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Abstract: As the mobile traffic explodes, direct device-to-device
communications attract much attention as one of next-generation
technologies to increase the spatial spectrum efficiency in multichannel wireless networks. On the other hand, as battery-powered
mobile devices interrupt user experience due to limited battery capacity, wireless power transfer (WPT) has emerged as a convenient
and perpetual power supply. However, current circuit technologies cannot support both energy harvesting and information decoding at the same time, and thus the Time-Division-Multiple-Access
(TDMA) approach is often used for either data transmission or
power transfer at a time, which requires joint scheduling of data
transmissions and wireless power transfer. In this paper, we investigate the joint scheduling problem of multi-channel data transmissions and wireless power transfer, formulate the joint problem
using a unified framework, and identify new difficulties in efficient
resource allocation. We also develop a preliminary solution that
achieves good empirical performance in single-hop D2D network
scenarios.

I. Introduction
Device-to-Device (D2D) communications have attracted
much attention as a potential near-future solution to mobile traffic explosion. Through direct communications without traversing the base station or the access point, D2D communications
can improve the spectral efficiency, energy efficiency, cellular coverage, delay performance, and fairness [1]. One of the
main issues in D2D communication networks is the interference management. Since the cellular and D2D devices share
the same frequency channel, their simultaneous transmissions
may severely interfere with each other and none achieves an acceptable transmission rate. Power control [2] and successive interference cancellation technique [3], [4] have been employed to
reduce the interference level of transmission signals, and several
interference-aware resource allocation schemes have been designed to avoid simultaneous transmissions of nearby wireless
links [5], [6]. In this work, we consider the problem of efficient
resource allocation in multi-channel D2D networks, and investigate new aspects of resource allocation when the data transmission and wireless power transfer compete with each other.
Wireless Power Transfer (WPT) is a technology that delivers
energy wirelessly from power sources to electrical loads. Since
many mobile devices are powered by batteries, they should be
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recharged or replaced when their energy is depleted. Thus, as a
convenient and perpetual power supply solution for mobile devices, WPT has attracted attention to replenish the energy over
the air [7]. In practice, wireless power transfer is often implemented using one of three different technologies: inductive
coupling, magnetic resonant coupling, and electromagnetic radiation (e.g., microwave power transfer (MPT)). Inductive and
magnetic resonant coupling can be applied only for short range
(less than a few meters), while MPT can be applied for long
range (up to a few kilometers). It has been reported that beamed
microwave power transmission can experimentally achieve the
efficiency of 54% [8]. We consider MPT as wireless power
transfer technology for mobile devices due to its long distance
and efficiency. For higher efficiency, the power can be transferred from a shorter distance by densely deploying base stations
or power beacons [7].
Recently, Simultaneous Wireless Information and Power
Transfer (SWIPT) has been proposed and its rate-energy tradeoff has been studied on the assumption of simultaneous energy harvesting and information decoding [9]–[12]. However,
in practice, the receiver cannot both harvest energy and decode
the carried information at the same time [13], [14]. Two practical solutions have been proposed to this end: time-switching, for
which the received signal is processed either for energy harvesting or for information decoding, and power splitting, for which
the received signal is split into two signals of a fixed power ratio
and each of them is used for energy harvesting and information
decoding, respectively. Since the power splitting deteriorates the
performance of power transfer and link capacity [14], we consider the time-switching model, where the information and the
power are transmitted using the Time Division Multiple Access
(TDMA) approach and each node can be involved either in data
transmission or in power transfer at a time.
Numerous efficient scheduling schemes have been developed for TDMA-based data transmissions. Maximum Weight
Scheduling (MWS) [15] has been shown to achieve the optimal throughput by computing the maximum weighted rate sum
with weight of queue length. Despite its high performance,
MWS has not been widely deployed in practice due to the requirement of centralized control and high computational complexity [16], which can cause significant amount of overhead
in a large-scale D2D networks. Greedy Maximal Scheduling
(GMS) (or Longest-Queue-First (LQF) scheduling) [17] that
schedules the link with the largest weight first conforming to
interference constraints, has a lower complexity and achieves
good empirical performance, and thus can be considered an alternative solution in practice. Recently, Carrier Sense Multi-
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ple Access (CSMA) based throughput-optimal scheduling algorithm has been developed [18], [19]. By sensing the channel
