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Abstract—Industrial wireless networks (IWNs) have at-
tracted significant attention for providing time-critical de-
livery services, which can benefit from device-to-device
(D2D) communication for low transmission delay. In this
article, a distributed scheduling problem is investigated
for D2D-enabled IWNs, where D2D links have various age-
of-information (AoI) constraints for information freshness.
This problem is formulated as a constrained optimiza-
tion problem to optimize D2D packet delivery over limited
spectrum resources, which is intractable since D2D users
have no prior knowledge of the operating environment. To
tackle this problem, in this article, an AoI-aware schedul-
ing scheme is proposed based on primal-dual optimization
and actor–critic reinforcement learning. In specific, multiple
local actors for D2D devices learn AoI-aware scheduling
policies to make on-site decisions with their stochastic AoI
constraints addressed in the dual domain. An edge-based
critic estimates the performance of all actors’ decision-
making policies from a global view, which can effectively
address the nonstationary environment caused by concur-
rent learning of multiple local actors. Theoretical analysis
on the convergence of learning is provided and simula-
tion results demonstrate the effectiveness of the proposed
scheme.

Index Terms—Age of information (AoI), device-to-device
(D2D) communication, edge computing, industrial wireless
network (IWN), reinforcement learning.

I. INTRODUCTION

INDUSTRIAL wireless networks (IWNs) [1] have gained
significant attention in smart factory due to the advantages of
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flexibility, low cost, and scalability. For delay-sensitive indus-
trial applications, e.g., state perception and estimation, IWNs are
also envisioned to guarantee the service timeliness, which is cru-
cial since missing a deadline may lead to production inefficiency,
equipment destruction, and so on [2]. As a typical industrial
application, monitoring systems have stringent requirements for
information freshness, which can be quantified by the newly
proposed age-of-information (AoI) metric (also referred to as
age) [3]. As a novel metric of timeliness, AoI measures the
time elapsed since the generation of the most recently delivered
packet from the perspective of destinations and is paramount in a
wide range of information, communication, and control systems.
Therefore, AoI should be stringently bounded in IWNs.

As a promising cellular-based technique for proximity trans-
missions, device-to-device (D2D) communication specially fits
to the industrial monitoring systems where numerous nearby
sensor–actuator pairs require timely state update [4]. Each D2D
device pair can communicate directly with little involvement
of the base station (BS), resulting in extremely low power
consumption and delays. However, due to the limited wireless
resources named resource blocks (RBs) in cellular networks, the
available RBs should be intelligently allocated especially for
large-scale IWNs to coordinate the competition of numerous
D2D links [5], [6]. Therefore, how to schedule D2D packet
delivery over limited RBs while guaranteeing AoI constraints
is a critical problem in IWNs.

Recently, age-aware link scheduling has received significant
attention since AoI was first proposed in [7]. Specifically, the
key idea in [8]–[13] is to reduce the average AoI of users via
a single shared wireless channel. Focusing on IWNs, it is more
profitable to address age constraints rather than average age due
to the determination requirements of industrial applications [14],
[15]. Considering age constraints, an energy efficiency problem
is studied in [16] with global channel state information (CSI).
In D2D networks, however, the acquisition of global CSI is
challenging [17].1 In addition, most existing works on age are
designed in a centralized manner, which may incur large latency
and scalability issues. Although distributed scheduling can en-
hance network scalability and is more suitable for D2D-enabled
IWNs, the scheduling strategies of D2D device pairs will be

1The inband mode of D2D communication [18] is adopted in this article,
where D2D pairs can communicate directly via their LTE-A interface. As a
result, conventional pilot signals sent by the BS cannot be utilized for channel
estimation as D2D packets will not be forwarded across the BS.
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myopic in a fully distributed environment since they have only
local observations.

Different from the previous works, we consider the age-aware
link scheduling problem under the interference-limited access
model.2 In such a problem, D2D devices aim to share multiple
RBs in order to satisfy their age constraints without requiring
prior knowledge of channel quality. Moreover, an edge-assisted
hierarchical network is considered, which is shown to have
significant advantages in efficiency of resource management
and is widely adopted in IWNs [20]. In such a network, edge
controllers can manage the communication in IWNs to boost
mission-critical and personalized edge intelligence in the future
[21], [22]. This motivates us to design a novel scheme for
age-aware distributed link scheduling, where edge controllers
can assist distributed nodes to autonomously access the network
so as to improve communication efficiency and reduce network
pressure.

