wireless energy during the downlink (DL)
transmission, and then by using the harvested energy, users
send information to the H-AP in the uplink (UL). In order to
improve wireless information and power transfer efficiency,
multi-antenna techniques are also widely considered in WPCN.
For instance, the authors in [3] investigated a multiple-antenna
power station model which can increase the wireless energy
transfer efficiency and maximize the sum-throughput by jointly
optimizing the time allocation factor and energy beamforming
vector.

However, the above works considered users transmitting
information in an orthogonal multiple access (OMA) manner;
it is difficult to simultaneously meet the requirements of high
spectrum efficiency and massive connectivity for Internet-of-
Things applications. In order to address this issue, power-

domain non-orthogonal multiple access (NOMA) which can
serve multiple users in the same time/frequency/code resource
was proposed [4]–[10]. In NOMA, advanced signal processing
techniques are utilized in the decoding process to mitigate the
intra-cell inter-user interference, such as successive interference
cancellation (SIC). In [7], an uplink NOMA-enabled WPCN
was studied, taking into account the decoding order of the user’s
messages. More specifically, time-sharing has been proposed
for uplink NOMA, where multiple decoding orders for users
are implemented for different portions of time, which enlarges
the capacity region. It was shown that NOMA is superior to
time division multiple access in terms of fairness, data rate that
can be achieved by all users, as well as energy efficiency.

Moreover, with the substantial increasing demands for
achieving higher throughput, data-buffer-aided communication
has become an important technology [11]–[13], which can take
advantage of the channels’ ergodicity, as well as the knowledge
of the channel state information (CSI) and the states of buffers
to achieve higher average throughput. For instance, the authors
in [11] considered a buffer-aided relay network and showed
that data buffering can improve the throughput. In [12], an
optimal power allocation and adaptive link selection scheme
was proposed to improve the corresponding throughput. It is
noted that most of the related works assumed that the harvested
energy can be used immediately within one transmission block,
which led to a poor performance in terms of long-term power
consumption. To this end, when the channels undergo deep
fading, an energy storage (e.g., battery or capacitor) is required,
which can improve the power allocation efficiently by enabling
the system to store the harvested energy.

Motivated by the above-mentioned facts, in this paper, data
and energy buffers are explored in a wireless powered NOMA
network. We first formulate a long-term time-average sum rate
maximization problem, while guaranteeing the stability of all
users’ data and energy queues. Then, an online scheduling
scheme based on the Lyapunov optimization framework [14] is
proposed to solve the long-term stochastic optimization prob-
lem. Accordingly, control decisions and resource allocations
are performed according to the real-time CSI and states of
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buffers. Furthermore, by deducing the analytic expression of
the rate allocation, it is proved that the optimal decoding order
of the users’ messages in the considered system depends on
the length of the data queues. Additionally, simulation results
validate the effectiveness of the proposed algorithm and show
that the proposed scheme outperforms the baseline one in terms
of long-term time-average sum rate [7].

The remainder of this paper is organized as follows. In Sec-
tion II, the system model is presented. Section III focuses on the
design of optimal resource allocation for buffer-aided wireless-
powered NOMA network. Simulation results are presented in
Section IV, while Section V concludes the paper.

II. SYSTEM MODEL

A buffer-aided wireless powered NOMA network is consid-
ered, as illustrated in Fig. 1. The network consists of one H-AP
with K antennas and M users with a single antenna, denoted
by Um, m ∈ {1,2, ...,M}. All users can harvest energy from the
H-AP and send information to the H-AP in a NOMA manner.
Moreover, each Um is provisioned with a data buffer to store
the received information from the upper layer and with an
energy storage to store the harvested energy from the H-AP.
Specifically, the H-AP transmits energy beams to all users in
the DL, while in the UL, all energy-constrained users transmit
the information to the H-AP in a NOMA manner by using the
harvested RF energy.
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Fig. 1: Network model.