before transmitting, each link coordinates its activity based on
its own queue length, converging to the schedule distribution of
an optimal solution. Although the CSMA algorithm achieves
the optimal throughput performance, it suffers from poor delay
performance in practice [20]. These scheduling schemes have
been designed for data transmission in TDMA networks, and its
extension to multi-channel wireless networks is straightforward
since the channels can operate separately with each other. However, when the scheduling of multi-channel data transmissions
that consume the battery energy is combined with the scheduling of wireless power transfer that replenishes the battery energy, the joint scheduling can be complicated and problematic
since the transmissions at different channels are now coupled
through the energy constraint.
In this work, we study the joint scheduling problem of multichannel data transmissions and wireless power transfer. We
identify the difficulties in high-performance joint scheduling
with low computational complexity, and develop a practical solution that performs well in single-hop D2D network scenarios. We elaborate a unified framework of wireless scheduling
for both data transmission and power transfer. Introducing energy shortage queues, we develop a shadow system that accommodates both data transmission and power transfer in a unified
resource allocation problem of power deficiency transmission.
We apply the previous schemes to the shadow system and identify their potential performance degradation. By modifying the
greedy algorithms, we develop a practical solution to the joint
scheduling of data transmission and wireless power transfer in
D2D networks.
The rest of the paper is organized as follows. We introduce the
system model for wireless data transmission and power transfer in Section II. We develop a unified model that can take
into consideration both data transmission and wireless power
transfer in Section III, and identify the problems of joint data
transmission and power transfer under low-complexity scheduling schemes in Section IV. A solution that modifies GMS has
been proposed in Section IV-C. We verify the performance of
our solution through simulations in comparison with the other
scheduling schemes in Section V, and conclude our paper in
Section VI.
II. System Model
We consider a multi-channel wireless network modeled by a
graph G(N, L, F ) with the set N of nodes, the set L of wireless links, and the set F of frequency channels. Each link can
transmit over a single frequency channel f (l) ∈ {1, . . . , M } at
a time, where transmissions at different frequency channel do
not interfere with each other. We assume that each link has a
unit capacity. Let tx(l) and rx(l) denote the transmitter and the
receiver of link l, respectively.
Two links cannot transmit simultaneously at the same frequency channel if they interfere with each other. We employ
the symmetric binary (or conflict) interference model: for links
i and j, we define Cij ∈ {0, 1} as the interference relationship
between links i and j, where Cij = Cji = 1 if they interfere
with each other, and Cij = Cji = 0 otherwise. Note that if
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Cij = 1, then f (i) = f (j). We define the conflict set of link i
as C(i) = {j ∈ L|Cij = 1}.
We assume a time-slotted system. A (feasible) transmission
⃗ ∈ {0, 1}|L| is defined as the set of links that when
schedule S
they are active at the same time slot, no two links in the set
interfere with each other. For each link l, we denote Sl = 1 or
l ∈ S, if link l is included in schedule S, and Sl = 0 or l ∈
/ S,
otherwise. Let S be the set of all the transmission schedules.
A transmission schedule is called maximal if no additional link
can be added without violating the interference constraints. Let
M ⊂ S be the set of all the maximal schedules.
When a link is scheduled and make a data transmission, its
transmitter consumes a fixed amount of energy, and cannot make
further transmission if the energy storage is depleted. The energy can be replenished by wireless power transfer from base
stations or power beacons using microwave radiation [7]. We
assume that each node has an energy storage with infinite capacity, and that all the links with the same transmitter share the
energy storage.
For scheduling the power transfer, we use the TDMA approach and avoid conflict with data transmissions, since a node
cannot be involved in both data transmission and power transfer
at the same time due to the restriction on the circuits [13], [14].
We assume that for each node, there is an associated base station or power beacon that delivers energy to the node through
the beamed microwave power transmission. A base station or
power beacon can be associated with multiple nodes, and uses
directional antennas to prevent interference to and from other
nodes [7]. Let Vn (t) ∈ {0, 1} denote the activity of wireless
power transfer of node n during time t. From our assumption,
each link l should satisfy
Sl (t) + Vtx(l) (t) ≤ 1 and Sl (t) + Vrx(l) (t) ≤ 1.
Let V̂n be the unit of power transfer to node n from its associated
power source during a time slot. Also let Ûl be the unit of power
consumption due to data transmission of link l. We specify how
much energy has been consumed from the energy storage by
energy shortage queue Pn (t) of node n, which evolves as
!
Ûl · Sl (t). (1)
Pn (t + 1) = [Pn (t) − V̂ · Vn (t)]+ +
l:n=tx(l)