Leveraging edge computing, an age-aware scheduling
scheme, namely AoIS, is proposed in this article for large-scale
D2D-enabled IWNs, where multiple D2D links share spectrum
in a distributed manner. The key idea of AoIS is to guide each
D2D user to intelligently select an RB and transmit power level
to deliver its state packets, so that the AoI constraint can be
respected. Finding solutions to such a problem is a significant
challenge. The reasons are threefold and given as follows:

1) this problem is a functional optimization problem with
stochastic age constraints, which is intractable to solve
directly;

2) D2D users are scheduled with local observation in a
distributed manner, and thus do not have prior knowledge
of the operating environment, i.e., the information on both
channel quality and scheduling actions of others;

3) the environment is nonstationary due to the concurrently
updated scheduling policies of D2D users.

To deal with these challenges the following statements hold.
1) The proposed AoIS first uses near-universal learning pa-

rameterizations to represent the scheduling strategy for
each D2D user. Then, parameter training is undertaken in
both primal and dual domains to transform the optimiza-
tion formulation into an unconstrained learning problem.

2) Model-free reinforcement learning (RL) is used in AoIS
so that parameters of each user can be updated without
requiring prior knowledge of the operating environment.

3) To improve learning stability, AoIS utilizes the actor-
critic framework where an edge controller serves as a
critic to estimate the policies of D2D users from the global
viewpoints so that local actors can make scheduling de-
cisions with others’ information taken into account.

The remainder of this article is organized as follows. Section
II proposes the network architecture. Section III presents the
system model and problem formulation. In Section IV, the
primal-dual RL is formulated. Section V explains the details
of AoIS. Section VI presents the performance analysis of AoIS.
Finally, Section VII concludes this article.

2In the interference-limited case, users can simultaneously transmit using the
same RB with acceptable interference to each other [17], [19].

Fig. 1. Illustration of the hierarchical IWNs. (a) Edge-cloud hierarchical
IWNs architecture. (b) Edge-assisted and D2D-enabled FieldNet.

II. ARCHITECTURE OF HIERARCHICAL IWNS

A three-layer hierarchical industrial architecture is proposed
in this work, shown in Fig. 1(a), which consists of field, edge,
and cloud layers. The first layer is the field network layer, which
contains substantial geography-distributed devices, such as pro-
grammable logic controllers, sensors, actuators, robots, etc. For
flexible and scalable resource management, field networks can
be divided into multiple small-scale networks, called FieldNets,
according to different industrial subprocesses. For example, the
hot rolling process (with the length of 492 m), as a typical ex-
ample of large-scale industrial cyber–physical systems (CPSs),
is composed of several subprocesses, such as reversing rougher,
finishing milling, and laminar cooling as shown in Fig. 1(a). In
each FieldNet, there exist many sensor nodes that monitor the
state of field devices, industrial processes, and product quality, as
well as an edge-based small BS managing the communication
in this FieldNet. Hence, the second layer is the access layer
including multiple small BSs and edge computing nodes with
storage, computing, communication, and other resources. Since
this layer is closer to field networks, it can be used for processing
of computing-intensive tasks, e.g., analyzing industrial big data
from field devices [23]. Moreover, an edge-based BS can deliver
some data to the last layer, which is the industrial cloud, where
historical data of field devices and edge nodes can be stored in
the cloud for long-term data analysis.

In each FieldNet, conventional cellular links along with in-
dustrial Ethernet and field bus networks form a heterogeneous
industrial network, as shown in Fig. 1(b). Moreover, D2D device
pairs communicate directly in a distributed manner for the
industrial wireless applications in need of timely state update,
where AoI is a critical metric for information freshness [20].
In this article, we focus on age-aware D2D communication in
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a FieldNet, where state packets are transmitted directly among
D2D pairs with an edge-based BS assisting the communication.
The resource management of different FieldNets with multiple
edge controllers will be our future work.

III. SYSTEM MODEL AND PROBLEM STATEMENT

A. System Model

As shown in Fig. 1(b), we consider a distributed D2D-based
sensing system in IWNs, composed of a set N = {1, . . . , N}
of transmitter–receiver pairs for state update under the coverage
of a BS. Each device pair is referred to as a D2D user, which
is denoted either by just n or by the pair (n, n′). All D2D pairs
share a set K = {1, . . . ,K} of RBs with the bandwidth ω per
RB. For link scheduling, a time-slotted system is considered,
where scheduling decisions are made at the beginning of each
time slot t. Each time slot has a duration of τ , which is equal
to 1 ms or even smaller by using transmission time interval
shortening technology. The beginning and ending instants of
slots are synchronized across all nodes in the network.

In industrial CPSs, state update packets usually contain a
small amount of information but require fresh data. For a D2D
user n, the number of packets generated at time slot t can be
denoted by An(t), which follows a Poisson arrival process,
specifically, M/G/1, with the average packet arrival rate per slot
defined by κn. In M/G/1 systems, arrivals are Markovian (Pois-
son), which captures the scenario where the packet generation in
IWNs is triggered by some random events [24].3 State updates
are generated and stored at transmitters’ queues, following the
first-come-first-serve (FCFS) policy. Denoting the D2D pair ns
queue length at the beginning of time slot t by Qn(t), the queue
dynamics without packet loss is given by

Qn(t+ 1) = max{Qn(t)−Rn(t), 0}+An(t) (1)

where Rn(t) is the data rate of D2D user n at time slot t (in the
unit of packets per slot), which will be derived in the next.

