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Abstract—Integrating multiaccess edge computing (MEC) with
the Internet of Things (IoT) is able to provide IoT sufficient com-
putational resources in addition to its capabilities of sensing and
communication. In this article, given the limited computational
and energy resources, IoT devices (IDs) are allowed to offload
computational tasks to MEC servers for execution. However, as
the number of IDs increases dramatically, jointly optimizing the
usage of sensing, communication, and computational resources
becomes challenging due to the exponential growth in interactions
among the IDs. In this article, we address the energy-efficient
joint optimization problem for sensing and computation in the
MEC-assisted IoT system, aiming to ensure the freshness of the
status update and minimize the energy consumption of IDs. To
reduce the computation complexity, we introduce the concept
of the general mean-field N-player Markov game (GMFG), and
reformulate it as a mean-field game (MFG) with teams, leveraging
the network structure of states. Considering the advantages
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of reinforcement learning (RL) for solving dynamic problems,
we propose an MFG-based actor—critic algorithm (MFGAC) to
minimize the long-term average system cost. Through exten-
sive simulations, we demonstrate that the proposed method is
effective and can outperform other schemes under different
scenarios.

Index Terms—Energy efficient, Internet of Things (IoT),
mean-field game (MFG), multiaccess edge computing (MEC),
reinforcement learning (RL).

I. INTRODUCTION
A. Background

ECENTLY, the research on Internet of Things (IoT)

applications has received increasing interests, driven
by the advancements in computation, communication, and
sensing technologies [1], [2], [3] and the proliferation of IoT
devices (IDs). To facilitate various IoT applications, including
traffic surveillance, autonomous driving, and environmental
monitoring, it is necessary to sense a variety of valid real-time
information about the physical environment and transform it
into state updates for future system operations. Meanwhile,
as a metric for measuring the data freshness in IoT, the Age
of Information (Aol), which assesses the currency of data
within IoT applications, has been extensively studied and is
integral to the functioning of communication systems [4], [5],
[6], [7], [8], [9], [10]. However, the processing of sensory
data is often constrained by the computational and temporal
limitations inherent in IDs, which typically have restricted
computing power, storage capability and battery capacity.
To address these constraints, the emergence of multiaccess
edge computing (MEC) has provided a potential solution
by bringing networking, storage and computation capabil-
ities closer to the network edge [9], [11], [12], [13]. By
leveraging the computational resources of MEC servers, IDs
can offload their computational tasks for efficient execution.
Nonetheless, the increasing number of devices within the
next-generation IoT system has resulted in an upsurge of
interactions, both among devices and between devices and
MEC servers [7]. As a result, the joint optimization of
sensing and computation strategies becomes extremely com-
plex, presenting a significant challenge in MEC-assisted IoT
systems.
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B. Related Work

Recently, the demand for effective and real-time information
in various IoT applications has become increasingly stringent.
IDs have the capability to perceive data from their physical
surroundings and transmit both raw data and status updates
to a centralized station. To assess the currency of data, the
metric of Aol has been conceptualized, denoting the span of
time elapsed since the latest state was updated [10]. Several
research works have been conducted to optimize Aol in
different contexts. For instance, Xu et al. [5] formulated a
dynamic status update optimization problem with nonuniform
time steps. The aim is to optimize the long-term average
cost while balancing energy consumption and currency of
data. Song et al. [14] developed a mathematical structure
to evaluate the probability of Aol violation and the average
Aol. They introduce a localized, adaptive power management
strategy aimed at minimizing the overall average Aol across
the ID network. Feng and Yang [15] focused on energy
harvesting sensors and design an optimal state updating strat-
egy to reduce long-term average Aol. Moreover, the sensed
information typically exhibits temporal and spatial correlations
in sensor monitoring networks [16]. Kim et al. [6] provided
a definition and analysis of the concept of error-tolerable
sensing (ETS) coverage, which is influenced by Aol. They
formulate an optimization problem aimed at maintaining a
specified standard of ETS coverage and minimizing the energy
consumption.