In D2D communications, we consider the single-hop data
traffic, i.e., the packets immediately leave the system once they
are successfully transmitted. Let Al (t) be the number of packet
arrivals at link l at the beginning of time slot t, which is upperbounded by Ā and has mean λl := E[Al (t)]. Let Qi (t) be
the queue length at link l at the beginning of time slot t, which
evolves as
Ql (t + 1) = [Ql (t) − Sl (t) + Al (t)]+ ,

(2)

where [·]+ := max{0, ·}. In the sequel, we omit the subscript t
if there is no confusion.
A link is said to be stable if its queue length remains bounded,
and the network is stable if all the links are stable and all the
energy shortage queues are bounded. The capacity region is defined as the set of data arrival rates, for which some scheduling
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Fig. 1. Two representations of a network system with data transmission and
wireless power transfer. In the original system, the wireless power transfer
is shown as a wave and the data transmission is shown as a solid arrow. In
the shadow system, the solid lines indicate the conflict relationship between
the power deficiency queues.

policy can stabilize the network, and a scheduling policy is said
to be throughput-optimal if it can stablilize the network for any
arrival rate within the capacity region, by managing data queues
and energy shortage queues properly.
III. Unifying Data Transmission and Wireless Power Transfer
In this section, we develop a resource allocation model that
can combine both data transmission and wireless power transfer
in a unified framework. The core idea is to convert data transmission and power transfer to a single power quantity, called
power deficiency.
For ease of exposition, we consider a network that consists of
one data link and one power transfer link as shown in Fig. 1(a).
The transmitter A has energy shortage queue PA , and link l has
the data queue Ql . For each component of the original network
system, we construct a shadow system by mapping the wireless
power transfer link at node A to vertex A and the data transmission link l to vertex l. When any two vertices cannot be active at
the same time, we connect them by an edge, results in a conflict
graph as shown in Fig. 1(b). Also we convert the energy shortage queue PA of node A to the power deficiency queue P̃A of
vertex A by setting P̃A = PA , and the data queue of link l to the
power deficiency queue P̃l of vertex l by setting P̃l = Ûl · Ql .
The shadow system is an image of the original system that
operates as follows.
• When a data packet arrive at link l in the original system, the
shadow system increase power deficiency queue P̃l by Ûl , which
indeed equals to the amount of power to transmit the data packet
through the link.
• When link l is scheduled and transmits a data packet in the
original system, the corresponding vertex in the shadow system
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becomes active and transmit Ûl unit power deficiency to the connected power transfer vertex A, i.e., Ûl unit power deficiency
moves from P̃l to P̃A .
• When the sender of link l replenishes its battery through the
wireless power transfer in the original system, the power deficiency queue P̃A of vertex A decreases by V̂A in the shadow
system.
Note that the above procedures maintain P̃A = PA and P̃l =
Ûl · Ql for all times. The power deficiency in the shadow system
can be considered as the amount of energy needed to serve the
data queues in the original system (i.e., similar to the energy
shortage in the original system). Hence, it is clear that, if all the
power deficiency queues in the shadow system remain finite, all
the data queues and the energy shortage queues in the original
system will remain finite, and vice versa. In this manner, the
power deficiency allows us to have a unified view on the data
transmission and the power transfer.
The joint problem of data transmission and wireless power
transfer in the original system can be considered as the scheduling problem of 2-hop flows with fixed route in the shadow system: the power deficiency arrives at P̃l , transmitted to P̃A by
the data transmission of link l, and leaves the system by wireless power transfer to node A. We note that there is similarity
between our model and that in [21], since both convert power or
energy constraint to the queue structure. However, unlike [21],
our model requires that the energy be explicitly replenished
through wireless power transfer, which creates more complex
structure involving multi-hop transmissions of the power deficiency.
We solve the 2-hop scheduling problem in the shadow queue
and apply the scheduling decision to the original system. If the
solution stabilizes the shadow system, it will also stabilize the
original system. It has been shown that the Back-Pressure algorithm with per-flow queues solves the scheduling problem of
multi-hop flows in a very general setting and achieve the optimal
throughput [15]. However, the Back-Pressure algorithm cannot
be directly applied to our case. Since the energy shortage queue
Pn is shared by multiple data links whose transmitter is node
n, the power deficiency queue P̃n are shared by all the flows
that created by each data link in the shadow system. Thus the
shadow system is per-vertex (or per-link) queue system by its
construction.
Recently, Bo et al. show that the per-flow queues in the BackPressure scheme can be replaced with per-link queues under the
condition that all the flows’ routes do not form a loop [22]. Since
the traffic is single-hop in the original system, the power deficiency of each flow in the shadow system starts from the vertex
that represents the data link, e.g., l, goes through the vertex that
represents the wireless power transfer to the transmitter of the
data link, e.g., A, and leaves the system. Hence, i) all the flows
are destined for one of the vertices for wireless power transfer,
and ii) the destination vertices are not connected by an edge in
the conflict graph, since multiple nodes can harvest energy at
the same time thanks to the beamed microwave power transmission. These imply that the flows in the shadow system do not
form a loop, and we can apply the Back-Pressure scheme with
power deficiency queue in the shadow system. To elaborate, the
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Back-Pressure scheme selects the set of vertices [15] such that
!
∆P̃i · Ii ,
(3)
I⃗ ∈ argmax
i