Let every packet be time stamped with the time it was gen-
erated. The AoI of D2D user n is defined as the time elapsed
since the generation of the latest packet that has departed the
transmitter given by

qn(t) � t−max
i

{tnA(i) | tnD(i) ≤ t} (2)

where tnA(i) and tnD(i) are the arrival and departure instants of
the ith packet of D2D user n. For timely delivery, each D2D
user aims to satisfy its AoI constraint as

qn(t) ≤ dn ∀n ∈ N (3)

where dn is the largest AoI that D2D pair n can support and the
diversity of dn captures the customized quality of service (QoS)
level of each D2D user. Given the data rate Rn(t), the evolution
of AoI for D2D user n can be written as

qn(t) =

{
qn(t− 1) + 1 , if Rn(t) = 0

t−maxi{tnA(i) | tnD(i) ≤ t} , if Rn(t) �= 0
. (4)

3Event-triggered systems are considered in this article. Moreover, AoIS can
also be applicable to time-triggered systems, where the given sampling periods
can be served as a kind of input.

B. Communication Model

At the beginning of each time slot, every D2D user selects
an RB and power level to transmit packets. For the sake of
practical circuit restriction, the transmit power is discretized,
where L power levels are considered. Given the power level
pn(t) ∈ {1, . . . , L}, the instantaneous transmit power of each
D2D user can be calculated as

Pn(t) =
Pmax

L
· pn(t) ∀n ∈ N (5)

where Pmax is the maximal allowable power. Since D2D users
are allowed to access all the RBs, collision might occur. To serve
massive devices in IWNs, we adopt the interference-limited
access model [17], where interfered users can transmit together.
Accordingly, the transmission data rate of D2D user n on RB k
at time slot t is given by

Rn(t) =
ωτ

Z
log2

(
1 +

Pn(t)h
k
nn′(t)

N0ω +
∑

m∈{Ck\n} Pm(t)hk
mn′(t)

)
(6)

where Z is the packet length in bits. Moreover, Ck ⊂ N is the
set composed of D2D users operating over the same RB, called
a D2D user coalition, and hnn′(t) is the instantaneous channel
gain between devices n and n′.

C. Age-Aware Autonomous Scheduling Formulation

We aim to design an age-aware autonomous scheduling policy
for each D2D user that optimizes its data rate performance,
subject to its AoI constraint. Consider a scheduling policy πn

that returns a schedule φn := {cn ∈ {0, 1}K ,pn ∈ {0, 1}L}
defined by the channel selection vector cn and power level
selection vector pn with

∑K
k=1 cn,k = 1,

∑L
j=1 pn,j = 1. The

expected age-aware optimal scheduling formulation for D2D
users is

J∗ := max
πn

EH,Π [Rn(t)]

s.t. EH,Π [qn(t)] ≤ dn,

πn =
{
cn ∈ {0, 1}K ,pn ∈ {0, 1}L}

where H denotes the environment consisting of both global CSI
(i.e., hnm(t) between any two D2D nodes) and packet arrivals of
all D2D users (i.e., κn). Π = {π}−n is the scheduling strategy
matrix of others, determining the level of interference.

IV. AGE-AWARE SCHEDULING BASED ON PRIMAL-DUAL RL

The aim is to find suitable age-aware scheduling policies for
a set of D2D users so that their data rate can be maximized with
AoI constraints satisfied. However, this problem is generally
difficult to solve [25] due to the following challenges.

1) The optimization problem contains stochastic constraints
with the functional variable πn.

2) The D2D user n has no prior information on not only the
completeH but also other users’ scheduling strategiesΠ.

The first challenge indicates that J∗ is a functional optimiza-
tion problem with stochastic constraints, which is intractable to
solve due to high computational complexity. Furthermore, the
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data rate in (6) and AoI evolution in (4) are unknown before D2D
users take their scheduling actions due to the second challenge.

A. Deep Learning Formulation

To deal with the functional variable, we use the statistical
learning, which is accomplished by introducing a parameteri-
zation of the scheduling function πn(on,θn), defined with the
parameter θn ∈ Rx of some finite-dimensional x, where on is
the local observation of D2D user n. In the proposed age-aware
autonomous scheduling problem, D2D users make decisions
according to only local observation on and their priority is to
satisfy their AoI constraints. Therefore, on should reflect the
possibility of AoI violation. To this end, the following lemma
regarding the AoI constraint is proposed.