A time-slotted system is considered, and the duration of
a time slot is denoted by T . Qm(t) and Em(t) are used to
denote the available amount of data and energy for Um in the
corresponding data and energy buffer, respectively. Similar to
[15], we also consider a flow controller at each Um, and the
upper layer traffic arrival process of Um at time slot t is denoted
by Am(t). Let am(t) (0 ≤ am(t)≤ Am(t)) to denote the amount
of data stored in the data buffer, and thus, the long-term time-
average arrival rate can be described as

am =

(
lim

N→∞

1
N

N−1

∑
t=0

am(t)

)
. (1)

A. Channel Model
It is assumed that the channel coefficients are constant within

one time slot but change independently from one time slot to

another. Also, channel reciprocity is assumed. Let the complex
random vector gm(t) ∈C

K×1 denote the small-scale Rayleigh
fading between the H-AP and Um at time slot t. The large-scale
fading is also considered and the path loss exponent is denoted
by α . Therefore, the channel coefficient vector can be described
as g̃m(t)= gm(t)√

dα
m

, where dm is the transmit distance between

the H-AP and Um.

B. Communication Protocol

In the UL transmission mode, the information can be stored
in the data buffer for several time slots if the channel conditions
are not good. Moreover, the energy storage facilitates the
users to exploit the harvested energy more efficiently, i.e.,
transmit information with a larger power level when the channel
conditions are good. Furthermore, it is assumed that the H-AP
can acquire the states of data and energy queues, as well as
perfect CSI of all involved links. Thus, the system can switch
between the following two modes at each time slot t.

Mode 1: Wireless energy beamforming mode. In this
mode, the H-AP transmits the energy beamforming vector
w(t) = (w1(t),w2(t), ...,wK(t))

T ∈ C
K×1 to all users. Hence,

the transmit power of the H-AP can be described as

P(t) = ||w(t)||2 =wH(t)w(t), (2)

where the superscript H denotes the Hermitian transpose of
the complex vector w(t) and the signal received at Um can be
expressed as

ym(t) = g̃H
m(t)w(t)+nm(t), (3)

where nm(t) is the additive white Gaussian noise (AWGN) at
Um with zero-mean and variance σ2. We use d(t) = 0 and
d(t) = 1 to represent the system state in Mode 1 and Mode 2,
respectively. Thus, the mode selection variable d(t) satisfies

d(t) ∈ {0,1},∀t. (4)

According to (3) and (4), the harvested energy of Um at time
slot t can be expressed as

Hm(t) = (1−d (t))η |g̃H
m(t)w(t)|2T, (5)

where η ∈ (0,1) is the energy conversion efficiency. The update
equation of Em(t) is

Em(t +1) = [Em(t)+Hm(t)−Pm(t)T ]
+
, (6)

where [x]+ = max(0,x), and max(0,x) denotes the maximum
value between 0 and x.

Mode 2: NOMA-aided wireless information transmission
mode. In this mode, all users exploit the harvested energy in
the energy storage to send information to the H-AP by using
uplink NOMA. Thus, the received signal at the H-AP is

yAP(t)=
M

∑
m=1

√
Pm(t)g̃m(t)xm(t)+n, (7)

where Pm(t) is the transmit power of Um, IK denotes a K ×
K identity matrix and the complex Gaussian random variable
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n ∼ CN(0,σ2IK) stands for noise at H-AP. Then, the H-AP
decodes the information by using SIC. Thus, the transmission
rate R(t)= {R1(t),R2(t), ...,RM(t)} of users satisfies

∑
m∈S

Rm(t)≤ log2

(
1+ ∑

m∈S
||g̃m(t)||2Pm(t)

)
,∀m,∀t, (8)

where S ⊂ {1,2, ...,M} and S 
=∅. It can be observed that (8)
contains 2M−1 constraints. The departure rate of the data buffer
of Um can be given as

bm(t) = d(t)Rm(t)T,∀m,∀t. (9)

Hence, the update equation of Qm(t) is given as

Qm(t +1) = [Qm(t)+am(t)−bm(t)]
+
. (10)

III. OPTIMAL RESOURCE ALLOCATION SCHEME

In this section, we maximize the long-term time-average
sum rate by designing an adaptive scheduling scheme. Mode
selection, rate control, energy beamforming, rate and power
allocations are jointly considered to achieve the goal. The
optimization problem can be formulated as

P1 : max
d(t),P(t),

R(t),a(t),w(t)