subject to Ii + Ij ≤ 1 for any two connected vertices i, j in the
shadow system, where Ii ∈ {0, 1}, and
"

Ûl · (P̃rx(l) − P̃tx(l) ) for data link l
V̂n · P̃n for wireless power transfer link at node n.
(4)
Proposition 1: For any arrival rate strictly within the capacity
region, the above Back-Pressure scheme stabilizes the shadow
system, and thus solves the joint problem of data transmission
and wireless power transfer.
We omit the proof and refer to [22].
∆P̃l :=

IV. Distributed Joint Scheduling
Although the Back-Pressure scheme achieves the optimal
throughput performance, it requires centralized control and has
high computational complexity to find the schedule that maximizes the queue weighted rate sum in the shadow system, which
is known as an NP-Hard problem in general [16]. As the network scales up, the overhead will dominate and the algorithm
cannot be implemented in practice. We consider the following
low-complexity scheduling schemes as alternative practical solutions.
A. Greedy Maximal Scheduling
Greedy Maximal Scheduling (GMS) can be implemented in a
distributed manner, has lower complexity O(|E| log |E|) [23],
and empirically achieves the performance comparable to the
Back-Pressure scheme [24]. It has been shown in [17] that GMS
guarantees σ(G)-fraction of the optimal throughput where σ(G)
depends on the network topology. In the following, we show that
GMS may suffer from performance degradation due to conflicts
between data transmissions and wireless power transfers.
We first describe the GMS scheduling algorithm: starting
with an empty set, it picks the link with the largest weight, adds
to the set, and then excludes all the links that interfere with the
link. The pick-add-exclude procedure repeats until there is no
remaining link that is neither included in the set nor excluded.
We extend the GMS algorithm to our 2-hop flow shadow system
described in Section III, by setting the weight of a vertex in the
shadow system as in (4).
Since data transmissions in different channels are noninterfering in our original system, it can be expected for GMS to
achieve the same σ(G) fraction of the optimal throughput. However, we will show that the performance of GMS may degrade
since data transmissions in different channels compete through
the shared energy shortage.
Let us consider an example network of two transmitters, each
of which transmits data to two receivers through two frequency
channels, as shown in Fig. 2(a). Let lA and lB denote the wireless power transfer links at node A and B, respectively. Let lA,1
and lA,2 denote the wireless D2D data links with transmitter A
over channel 1 and 2, respectively. Similarly, let lB,1 and lB,2
denote the data links with transmitter B over channel 1 and 2,
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respectively. Suppose that the links of the same channel interfere with each other, e.g., lA,1 and lB,1 (lA,2 and lB,2 , respectively) interfere with each other. In this sceanrio, it can be easily
shown that GMS achieves the optimal throughput when there is
no energy constraint [17].
Suppose that there are energy constraints, under which the
power shortage queues at each node should remain finite. The
wireless power transfer to a node interferes with all the data
transmission links associated with the node, and there is no interference between wireless power transfers due to the beamed
microwave power transmission through directional antennas.
The interference relationship can be described by a conflict
graph as shown in Fig. 2(b)
We assume that each data transmission consumes a unit of
power, and the wireless power transfer provides two unit of
power replenishment per slot, i.e., Û = 1 and V̂ = 2. Let
(AA,1 (t), AA,2 (t), AB,1 (t), AB,2 (t)) denote the vector of data
packet arrivals at link (lA,1 , lA,2 , lB,1 , lB,2 ) at slot t in the original system. We consider the following packet arrival pattern,
where the packets arrive at the beginning of each time slot. We
start with an empty data queue for all the D2D links and empty
energy shortage queues. At time 0, (3, 4, 4, 3) packets arrive.
After that, at each time t, one of the following sequence of
packet arrivals occur.
1. With probability ϵ, (4, 3, 3, 4) packet arrivals at t.
2. With probability ϵ, (3, 4, 4, 3) packet arrivals at t.
3. With probability (1 − 2ϵ),
(1, 0, 0, 1) packet arrivals at t,
(0, 0, 0, 0) packet arrivals at t + 1,
(0, 1, 1, 0) packet arrivals at t + 2.
Ignoring the arrival at time 0, the mean arrival rate is
⃗λ = ϵ(4, 3, 3, 4) + ϵ(3, 4, 4, 3) + (1 − 2ϵ) · (1, 1, 1, 1) ·
#
$
= 13 + 19
3 ϵ · (1, 1, 1, 1).