Lemma 1: For an M/G/1 queuing system following FCFS
policy with an age deadline dn, the AoI constraint of D2D user
n in (3) will be satisfied when

Qn(t) < Rn(t) + Ãn(t− dn) (7)

where Ãn(t− dn) + 1 is the number of state update packets
arriving during the time slots [t− dn, t) , which can be observed
in the D2D transmitter n.

Proof : At time slot t, let ie be the index of the packet at the
end of queue and î be the index of the first arriving packet at or
after time t− dn. Then, the index of the scheduled packets in
this slot can be written as [16]

ie + 1 −Qn(t) ≤ i ≤ ie −max (Qn(t)−Rn(t), 0) . (8)

Then, let tnD (̂i) > t represent the event that î is not served before
or at time t, which also denotes the violation of AoI constraint.
Accordingly, we have

qn(t) > dn
(a)↔ tnD (̂i) > t

(b)↔ î > ie −max (Qn(t)−Rn(t), 0)

(c)↔ Qn(t) > Rn(t) + ie − î

where (a) is based on the definition of AoI, (b) is based on (8),
and (c) is obtained according to tnD (̂i) > t. �

Based on (7), the age debt of D2D user n is defined, which
denotes the penalty for the violation of AoI constraints. That is

Dn(t) = Qn(t)−
(
Rn(t) + Ãn(t− dn)

)
. (9)

This denotes the number of additional updates that a D2D user
should deliver so that its age constraint can be met. By taking
the age debt into account, the local observation can be defined
as on = {Dn}. As a result, the optimization problem J∗ can be
rewritten as

J∗
θ := max

θn

EH,Π [fR(πn(on,θn))]

s.t. EH,Π[Qn(t)−(fR(πn(on,θn)) +Ãn(t− dn))]≤0

πn(on,θn)={cn ∈ {0, 1}K ,pn ∈ {0, 1}L}, θn ∈ Rx

where a scheduling action φn is made via the policy πn(on,θn),
parameterized by θn, with the input of local observation on.
Then, deep neural networks (DNNs) are employed to approx-
imate the scheduling function. As a result, the optimization
problem J∗

θ is performed over θn rather than the scheduling
policy directly. Moreover, we rewrite the data rate in the form
of function as fR(πn(on,θn)), which partially depends on the
scheduling output πn(on,θn) = φn.

B. Unconstrained Primal-Dual Learning

To solve J∗
θ , the weights of DNN need to be found in order

to maximize the received data rate while satisfying the AoI
constraint. However, the standard approach of gradient-based
optimization methods of DNN cannot be applied directly due to
the AoI constraint. Thus, an unconstrained formulation is needed
to capture the form of J∗

θ . A naive penalty-based reformulation
will introduce a similar but fundamentally different problem, so
we opt for constructing a Lagrangian function for J∗

θ , given by

Lθ(on, λn,θn) := EH,Π[fR(πn(on,θn))

− λn(Qn(t)− fR(πn(on,θn))− Ãn(t− dn))]. (10)

This Lagrangian penalizes the users with AoI violation through
the second term, i.e., the age debt fD(πn(on,θn)) := Qn(t)−
fR(πn(on,θn))− Ãn(t− dn), scaled by the dual parameter
λn.

To deal with this Lagrangian dual problem, the saddle point
formulation is defined as [25]

D∗
θ := min

λn≥0
max
θn

Lθ(on, λn,θn). (11)

This renders the primal J∗
θ analogous to conventional learning

problems, which can be solved with gradient-based optimization
algorithms. Since this parameterized formulation is nonconvex,
there exists a duality gap, defined as the difference J∗ −D∗

θ

between the dual and primal optima. In fact, the duality gap
can be very small when using the parameterization that is near-
universal4 according to [25, Th. 1]. Specifically, it shows that the
duality gap is bounded by ‖λ∗‖1Lε. ‖λ∗‖1 is the multiplier norm,
which is related to the assumption stating that service demands
are provisioned with some slack. The constantL is introduced to
guarantee Lipschitz continuity of scheduling policies. Although
both assumptions restrict the scope of targeted problems, they
still allow consideration of most communication problems of
practical importance [25]. Besides, the factor ε comes from the
error of approximating resource allocations using the param-
eterized policy πn(on,θn), and can be very small when using
near-universal parameterizations, e.g., DNN. This result justifies
the operation in the dual domain with DNN parameterization as
it does not entail a significant loss of optimality.

Therefore, we use primal-dual learning to solve (11) in the
dual domain. A primal-dual method performs gradient updates
on both primal and dual variables of the Lagrangian function
in (10) to find a local stationary point of the optimization

4The policy with near-universal parameterization can model any function πn

within a stated accuracy [26].
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problem J∗
θ . Formally, we update the primal parameters θn of

scheduling policy and the dual parameter λn by successively
moving them toward the maximum and minimum points of the
Lagrangian function as in (11). At each iteration t, by adding
the corresponding partial gradients of the Lagrangian ∇θL, we
have

λn,t+1 = [λn,t + βEH,Π [fDπn(on,t,θn,t))]]+ (12)

θn,t+1 = θn,t + α∇θEH,Π[fR(πn(on,t,θn,t))

− λn,t+1fD(πn(on,t,θn,t)))] (13)

where β > 0 and α > 0 are the step sizes of (12)-(13).