The optimization of computational offloading emerges as
a critical challenge, particularly in scenarios characterized
by resource contention among IDs. In order to reduce the
cumulative maximum latency of devices, Hu et al. [17]
proposed a joint optimization approach that considers the
user scheduling, drone flight paths, and offloaded tasks’
distribution. Guo et al. [18] introduced the concept of digital
twin (DT) into aerial computing networks, exploring the realm
of resource allocation and intelligent unmanned aerial vehicle
(UAV) deployment. Guo et al. [19] investigated the intricacies
of joint resource allocation and task scheduling, aiming to
optimize both the device-to-device (D2D) association and
computation offloading strategies. To minimize the system-
wide cost, which encompasses both data collection time
and UAV energy consumption, Huang et al. [20] formulated
a comprehensive joint optimization problem. The approach
includes considerations, such as the UAV trajectory, sensing
scheduling, communication power, sending power, and the
number of time slots. Chen et al. [9] proposed a joint sensing
and processing optimization problem aimed at reducing system
cost, with a focus on maintaining data currency and energy
efficiency. Additionally, Yun et al. [21] put forward an innovative
approach by proposing a reinforcement learning (RL)-based
algorithm for making joint sensing and computational decisions
in edge computing (EC)-enabled wireless sensor networks.

In contrast to traditional optimization methods, RL
approaches offer the capability to learn through environmental
interactions, enabling continuous improvement of strategies.
Moreover, multiagent RL. (MARL) has been considered as
efficient framework, which can address cooperative games
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across various domains. For instance, Oubbati et al. [22]
considered each UAV as an agent and employ a multiagent
deep QO-network (MADQN) to determine optimal trajectories.
Wu et al. [23] introduced an MARL-based algorithm for
trajectory optimization of multiple UAVs, with the objective
to reduce the Aol of UAV data collection. However, the
proliferation of IDs within IoT systems has resulted in a
significant increase in computational complexity. With a rising
count of agents in N-player scenarios, the interactions among
these agents escalate exponentially. This exponential rise
in interactions presents challenges in solving optimization
problems and renders them intractable.

To reduce the complexity arising from interactions and
computations, the concept of mean-field game (MFG) has
emerged as a important tool in game theory. MFG investigates
the collective behavior of all agents by incorporating the distri-
bution of states across the agent population [24]. It has found
widespread application in diverse domains, including biology,
finance, computer networking, and industry. Guo et al. [25]
introduced a general MFG (GMFG) framework for decision
making. Zhou and Saad [7] leveraged an MFG framework and
investigate the asymptotic performance of IDs in monitoring
systems. To address the problem of minimizing Aol in grant-
free (GF) communications, Zhang et al. [8] presented a
mean-field evolutionary game-based scheme. Gu et al. [26]
build an MFG MARL framework and provide computationally
efficient algorithms. To reduce the system complexity, Kang
et al. [27] redefined the classical computation offloading
problem within an MFG framework, proposing a G-prox
PDHG algorithm. Zhang et al. [28] developed an MG-aided
MARL approach with low complexity to address the joint
power and spectrum allocation in the presence of massive
vehicle-to-vehicle connections.

C. Motivation and Contributions

As we can see, the integration of joint sensing and computa-
tion in IoT systems, specifically in terms of balancing energy
consumption and Aol, is still under-investigation. Li et al. [29]
optimized the sampling and processing offloading strategy to
minimize the average Aol, yet they neglect the systemic impli-
cations of energy consumption. Chen et al. [9] put forward a
multivariable iterative algorithm for minimizing system costs,
aiming to optimize the overall system overhead. However,
this approach may not be efficient for realistic dynamic
environments. Furthermore, many existing approaches suffer
from critical limitations, such as the significant increase in
computational complexity with the number of IDs increases.
For instance, aiming to improve the joint decision making for
energy-restricted sensors within a network, Yun et al. [21]
adopted the multiagent deep deterministic policy gradient
(MADDPG) algorithm [30] for policy training. However, the
computational complexity of this approach is O(N? - | A]),
with N denoting the number of sensors and A representing
the action space. As the agent population expands, the com-
putational complexity grows significantly, complicating the
resolution of optimization problem, especially in scenarios
involving large arrays of sensors.
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Motivated by the observations from the previous analysis,
we investigate the joint sensing and computation optimization
problem in a MEC-assisted IoT system. Within this system,
IDs periodically conduct sensing tasks and have the option
of local processing and data offloading. To mitigate the
complexity associated with interaction and computation, we
employ the MFG approach. This enables us to analyze the
collective behavior of all IDs by utilizing the population
state distribution, instead of observing each agent individ-
vally. Subsequently, we reformulate the general mean-field
N-player Markov game (GMFG) into a networked Markov
decision process (MDP) involving teams of agents. Focusing
on minimizing both the long-term average energy consumption
and long-term average Aol of IDs, we propose an MFG-
based actor—critic algorithm (MFGAC). In this algorithm, the
IDs take mean-field actions based on the state distribution,
reducing computational complexity to O(|S| - | A]), where S
and A represent the state space and action space of the IDs,
respectively.