1
3

(5)

Let us consider the shadow system under the above arrival
pattern. If all the power deficiency queues remain finite, then
the original system is stable. Let P̃A and P̃B denote the shared
power deficiency queue of the vertex that represents the wireless
power transfer to node A and node B, respectively. Also the
power deficiency queue of the vertex that represents each data
link is denoted by P̃A,1 , P̃A,2 , P̃B,1 , P̃B,2 , respectively as shown
in Fig. 2(b).
Let P := (P̃A,1 , P̃A,2 , P̃B,1 , P̃B,2 , P̃A , P̃B ) denote the vector of the power deficiency queues in the shadow system. Let
S := (SA,1 , SA,2 , SB,1 , SB,2 , VA , VB ) denote the vertex schedule of power deficiency in the shadow system. Note that SA,1 ∈
{0, 1} corresponds to the data transmission of link lA,1 , and
VA ∈ {0, 1} corresponds to the wireless power transfers at node
A in the original system. Given the interference relationship between the power deficiency transmissions in the shadow system,
we have 5 maximal schedules1 :
(1, 0, 0, 1, 0, 0), (0, 1, 1, 0, 0, 0), (0, 0, 0, 0, 1, 1),
(1, 1, 0, 0, 0, 1), (0, 0, 1, 1, 1, 0).
Interleaving the above maximal schedules, we can characterize
the capacity region. In particular, a static scheduling scheme that
1 Maximal schedule is defined as a feasible schedule that cannot include additional transmission without violating the interference constraints.
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Fig. 2. Network graph of original system and shadow system. In the original system, the wireless power transfer is shown as green waves and the data transmissions
in different frequency channels are shown as blue solid and dotted arrows. In the shadow system, the solid lines indicate the conflict relationship between the
power deficiency queues and the dotted line denote the flows of the power deficiency.

interleaves two schedules of (1, 1, 0, 0, 0, 1) and (0, 0, 1, 1, 1, 0)
with equal probability can stabilize the shadow system for the
given ⃗λ. Under this static scheme, the service rate of the power
deficiency is
#1 1 1 1
$
1
1
2 (Û , Û , 0, 0, 0, V̂ ) + 2 (0, 0, Û , Û , V̂ , 0) = 2 , 2 , 2 , 2 , 1, 1 .

static scheduling scheme achieves up to 12 (1, 1, 1, 1), GMS can
achieve no greater than 23 fraction of the optimal performance.
Since σ(G) = 1 in the original system (without energy constraints). Our result show that in multi-channel networks with
wireless power transfer, GMS cannot guarantee σ(G) fraction
of the capacity region. Finally, we remark that the coupling
of the data transmissions in different channels is not because
the wireless power transfer that interfere with all the data transmissions across the channels, but rather because they share the
power deficiency queue (energy shortage queue).