C. Primal-Dual Learning Based on Policy Gradient

Recall that D2D users do not have prior information on
the operating environment, that is Π and H. Therefore, D2D
users do not have the analytic form of fR(πn(on,θn)) and the
expected gradient in (13) cannot be computed. In this regard,
model-free RL methods are adopted to calculate the gradient,
where a stochastic policy, rewritten as πn〈φn,t|on,t,θn,t〉, is
constructed to decide scheduling decisions φn,t for D2D user n
at each time slot t. Accordingly, the expected gradient can be
inferred based on policy gradient [27], given by

∇θEH,Π[g(πn(on,t,θn,t)]

= EH,Π [gn,t∇θ log πn〈φn,t|on,t,θn,t〉]
g(πn(on,t,θn,t)

= fR(πn(on,t,θn,t))− λn,t+1fD(πn(on,t,θn,t))

= (1 + λn,t+1)fR(πn(on,t,θn,t))

− λn,t+1(Qn(t)− Ãn(t− dn)) (14)

which outputs the reward value gn,t. In this way, the gradients
can be obtained by interacting with the environment rather than
analytic computation done via model knowledge.

Scheduling policies can be learned effectively by using the
policy-based methods, which have good convergence properties.
However, traditional policy-based methods sometimes are ineffi-
cient to evaluate a policy due to the large variance of reward esti-
mation. Thus, value-based methods, such as Q-learning, are used
to ameliorate high variance, however, lead to high bias. In this
regard, actor-critic RL methods are proposed [28] to combine the
process of policy-based and value-based algorithms, which are
used in our distributed age-aware scheduling. The role of an actor
is to define a parameterized policy and generate actions, whereas
the critic is in charge of evaluating and criticizing the current
policy by processing the rewards received from the environment.

V. AOIS: AGE-AWARE SCHEDULING SCHEME FOR

DISTRIBUTED D2D-ENABLED IWNS

A. Edge-Assisted Actor-Critic Learning in AoIS

In multiagent learning systems, state transitions of agents’
common environment depend on their joint action. Thus, tra-
ditional actor-critic methods are still unsuitable in the setting
with multiple RL agents due to the nonstationarity issue. To
be specific, the rewards conditioned only on the user’s own

Fig. 2. Edge-assisted actor-critic learning framework.

actions (when the actions of other users are not considered in the
optimization process) exhibit much more variability, resulting in
nonstationary environment. To stabilize the learning process,
we propose an edge-assisted actor-critic learning framework
by taking advantage of edge computing in IWNs, shown in
Fig. 2. In this framework, AoIS is composed of two parts: local
actors for N D2D users and an edge-based critic. The latter
learns an approximation of action-state value function for local
actors from the perspective of global coalition structure and
its evolution. Based on the feedback of critic, the local actor
updates its policy parameters and makes scheduling actions
on-site. Therefore, the proposed learning framework features
centralized estimation and decentralized execution.

Formally, the critic aims to estimate the action-state value
function related to the data rate for each D2D user based on
the current coalition structure. According to the definition of
g(πn(on,t,θn,t)) in (14), the action-state value function outputs
Q values of expected long-term reward of (1 + λn,t+1)Rn(t),
if the scheduling action φn,t is taken at time slot t0 with the
extended local observation on,t = {Dn,t, λn,t} defined as

Qn(on,t, φn,t)

= EH,Π

[ T∑
t=to

γt−to(1 + λn,t+1)Rn(t) | o−n
t ,φ−n

t

]
(15)

where γ is the discount factor and o−n
t and φ−n

t denote the local
observation and scheduling action vector of other users, respec-
tively. Specifically, the edge-based critic aims to outputQ values
for each actor after scheduling, with the global coalition structure
st = {o1,t, . . . , oN,t} andat = {φ1,t, . . . , φN,t}.Qn(on,t, φn,t)
in (15) can be rewritten as Qn(st, at), which is trained centrally
in the edge by collecting local observations, actions, and the
corresponding data rates from each D2D user. Therefore, the
critic is informed of the experience et = (st, at, rt, st+1, at+1)
where rt = (R1(t), . . . , RN (t)). st+1, at+1 represent the coali-
tion structure formed by the next scheduling. Then, the critic is
trained with deep Q networks (DQN) [29], where the loss func-
tion S(t) of Qn(st, at) is proportional to temporal difference
errors

S(t) = EH,Π

[∑
n∈N

|Qn(st, at)− yn,t|
]

(16)

yn,t = (1 + λn,t+1)Rn(t) + γQ′
n(st+1, at+1) for n ∈ N .