M

∑
m=1

am (11a)

s.t. C1 : 0 ≤ am(t)≤ Am(t),∀m,∀t, (11b)

C2 : ∑
m∈S

Rm(t)≤log2
(
1+∑

m∈S
||̃gm(t)||2Pm(t)

)
,∀m,∀t,

(11c)

C3 : 0 ≤ Pm(t)≤ P̂m(t),∀m,∀t, (11d)

C4 : 0 ≤ ||w(t)||2 ≤ P̂AP(t),∀t, (11e)

C5 : lim
N→+∞

1
N

N−1

∑
t=0

(1−d(t)) ||w(t)||2≤ P̄maxT, (11f)

C6 : d(t)(1−d(t)) = 0,∀t, (11g)

C7 : am ≤ lim
N→∞

1
N

N−1

∑
t=0

d(t)Rm(t)T,∀m, (11h)

C8 : lim
N→∞

1
N

N−1

∑
t=0

d(t)Pm(t)T ≤ lim
N→∞

1
N

N−1

∑
t=0

Hm(t),∀m,

(11i)

where P(t) = [P1(t),P2(t), ...,PM(t)], R(t) =
[R1(t),R2(t), ...,RM(t)] and a(t) = [a1(t),a2(t), ...,aM(t)].
P̄max denotes the average power budget at H-AP, and the
maximum instantaneous transmit power of the H-AP and
Um are P̂AP(t) and P̂m(t), respectively. In particular, C1 and
C2 describe the arrival and departure rate constraints. The
instantaneous power constrains of Um and H-AP can be
guaranteed by C3 and C4, respectively. The average power
budget at H-AP is guaranteed by C5. Moreover, C6 indicates
that the system only selects one of the two modes in each
time slot t. Finally, the stability of the corresponding data and
energy queues are ensured by C7 and C8, respectively.

It is noted that the optimization problem (11) is not only
a mixed-integer programming problem due to C6, but also

contains long-term time-average terms. Thus, it is particularly
challenging to solve this with acceptable complexity. To this
end, we propose an online algorithm by exploring the Lyapunov
optimization framework [14].

In order to solve (11), we first convert C5 into the stability
of virtual queue EAP(t) as follows

EAP(t +1)=
[
EAP(t)+(1−d(t))||w(t)||2T − P̄maxT

]+
, (12)

where P̄maxT and (1−d(t)) ||w(t)||2 correspond to the depar-
ture rate and arrival rate of the queue, respectively. In Lemma 1
below, we prove that the constraint C5 is equivalent to keeping
the stability of the queue EAP(t).

Lemma 1: If EAP(t) is mean rate stable, i.e., lim
t→+∞

EAP(t)
t

= 0,
then long-term time-average power constraint C5 of the H-AP
can be guaranteed.

Proof: According to (12), one has

EAP(t +1)≥ EAP(t)+(1−d(t))||w(t)||2T − P̄maxT. (13)

Summing (13) over t and dividing by t, we have

EAP(t)−EAP(0)
t

≥ 1
t

t−1

∑
l=0

(1−d(t))||w(t)||2T − P̄maxT. (14)

By assuming that the initial state of EAP(t) is zero and

combining with lim
t→+∞

EAP(t)
t

= 0, one has

(1−d(t)) ||w(t)||2T ≤ P̄maxT. (15)

The proof is completed.
Similarly, C7 and C8 can also be converted into the sta-

bility problem of the corresponding data and energy queues,
respectively. Now, the long-term constraints C5, C7 and C8 in
optimization problem (11) can be transformed into the problem
of keeping the stability of queues.

We describe the queues by defining the following queue
backlog vector

Θ(t) = [Q(t),E(t),EAP(t)] , (16)

where Q(t) = [Q1(t),Q2(t), ...,QM(t)] and E(t) =
[E1(t),E2(t), ...,EM(t)]. Thus, the size of Θ(t) is

L(Θ(t))=
1
2

M

∑
m=1

μ1mQ2
m(t)+

1
2

M

∑
m=1

μ2m (φm−Em(t))
2+

μ3

2
E2

AP(t).