Since the service rate of vertices lA and lB is no smaller than the
service rate sum of lA,1 and lA,2 , and lB,1 and lB,2 , respectively
(that is, 1 = V̂ · Vn ≥ Sn,1 + Sn,2 = 12 + 21 , for n ∈ {A, B}),
the deficiency queues P̃A and P̃B will remain finite.
For other vertices, the service rate of the power deficiency B. CSMA-based Joint Scheduling
queue is no smaller than the arrival rate, i.e., 12 = Sk ≥ Û ·
Another alternative method is to apply CSMA-based schemes
λk ≈ 41 , for all k ∈ {lA,1 , lA,2 , lB,1 , lB,2 }. Therefore, the static to the shadow system. CSMA-based scheduling schemes with
scheduling scheme can successfully support the given ⃗λ for any weight (4) have been shown to be optimal in multi-hop wireless
ϵ > 0.
networks [18]. Hence, we can extend their results to the shadow
We now investigate the performance of GMS with weight (4) system. To elaborate, we modify discrete-time scheduling of
in the shadow system. Suppose that at the beginning of time Q-CSMA [19] as follows.
t, the power deficiency queue is (3K, 3K, 3K, 3K, K, K) for
We can obtain the following proposition.
some integer K ≥ 1. Given the traffic pattern of ⃗λ, we show that
Proposition 2: CSMA-based joint scheduling scheme for the
under GMS, the queue lengths remain (3K, 3K, 3K, 3K, K, K) shadow system can achieve the optimal throughput performance
with probability (1 − 2ϵ), and increase to (3(K + 1), 3(K + by setting
1), 3(K + 1), 3(K + 1), K + 1, K + 1) with probability 2ϵ.
∆P̃i
.
pi =
Table 1 illustrates the evolution of the power deficiency queues
∆P̃i + 1
and the schedules of GMS for the given traffic pattern. Note that The proposition can be shown using the similar techniques
the schedules of GMS are determined by choosing first the link of [18], [19]. Since the scheme schedules the links of the closewith the largest weight, and the weight is computed as in (4) to-maximum weight sum with the weight defined in (4), its stawith Û = 1, V̂ = 2.
bility for any arrival rate in the capacity region can be shown
The result shows that once the queues are (3K, 3K, 3K, 3K, K, K)
using the Lyapunov technique. For the completeness, we profor any K ≥ 1, they keep increasing under GMS for the given vide the detailed proof in Appendix.
Although CSMA-based scheduling scheme is throughputtraffic ⃗λ. What remains to show is that the power deficiency
queue becomes (3, 3, 3, 3, 1, 1) at some time since time 0. Con- optimal, it empirically suffers from poor delay performance, as
sidering the packet arrival at time 0, i.e., when (3, 4, 4, 3, ·, ·) shown later in Section V.
packets arrive at the empty queues at the beginning of time 0, the
weight in the shadow system is (3, 4, 4, 3, 0, 0) and thus links C. A Heuristic Modification to GMS
lA,2 and lB,1 will be scheduled by GMS. At the end of time
In this section, we develop a heustic modification to GMS
0, the power deficiency queues in the shadow system become scheduling scheme to enhance its performance. In addition to
(3, 3, 3, 3, 1, 1), which completes our proof.
basic GMS algorithm, we add the following rules.
Therefore, the given traffic ⃗λ, the power deficiency queues • If a data link l is chosen by the greedy algorithm, then for the
keep increasing with any ϵ > 0 under GMS. Since the next selection, a priority is given to the data link that shares the
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Table 1. Evolution of the power deficiency queues of the shadow system under GMS for the given arrival pattern. (Û = 1, V̂ = 2)