(17)

Authorized licensed use limited to: University of Waterloo. Downloaded on May 08,2021 at 00:12:39 UTC from IEEE Xplore.  Restrictions apply. 



LI et al.: AGE-OF-INFORMATION AWARE SCHEDULING 5567

where Q′
n is the target Q network of n and its inputs st+1, at+1

are also collected from each actor. Here, TD errors indicate
whether the performance gets better or worse than expected and
is used to adjust both actors and critic in the direction reducing
the error mostly. Recall from (17) that Q values consider the
future coalition evolution throughQ′

n(st+1, at+1). Based on the
feedback of global and long-term Q values, local actors can take
the future potential strategies of others into account.

B. Workflow of AoIS

The details of AoIS are summarized in Algorithm 1.
1) Local Actors of D2D Users: The local actor of AoIS aims

to learn an age-aware scheduling policy based on primal and dual
learning as explained in Section IV-C. To be specific, after the
initialization of primal and dual parameters, iterations begin. At
the beginning of each time slot t, all the packets generated during
the time slot t− 1 are stored in the queue. AoIS first updates its
age debt by adding up these new packet arrivals and gets the local

observation on. Then, AoIS makes a scheduling decision on-
site through the stochastic policy πn〈φn,t|on,t,θn,t〉. All D2D
users form coalitions according to their scheduling actions. As
a result, they achieve different data rates and have their packets
delivered accordingly. After that, each D2D user computes its
age debt Dn,t according to (9) and the dual variable λn,t+1 is
updated so that AoIS can adaptively punish the local actor as in
Step 3. Here, PΛ means the projection into the corresponding
feasible setΛ of λ. Since the aim of AoIS is to decrease both AoI
violation and power consumption, we set the lower bound of Λ
slightly less than 0. Thus, if Dn,t < 0 and λn,t < 0, AoIS will
impose some punishment as well. After receivingQn(on,t, φn,t)
from the critic, the D2D user gets a sample {on,t, gn,t} and its
primal parameters will be updated according to Step 5 once
collecting a batch of samples (with batch size B). Note that this
training is performed after each instant of decision making and
thus does not need timely feedback from the critic. Compared
with a centralized scheduler, AoIS can largely decrease the delay
of signaling exchanges between D2D users and the BS since the
local actors of AoIS can make decisions instantly and on-site
instead of waiting for the orders from a centralized scheduler.

2) Edge-Based Critic: The critic of AoIS is located at the
edge controller. It aims to estimate the performance of each actor
from a global and long-term view. This can be addressed in the
edge with more computation resources. During each time slot t,
the critic keeps receiving local observations and data rates of all
actors, which form an experience et. Then, the edge-based critic
learns the Q network, which outputs Qn(on,t, φn,t) for each
D2D user and is trained via the techniques of DQN with the
learning rate η. To increase data efficiency, off-policy learning
(setting both estimated and targetedQ networks) and experience
replay can be harnessed to facilitate DQN training. Detailed
procedure can be found in [29]. Experience replay method makes
the critic accumulate a dataset of experiences and randomly get
a minibatch {ei}i∈{1,...,E} of E samples to train theQ network at
each learning trial. By reusing experiences, this can reduce the
amount of experiences required for learning, and replace them
with more computation and memory in the edge. Note that this
training is done in an off-line manner, and thus lags behind the
corresponding scheduling actions.

Through this edge-assisted actor-critic learning framework,
each D2D user has an intelligent scheduling policy. With this
scheduling policy the channels with low channel gain will be
ranked low, and the coalition of D2D users (i.e., Ck) will finally
converge since the channels with high interference from other
D2D users will also be ranked low.

C. Convergence Analysis of AoIS

Since the edge-based critic is trained from the long-term and
global perspective, the following theorem can be established for
the convergence analysis of AoIS.

Theorem 1: For a system with D2D users following the
distributed and local actors of AoIS with a compatible TD(1)5

5In TD(λ) learning [27], λ is a decay parameter that decides the influence of
previous state on the current state.
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edge-based critic, if

∞∑
t=0

αt = ∞,
∞∑
t=0

α2
t < ∞ (18)

∞∑
t=0

ηt = ∞,
∞∑
t=0

η2
t < ∞, lim

t→∞
αt

ηt
= 0 (19)

the policy gradient of each D2D user n follows

lim inf
t

EH,Π [gn,t∇θ log πn〈φn,t|on,t,θn,t〉] = 0

with probability 1.
Proof : According to Lemma 1 and the definition of gn,t, the

AoIS gradient is given by

G = EH,Π [Qn(on,t, φn,t)∇θ log πn〈φn,t|on,t,θn,t〉]
+ EH,Π[λn,t+1(Ãn(t− dn)−Qn(t))∇θ