(17)
In order to keep the stability of all queues, the positive weight
factors μ1m, μ2m and μ3 are introduced. φm is the perturbation
value of Em(t), and it is assumed that Em(t)≤ φm [13]. Thus,
we can modify the update equation of Em(t) as

Em(t +1) = min{Em(t)+Hm(t)−Pm(t)T,φm} . (18)

Next, the one-slot conditional Lyapunov drift function is de-
fined as

Δ(Θ(t))� E{L(Θ(t +1))−L(Θ(t)) |Θ(t)} , (19)

which characterizes the increment of L(Θ(t)). By minimizing
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Δ(Θ(t)), the stability of the queues can be ensured [14]. More-
over, we aim for maximizing the time-average sum function.
Therefore, following the Lyapunov optimization framework, we
should minimize the drift-minus-utility function, given as

Δ(Θ(t))−V
M

∑
m=1

am(t), (20)

where V ≥ 0 is a non-negative penalty weight that is chosen to
control the tradeoff between the optimum performance and the
average queue size.

Lemma 2: For given Θ(t) and V , it is assumed that the
channel gain is independent and identically distributed over
different time slots. The upper bound of (20) is given as

Δ(Θ(t))−V
M

∑
m=1

am(t)

≤B−V
M

∑
m=1

am(t)+
M

∑
m=1

μ1mQm(t)E{am(t)−bm(t)|Θ(t)}

+
M

∑
m=1

μ2m(φm −Em(t))E{d(t)Pm(t)T −Hm(t)|Θ(t)}

+μ3EAP(t)E
{
(1−d(t)) ||w(t)||2 − P̄max|Θ(t)

}
, (21)

where B is a constant, given as

B =
1
2
E

{
M

∑
m=1

(μ1mâm)
2 +(μ1mb̂m)

2 +(μ2mĤm)
2 +(μ2mP̂m)

2

}

+
1
2
E

{(
μ3P̂AP

)2
+(μ3P̄max)

2
}
, (22)

where âm, b̂m, and Ĥm are the maximum values of am(t), bm(t),
and Hm(t), respectively.

Proof: According to the data queue update equation (10),
we first find the upper bound of Q2

m(t +1)−Q2
m(t) as

Q2
m(t +1)−Q2

m(t)

=
(
[Qm(t)+am(t)−bm(t)]

+)2 −Q2
m(t)

≤(Qm(t)+am(t)−bm(t))
2 −Q2

m(t)

=(am(t)−bm(t))
2 +2Qm(t)(am(t)−bm(t))

≤a2
m(t)+b2

m(t)+2Qm(t)(am(t)−bm(t))

≤â2
m + b̂2

m +2Qm(t)(am(t)−bm(t)) . (23)

Thus, one has

Q2
m(t +1)−Q2

m(t)
2

≤ â2
m + b̂2

m

2
+Qm(t)(am(t)−bm(t)) . (24)

In a similar way, it holds that

E2
m(t +1)−E2

m(t)
2

≤ Ĥ2
m + P̂2

m

2
+(φm −Em(t))×

(d(t)Pm(t)T −Hm(t)) , (25)

E2
AP(t +1)−E2

AP(t)
2

≤ P̂2
AP +(P̄max)

2

2
+EAP(t)×(

(1−d(t))||w(t)||2 − P̄maxT
)
. (26)

By taking conditional expectations over the above four equa-
tions, and adding V ∑M

m=1 am(t) to both sides, the proof is
completed.

In order to maximize the objective function while keeping the
stability of all involved queues, we should try to minimize the
upper bound of the Lyapunov drift-minus-penalty item given
by Lemma 2. Thus, for given queue states and CSI at current
slot, one obtains the following optimization problem

P2 : min
d(t),P(t),

R(t),a(t),w(t)

−V
M

∑
m=1

am(t)+
M

∑
m=1

μ1mQm(t)(am(t)−bm(t))

+
M

∑
m=1

μ2m (φm −Em(t))(d(t)Pm(t)T −Hm(t))

+μ3EAP(t)
(
(1−d(t)) ||w(t)||2 − P̄max

)
(27a)

s.t. C1 ∼ C5, C7. (27b)