Traffic pattern

Time

Case 1:
With prob.ϵ

t

Case 2:
With prob.ϵ

t

Case 3:
With prob.
(1 − 2ϵ)

t

t+1

t+2

Power Deficiency Queue Changes
Initial queue length (3K, 3K, 3K, 3K, K, K)
Arrival
(4, 3, 3, 4, ·, ·)
Weight
(2K + 4, 2K + 3, 2K + 3, 2K + 4, 2K, 2K)
Schedule
(1, 0, 0, 1, 0, 0)
Final queue length (3(K + 1), 3(K + 1), 3(K + 1), 3(K + 1), K + 1, K + 1)
Initial queue length (3K, 3K, 3K, 3K, K, K)
Arrival
(3, 4, 4, 3, ·, ·)
Weight
(2K + 3, 2K + 4, 2K + 4, 2K + 3, 2K, 2K)
Schedule
(0, 1, 1, 0, 0, 0)
Final queue length (3(K + 1), 3(K + 1), 3(K + 1), 3(K + 1), K + 1, K + 1)
Initial queue length (3K, 3K, 3K, 3K, K, K)
Arrival
(1, 0, 0, 1, ·, ·)
Weight
(2K + 1, 2K, 2K + 1, 2K, 2K, 2K)
Schedule
(1, 0, 0, 1, 0, 0)
Final queue length (3K, 3K, 3K, 3K, K + 1, K + 1)
Initial queue length (3K, 3K, 3K, 3K, K + 1, K + 1)
Arrival
(0, 0, 0, 0, ·, ·)
Weight
(2K − 1, 2K − 1, 2K − 1, 2K − 1, 2(K + 1), 2(K + 1))
Schedule
(0, 0, 0, 0, 1, 1)
Final queue length (3K, 3K, 3K, 3K, K − 1, K − 1)
Initial queue length (3K, 3K, 3K, 3K, K − 1, K − 1)
Arrival
(0, 1, 1, 0, ·, ·)
Weight
(2K + 1, 2K + 2, 2K + 2, 2K + 1, 2(K − 1), 2(K − 1))
Schedule
(0, 1, 1, 0, 0, 0)
Final queue length (3K, 3K, 3K, 3K, K, K)

Algorithm 1 CSMA-based joint scheduling.
⃗ ∈ M with proba1: Control slot: select a decision schedule d
⃗
bility α(d(t)).
⃗ do
2: for i ∈ d(t)
%
3:
if j∈C(i) Sj (t − 1) = 0 then
4:
Si (t) = 1 with probability pi ;
5:
Si (t) = 0 with probability p¯i = 1 − pi .
6:
else
7:
Si (t) = 0.
8:
end if
9: end for
⃗ do
10: for i ∈
/ d(t)
11:
Si (t) = Si (t − 1).
12: end for
13:

⃗
Data slot: for each l ∈ S(t),
link l transmits data if it is for
the data transmission, and link l transfers power if it is for
the power transfer.

q1

q2

q3

q4

lA

{lA,1 ,lA,2}

{lB,1 ,lB,2}

lB

Fig. 3. Tandem queue system with 4 queues.

The queues of the new system are denoted by θ1 , θ2 , θ3 , θ4 ,
and set as θ1 (t) = P̃A (t), θ2 (t) = max{P̃A,1 (t), P̃A,2 (t)}.
θ3 (t) = max{P̃B,1 (t), P̃B,2 (t)}, and θ4 = P̃B (t). Our modified GMS, denoted by GMS for Power Transfer (GMS-PT) can
be considered as GMS scheduling in this tandem queue system,
except the following two schedules
(1, 0, 0, 1, 0, 0) and (0, 1, 1, 0, 0, 0),

same power queue with link l. If there are multiple such links
that interfere with each other, then the link with larger weight
will be chosen first.
For example, if link lA,1 is chosen first by the greedy algorithm,
the next selection priority is given to link lA,2 .
We model our previous example to a system with 4 queues in
tandem (linear topology), where any two neighboring queues
cannot be in service at the same time, as shown in Fig. 3.

i.e., the cases that two different data links with different channel are scheduled. In such cases, the corresponding schedule
in the tandem queue will be (0, 1, 1, 0), which is not feasible
in our tandem queue model. All other feasible schedules in the
shadow system, can be mapped to a feasible schedule in the tandem queue model.
It has been well known that GMS achieves the capacity region
in this tandem system [17]. However, the capacity region of our
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Fig. 4. Performance of Back-Pressure and GMS.