× log πn〈φn,t|on,t,θn,t〉].
First, we consider the expected contribution of the second term
to the gradient denoted by G2 as follows:

G2 = EH,Π[λn,t+1(Ãn(t− dn)−Qn(t))∇θ

× log πn〈φn,t|on,t,θn,t〉].
For simplicity, πn〈φn,t|on,t,θn,t〉 is rewritten as

πn〈φn,t|on,t〉. Then, we have

G2 = EH

⎡
⎣∑
φ−n

t

π−n〈φ−n
t |o−n

t 〉
∑
φn

πn〈φn,t|on,t〉∇θ

× log πn〈φn,t|on,t〉λn,t+1(Ãn(t− dn)−Qn(t))

⎤
⎦

= EH

⎡
⎣∑
φ−n

t

π−n〈φ−n
t |o−n

t 〉
∑
φn

∇θπn〈φn,t|on,t〉λn,t+1

×(Ãn(t− dn)−Qn(t))

⎤
⎦

= EH

⎡
⎣∑
φ−n

t

π−n〈φ−n
t |o−n

t 〉λn,t+1(Ãn(t− dn)

−Qn(t))∇θ

∑
φn

πn〈φn,t|on,t〉
⎤
⎦

= EH

⎡
⎣∑
φ−n

t

π−n〈φ−n
t |o−n

t 〉λn,t+1(Ãn(t− dn)

−Qn(t))∇θ1

⎤
⎦ = 0.

TABLE I
SIMULATION PARAMETERS

This means the second term does not change the expected
gradient. Moreover, Q values are learned from a global view,
which addresses the issue of nonstationary environment. Thus,
the convergence of the first term of expected policy gradient is
guaranteed by the traditional actor-critic policy gradient [27].
It proves that a gradient-based actor-critic converges to a local
maximum given the following conditions.

1) The policy π is differentiable.
2) Q uses a representation compatible with π.
3) The step size of actor should be negligible compared to the

step size of critic so that the actor looks stationary as far as the
critic is concerned. Moreover, all learning rates of actor and critic
should be nonincreasing so that the learning process could slow
down gradually until stop. Hence, the convergence conditions of
learning rates should follow (18)-(19). This last condition will
guarantee that there is enough time for the critic to evaluate the
current actors’ policies. Thus, it can be concluded that AoIS
converges to the local maximum if the conditions (18)–(19) are
satisfied. �

VI. PERFORMANCE EVALUATION

A. Simulation Setup

In this section, the performance of the proposed scheme is
evaluated, with the relevant parameters for wireless settings
listed in Table I, where d is the distance between two nodes
and f is the frequency band that users operate on. Specifically,
D2D pairs are randomly positioned inside the 600 m × 600 m
industrial service area, where the distance between a pair d
is randomly chosen in [10,20]. These D2D devices operate
indoors based on the WINNER II Model [30], [31] as well as
the simulation settings in [16]. In the Nonline of sight (NLOS)
path loss model, Nwall denotes the number of walls between two
locations and is set to d/80. The transmit power is divided into
L = 3 power levels and the signal to interference plus noise ratio
(SINR) threshold SINRmin is set to 0 dB. For each source device
m, the packet arrival rate and AoI constraint are randomly set
between [4,8] and [2,5], respectively. As for the parameters of
actors, we have the batch size B = 20, Λ = [−1, 5], and λ0 = 1.
Then, we set the step size β = 0.02. For πn〈φn,t|on,t,θn,t〉, we
use a three-layer DNN with rectified linear unit (ReLu) acti-
vation function, Adam optimizer, initialization Normal(0, 0.2),
and initial learning rate α0 = 0.002. As for critic, the structure
ofQ network starts with an input layer of coalition structure with
action embedding. Then, it connects to a fully connected hidden
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Fig. 3. Comparison of AoIS with other scheduling strategies. (a) AoI violation ratio comparison. (b) Power consumption comparison Pmax = 23 dB.
(c) Different power level size comparison. (d) Data rate and fairness comparison. (e) Performance under dynamic link quality. (f) Performance with
different N and K.

layer and output layer with N outputs of Qn. This is also with
ReLu activation function, Adam optimizer, and initialization
Normal(0, 0.2). Additionally, the minibatch sizeE and the initial
learning rate are set to 32 and η0 = 0.01, respectively. Both
learning rates of actor and critic are multiplied by 0.9 every ten
training trials.

B. Simulation Results

The proposed scheme is assessed mainly in terms of the
following:

1) average AoI violation ratio, which represents the propor-
tion of the users whose AoI constraints are not satisfied;

2) average data rate of users;
3) average power consumption;
4) Jain’s fairness,6 given by F (t) =

(
∑

m∈N Rm(t))2/(N
∑

m∈N Rm(t)2).
Based on those metrics, the following scheduling schemes are

compared with AoIS:
1) Random, where RB and power levels are randomly se-

lected in each time slot;
2) Decentralized DQN [29], where the DNN (with the same

structure as AoIS) outputs the Q value of each action
without actor-critic learning;

3) AoIS-w/o, where each D2D user uses policy gradient with
its own data rate taken into account and neglects the age
debt punishment in reward feedback.