Taking into account the special structure of the optimization
problem (27), it can be divided into four-subproblems as
follows, namely,

Arrival rate control: It is observed that am(t) is independent
of the other variables, and thus, we can obtain the following
optimization problem related to a(t):

P3 : min
a(t)

M

∑
m=1

(μ1mQm(t)−V )am(t) (28a)

s.t. C1. (28b)

It can be seen that (28) is a linear programming. Thus, the
optimal value of am(t) can be obtained at the boundaries of the
constraint C1, i.e.,

am(t) =

{
Am(t), if μ1mQm(t)<V,

0, otherwise.
(29)

It can be observed that all of the new generated data are
admitted if the queue length at the current slot is smaller
than the threshold V ; otherwise, there is too much data in the
corresponding data queue, and thus, no new data will be placed
into the corresponding data buffer. In other words, the arrival
rate control policy is a queue length threshold-based one.

In order to obtain the optimal mode selection scheme, we
first consider the following sub-problem-2 and sub-problem-
3, which correspond to wireless energy beamforming mode
and NOMA-aided wireless information transmission mode,
respectively.

Energy beamforming optimization: In this subproblem,
the system performs energy transfer, i.e., d(t) = 0, and thus,
the optimization problem corresponding to this mode can be
formulated as

P4 : min
w(t)

−
M

∑
m=1

μ2m (φm −Em(t))Hm(t)+μ3EAP(t)×(||w(t)||2 − P̄max
)

(30a)
s.t. C5. (30b)
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The optimal energy beamforming vector is

w(t)=

⎧⎨
⎩

0, if dmin(t)≥ 0,√
P̂(t)u1(t), otherwise,

(31)

where dmin(t) is the smallest eigenvalue of D(t) = μ3EAP(t)I−
M
∑

m=1
μ2m (φm −Em(t))ηT Gm(t) and u1(t) denotes the eigenvec-

tor corresponding to dmin(t).

Proof: Substituting (5) into the objective function of (30),
we can get the following optimization problem

P5 : min
w(t)

−
M

∑
m=1

μ2m (φm −Em(t))η |(g̃m(t))Hw(t)|2T+

μ3EAP(t)
(||w(t)||2 − P̄max

)
(32a)

s.t. C5. (32b)

Next, letting Gm(t) = g̃m(t)g̃H
m(t) and W (t) =w(t)wH(t),

and thus, (32) can be rewritten as

P6 : min
W (t)

−
M

∑
m=1

μ2m (φm −Em(t))η tr(Gm(t)W (t))T

+μ3EAP(t)tr(W (t)) (33a)

s.t. C1 : 0 ≤ tr(W (t))≤ P̂,∀t, (33b)
C2 : rank(W (t)) = 1,∀t, (33c)

C3 : W (t) ∈ SK
+,∀t, (33d)

Let D(t)= μ3EAP(t)I−
M
∑

m=1
μ2m (φm −Em(t))ηT Gm(t), then the

objective function of (33) can be rewritten as tr(D(t)W (t)).
Based on the fact that

tr(D(t)W (t)) = tr(U(t)∑
D

UH(t)V (t)∑
W

V H(t)) (34a)

= tr(V H(t)U(t)∑
D

UH(t)V (t)∑
W
) (34b)

= tr(M(t)∑
D

MH(t)∑
W
) (34c)

=W1(t)
K

∑
i=1

di(t)M2
1i(t), (34d)

where (34b) follows from the fact that tr(AB) = tr(BA), (34c)
can be obtained by letting M(t) = V H(t)U(t) and (34c) is
deduced by following rank(W (t)) = 1.

One can get

P7 : min
W1(t)

W1(t)
K

∑
i=1

di(t)M2
1i(t) (35a)

s.t.
K

∑
i=1

M2
1i(t) = 1,∀t, (35b)

by some briefly discussing of (35), we can get the results.