Fig. 5. Performance of GMS, CSMA-based scheduling, and GMS-PT.

tandem queue model is different from that of our shadow system
due to the missing schedules. For the tandem queue model, the
capacity region can be described as

energy-efficient fashion. We identify that the combined energy
queues can cause unexpected coupling between non-interfering
channels, which results in scheduling inefficiency. By modifying the greedy scheduling, we design a heuristic joint scheduling
scheme. Through numerical results, we show that the proposed
scheme performs as well as the centralized Back-Pressure algorithm.

λθ
λθ
{⃗λ | 1 + λθ2 ≤ 1, λθ2 + λθ3 ≤ 1, λθ3 + 4 ≤ 1}
V̂A
V̂B

(6)

where λθ1
= λA , λ2 = max{λA,1 , λA,2 }, λ3 =
max{λB,1 , λB,2 }, λθ4 = λB . The performance of GMS-PT can
be characterized by comparing (6) with the capacity region of
the shadow system, which remains as an interesting open problem.
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Then the left side of (8) can be derived as
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which equals to the right side. Now we show that the CSMAbased joint scheduling achieves throughput optimal from the stationary distribution (7). Let us define the link weight wi (t) =
fi (∆P̃i (t)) for i ∈ E, where ∆P̃i (t) is the queue length differential to the next hop, fi (q) ∈ R+ is a non-decreasing
continuous function with limq→∞ fi (q) = ∞. Also for any
M1 > 0, M2 > 0, and 0 < ϵ < 1, there exists Q < ∞ such that
(1 − ϵ)fi (q) ≤ fi (q − M1 ) ≤ fi (q + M2 ) ≤ (1 + ϵ)fi (q),

Appendix
for all q > Q. Choose the link activation probability pi (in line
4 and 5 in Algorithm 1) as

Proof of Proposition 2
It can be easily shown that the DTMC of the transmission
schedule is irreducible and aperiodic. Suppose that the stationary distribution of the algorithm is
⃗ =
π(S)
where Z =

1 & pl
,
Z
p¯l
⃗
l∈S
! & pl
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ewi (t)
.
ewi (t) + 1

For example, we set fi (q) = log q. Given any ϵ and δ, where
0 < ϵ, δ < 1, we define a set
!
⃗∈M:
X := {S
wi (t) < (1 − ϵ)w∗ (t)},
(11)
where w∗ (t) := maxS∈M
⃗

If the following local balance equation holds for any two states
⃗ and S⃗′ , then (7) is indeed the stationary distribution of the
S
algorithm from the reversibility of the DTMC.
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where the last inequality!comes from the fact that |X | ≤ |M| ≤
∗
⃗
⃗ wi (t)
i∈S
2|E| and Z > emaxS∈M
= ew t . Hence, if
w∗ (t) >

1
1
(|E| log 2 + log ),
ϵ
δ

(13)
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then we have π(X ) < δ. Since w∗ (t) is a non-decreasing continuous function of P̃i (t) with lim||P˜i ||→∞ w∗ (t) = ∞, there
exists B > 0 such that (13) is satisfied whenever ||P̃i || > B.
This implies that when P̃i is large enough, the stationary distri⃗ converges to the set X c = M\X with high probbution, π(S),
ability (i.e., π(X c ) ≥ 1 − δ). From the fact that for a scheduling
algorithm, if for any ϵ and δ, 0 < ϵ, δ < 1, there exists a B > 0
such that in any time slot t, with probability greater than 1 − δ,
⃗ ∈ M satisfying
the scheduling algorithm chooses a schedule S
!
!
wi (t) ≥ (1 − ϵ) max
wi (t),
(14)
⃗
i∈S

⃗
S∈M

⃗
i∈S

whenever ||P̃i || > B. Then the throughput optimality of the
scheduling algorithm can be shown by using the Lyapunov technique with a quadratic weight sum function as in [25].
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