All these schemes are trained locally without the critic.
To compare the performance of various scheduling strate-

gies, Fig. 3(a) first delineates their average AoI violation ratio

6In our case, differentiated data rate (less fairness) is preferable due to users’
various age limits and data arrival rates.

(N = 15, K = 3). It can be seen that both AoIS and AoIS-w/o
outperform other strategies due to the use of policy gradient.
They have more stable data rate and lower AoI violation ratio.
Obviously, Random has the worst AoI violation performance
and the largest violation jitter due to the randomness. More-
over, Decentralized DQN does not function well since it uses
the deterministic policy rather than stochastic policy in policy
gradient. As a result, it is unable to find the right action due to
the fast-varying coalition dynamics and thus the performance is
getting worse as time goes by. At last, AoIS performs better than
AoIS-w/o since AoIS has a global view based on the edge-based
critic as well as more comprehensive rewards (i.e., the dual
value gn,t rather than only the data rate Rn(t) as in AoIS-w/o).
AoIS-w/o has a relatively low age violation ratio compared with
Random and DQN, as it seeks for the action with high data
rate and decreases age debt according to (9). However, this
is achieved at the expense of high power consumption. It can
be seen in Fig. 3(b) that AoIS-w/o achieves the highest power
consumption while AoIS has much lower power consumption.
Since AoIS considers debt age punishment, λ might decrease
below 0 ifDn(t) < 0. Hence, AoIS will decrease its power level
to not only save energy but also lessen the interference to other
coalition members. Moreover, DQN has less power consumption
than AoIS-w/o due to inaccurate Q values.

To further analyze the power consumption, Fig. 3(c) compares
AoIS and AoIS-w/o in different power level sizes (L = 5, 10). It
can be observed that AoIS-w/o will consume more energy than
AoIS. Both strategies with L = 10 have more opportunities to
adjust their power levels and thus result in a little less power
consumption than that with L = 5. However, the action space
will extend and thus the convergence rate will be smaller for
both AoIS and AoIS-w/o when L = 10. Thus, a suitable power
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level size should be found. Fig. 3(d) shows the average data rate
and Jain’s fairness of D2D users. Since data rate is the only
goal of AoIS-w/o, it receives the highest average data rate of
users, however, with the highest power consumption. Although
AoIS has relatively lower data rate than AoIS-w/o, DQN, it can
achieve the lowest AoI violation ratio. This is because AoIS
will make the users with large slack between their age and age
limits choose the lower power level by allowing λ to be less
than 0. Thus, a low AoI violation ratio can be achieved with just
enough data rate for each user rather than the highest. A similar
trend can be observed in the second figure in Fig. 3(d). The lower
fairness of AoIS compared with DQN and AoIS-w/o denotes that
the differentiated data rate supply satisfies the various delivery
demands of users.

AoIS is evaluated under dynamic link quality in Fig. 3(e),
where the channel fading (according to Rayleigh distribution) is
changed at the arrow point. We can see that after AoIS finds out a
suitable scheduling policy, AoIS can quickly adjust it according
to new environment since AoIS has already learned a satisfac-
tory coalition structure of D2D users. Therefore, the trend of
power consumption is relatively stable. Finally, the lowest AoI
violation ratio of AoIS is shown in Fig. 3(f) with the increasing
number of D2D pairs and RBs. Normally, the performance of
AoI violation ratio deteriorates in the crowded networks with
fewer resources and more users. It can be seen that the impact
of resource size on AoI violation ratio is larger than that of
user number since most users can find out suitable coalitions for
themselves to improve their data rate in the large-scale networks
with enough RBs.

VII. CONCLUSION

In this article, we proposed an AoI-aware distributed schedul-
ing scheme, namely AoIS, for D2D-enabled IWNs. AoIS guided
multiple D2D device pairs to deal with their age constraints and
unknown operating environment with primal-dual and actor-
critic RL. An edge-based critic could effectively mitigate the
nonstationary issue caused by multiple local actors’ concurrent
learning from a long-term and global view. The problem formu-
lation and optimization process of AoIS provided a theoretical
basis for future studies on multiagent constrained learning sys-
tems. Moreover, the proposed learning framework of centralized
estimation and decentralized execution could further promote
the potential of edge-assisted IWNs. For our future work, we
will consider the learning-based distributed scheduling for het-
erogeneous industrial applications in a cooperative setting. For
such scenarios, multiple devices with various QoS requirements
share a single reward, and thusQvalue feedback will be carefully
coordinated to improve multiagent learning accuracy.
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