Transmission power and rate allocation: In this subprob-
lem, the system operates in information transfer mode, i.e.,
d(t) = 1, thus, the optimization problem in this mode can be

expressed as

P8 : min
R(t),P (t)

−
M

∑
m=1

μ1mQm(t)Rm(t)T+
M

∑
m=1

μ2m (φm −Em(t))Pm(t)T

(36a)
s.t. C3,C4. (36b)

In order to make more clear the analysis of (36), the data buffers
are sorted in an ascending order depending on their lengths, i.e.,

0 < μ1(A( j1))QA( j1) ≤ μ1(A( j2))QA( j2)....≤ μ1(A( jL))QA( jL). (37)

We use Ω = {A( j1),A( j2), ...,A( jL)} to denote the set of non-
empty data buffers, and then, (36) can be reformulated as

P9 : min
RΩ(t),PΩ(t)

−
L

∑
l=1

μ1(A(jl))QA(jl)(t)RA(jl)(t)T+
L

∑
l=1

μ2(A( jl))

× (
φA( jl)−EA( jl)(t)

)
PA( jl)(t)T (38a)

s.t. C1 : ∑
A( jl)∈S

RA( jl)(t)≤ log2

(
1+ ∑

A(jl)∈S
||g̃A( jl)(t)||2

, ×PA( jl)(t)
)
, S ⊆ Ω,∀t,

C2 : 0 ≤ PA( jl)(t)≤ P̂A( jl)(t),∀A( jl),∀t, (38b)

where RΩ(t)=
[
RA( j1)(t),RA( j2)(t), ...,RA( jL)(t)

]
and PΩ(t)=[

PA( j1)(t),PA( j2)(t), ...,PA( jL)(t)
]
. Next, we expand the first item

of the objective function in (38), thus, (38) can be rewritten as

P10 : min
RΩ(t),PΩ(t)

−
L

∑
l=1

[(
μ1(A(jl))QA(jl)(t)−μ1A( j(l−1))

QA( j(l−1))
(t)
)

(39a)

×
L

∑
p=l

Rp(t)
]
T+

L

∑
l=1

μ2(A( jl))
(
φA(jl)−EA( jl)(t)

)
PA(jl)(t)T

(39b)

s.t. C1 : ∑
A(jl)∈S

RA( jl)(t)≤ log2

(
1+ ∑

A(jl)∈S
||g̃A(jl)(t)||2

, ×PA( jl)(t)
)
, S ⊆ Ω,∀t,

C2 : 0 ≤ PA( jl)(t)≤ P̂A( jl)(t),∀A( jl),∀t, (39c)

Since the coefficient of
L
∑

p=l
Rp(t) is negative, i.e., the objective

function is a monotonically decreasing function of
L
∑

p=l
Rp(t).

Thus, the optimal solution for RΩ(t) is achieved at the equal
terms in C1, i.e.,

RA( jl)=log2

⎛
⎜⎝1+

PA(jl)||̃gA(jl)(t)||2
1+ ∑

A(jk)∈{Ω/A(j1),A(j2),...,A(jl)}
PA(jk)||̃gA(jk)(t)||2

⎞
⎟⎠ .

(40)
It can be observed that the H-AP performs a queue-length aware
SIC, i.e., the user with the longest queue decodes its own
information without suffering interference. This SIC scheme
can be explained as that the user with more backlog in its data
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Fig. 2: Performance of the proposed scheme.

buffer should have a higher transmit rate. Then, substituting the
expression of RA( jl) into (38), we have

P11 : min
PΩ(t)

L

∑
l=1

μ2A( jl)
(
φA( jl)−EA( jl)(t)

)
PA( jl)(t)T

−
L

∑
l=1

μ1(A( jl))QA( jl)(t)T log2

(
1+ (41a)

PA( jl)||g̃A( jl)(t)||2
1+ ∑

A( jk)∈{Ω/A( j1),A( j2),...,A( jl)}
PA( jk)||g̃A( jk)(t)||2

)

(41b)

s.t. C1 : 0 ≤ PA( jl)(t)≤ P̂A( jl)(t),∀A( jl),∀t. (41c)

It can be seen that (41) is a convex optimization problem due
to the convexity of the objective function and the linearity of
the constraints. Thus, we use the interior point method to solve
it efficiently.

Optimal mode selection: By observing the above analysis,
it can be concluded that the optimal mode selection scheme is

d∗(t) =

⎧⎨
⎩

1, if A∗(t) = argmini=1,2 A∗
i (t),

0, otherwise,
(42)

where A∗
1(t) and A∗

2(t) are

A∗
1(t) =−

M

∑
m=1

μ2m (φm −Em(t))Hm(t)+μ3EAP(t)×(||w∗(t)||2 − P̄max
)
, (43a)

A∗
2(t) =−

M

∑
m=1

μ1mQm(t)R∗
m(t)T+

M

∑
m=1

μ2m(φm −Em(t))P∗
m(t)T.

(43b)

A. Performance Analysis

In this subsection, the analytical bounds of the long-term
time-average sum rate, and the buffer length in our scheme are
presented in the following theorem.

Theorem 1: For arbitrary V > 0, there exist constants ε > 0
and B > 0, such that the proposed policy satisfies the following

properties:

U∗
m − B

V
≤

M

∑
m=1

am ≤U∗
m, (44)

lim
T→+∞

1
T

T−1

∑
t=0

M

∑
m=1

E{Qm(t)} ≤ B+V [U∗
m −Ψ(ε)]
ε

, (45)

where U∗
m is the theoretical optimal value of

M
∑

m=1
am and Ψ(ε)

is a constant.
The proof of Theorem 1 is similar to the proof of Theorem

4.2 in [14]. Theorem 1 shows that the proposed scheme can
ensure the stability of buffers, and the achievable sum rate
arbitrarily approaches U∗

m by increasing V , while the length
of the data buffer increases linearly. In other words, there
exists a tradeoff [O(V ),O(1/V )] between the queue backlog
and the gap to the theoretical optimal sum rate. Moreover, the
computational complexity of the proposed scheme is roughly
O
(
n3.5

)
, which comes mainly from the interior point method

used for solving Pm(t).

IV. SIMULATION RESULTS AND DISCUSSION

In this section, we present the simulation results. The average
transmission power budget and the noise variances of the H-AP
are considered as P̄max = 30 dBm and -100 dBm, respectively.
The energy harvesting efficiency is set to η = 0.5. It is assumed
that gm,i follows the Rayleigh distribution. We set the path loss
exponent to α = 2. Moreover, we assume that the data arrival
rate Am(t) follows the Poisson process with mean value Aav =
15 bps. Finally, the scheme in [7] is the baseline scheme, which
considers a WPCN with NOMA but without buffering.

We first present the performance of the proposed scheme in
Fig. 2. The user locations are set as d1 = 5 m, d2 = 10 m, θ1 =
0◦ and θ2 = 45◦. Fig. 2 (a) shows that the throughput of the near
and far users gradually increases with V , respectively, which is
consistent with (44). It is also seen that the throughput of the
near user firstly decreases before achieving stability, which is
consistent with the characteristic of NOMA. From Fig. 2 (b)
and Fig. 2 (c), we see that with the increase of V , the average
buffer size and delay of each user increase linearly, which is
consistent with the analysis of (45).
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Fig. 3: The throughput vs. the average power budget at H-AP.

In Fig. 3, the long-term average sum-rate of all users is
illustrated with different values of M, e.g., 2, 3, 4. It is seen
that our scheme is superior to the non-buffering scheme [7],
which implies that the proposed adaptive scheduling scheme
can increase the system performance by taking full advantage
of the extra degrees of freedom introduced by the data and
energy buffers. Fig. 4 illustrates that as the number of antennas
increases, the long-term average sum-rate and the long-term
average rate of the user that achieves the lowest average rate
can be gradually increased, and the gain comes from the spatial
gain owing to multiple antennas at H-AP.
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Fig. 4: The throughput vs. different number of antennas at H-
AP.

V. CONCLUSIONS

In this paper, the long-term time-average sum rate of the
buffer-aided wireless-powered NOMA network with a multi-
antenna H-AP was investigated. Results revealed that the opti-
mal decoding order depends on the lengths of the data buffers,
which is different from that in the wireless-powered NOMA

network without buffering. Moreover, it was seen that the
proposed scheme can obtain the asymptotically optimal solution
with a low computational complexity. Finally, simulation results
demonstrated that the proposed scheduling policy can signifi-
cantly improve the long-term time-average sum rate compared
with the non-buffering scheme.
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