To this end, the major contributions of this article can be
summarized as follows.

1) We consider a system consisting of a MEC server
and numerous IDs, formulating an energy-efficient joint
optimization problem for sensing and computation. The
aim of this optimization is to minimize the long-term
average cost, which includes ensuring the freshness of
status while minimizing the energy consumption of IDs.

2) To address the challenges associated with interaction and
computation complexity, we present a comprehensive
analysis of the GMFG, which focusing on exploit-
ing the population state distribution. Subsequently, we
reformulate the game as MFG with teams according
to the network structure of states to further diminish
computational complexity.

3) Considering the advantages of RL for solving dynamic
problems, we introduce an MFGAC algorithm to solve
the optimization problem. Notably, the computational
complexity of MFGAC is O(|S|-|.A|) and is not affected
by the size of ID participation. To the best of our
knowledge, it is early attempt to employ an MFG-based
RL approach to solve the joint sensing and computation
optimization problem in such an IoT system.

4) We execute extensive simulations for the performance
evaluation. The simulation results convincingly show the
efficacy of our method, outperforming other benchmark
schemes in various scenarios.

D. Organization

The reminder of this article is structured as follows. In
Section II, we present the system model of the IoT system,
along with a quantitative analysis of the original optimization
problem. In Section III, we first introduce the GMFG and
then reformulate it as an MDP with teams of agents. In
Section IV, we present the proposed MFGAC with more
details. The performance evaluation is shown in Section V.
Finally, Section VI concludes the work.
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Fig. 1. System model.

II. SYSTEM MODEL
A. Network Model

We consider a system comprising of a MEC server and N
IDs, which is depicted in Fig. 1. The MEC server can offer
computational resources to facilitate the computation tasks of
the IDs. The set of the IDs is denoted as Z = {1, 2, ..., N},
where N represents the total number of the IDs. All IDs send
their status information to the MEC server. The MEC server
aggregates the information and solves the optimal joint sensing
and computation policy, then sends the optimal policy back to
the IDs over the control channel. Each device can periodically
perform sensing operation to gather information about its
surrounding environment, such as location, temperature, traffic
signals, etc., at regular intervals with a period of 7. For
simplicity, we divide the timeline into 7" slots, denoted by
T ={1,2,..., T}. Additionally, we assume that the data size
of information generated from a single sensing operation by
the nth ID is quantified as D,,. In order to transform the sensed
information into state updates for IoT applications, each ID
can choose between offloading the sensed data to the MEC
server for further processing or locally processing the task
using its own processor and transmitting the updated status to
the MEC server. The size of data associated with the updated
status of the nth ID is indicated as D), where D, > D). The
key notations utilized are listed in Table I.

The whole process is shown in Fig. 2. At the beginning of
each time slot, each ID performs one of the three operations:
SO, SL, and I. We consider the nth ID adopting a mixed strat-
egy o,(t) = OJL(I), oﬁ(t), OZ(Z‘), which denotes the probabilities
of choosing SO, SL, and I, respectively.

1) Sensing and Data Offloading (SO): During a time slot,
the ID senses information from its surrounding envi-
ronment and transmits the raw information to the MEC
server for processing. Upon successful data processing,
the MEC server obtains the update status for IoT
application.
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TABLE I
NOTATIONS AND DEFINITIONS

Notations| Definitions ‘
I/ N Set of IDs/ Number of IDs
Ts Duration of a time slot
T3 Sensing time for n-th ID to perform a sensing task
Dy, Data size of data generated by a single sensing operation
e Energy consumption of n-th ID for sensing a bit of data
M Number of orthogonal wireless channels
Pn Transmission power of n-th ID
hn channel fading gain of n-th ID
d Distance between a ID and MEC
o1 Path loss exponent
No background noise power
bn Bandwidth of n-th ID
'rflj M Transmission latency for n-th ID to transmit the data D,
EYM Energy consumption for n-th ID to transmit the data D,
pUM Transmission success probability of data D,
D}, Data size of updated status
UL Transmission latency for n-th ID to transmit the data Dj,
EYL Energy consumption for n-th ID to transmit the data D},
pYUL Transmission success probability of data D!,
n Maximum number of transmissions in a time slot
Tk Local computation latency for processing the status update
fn CPU frequency of n-th ID
on Energy consumption coefficient of n-th ID
An age of information of n-th ID
Ap Aol violation threshold
z Number of small time intervals in each time slot
Tz Duration of a small time interval

Mixed strategy Data offoading

Sensingh Status update

IoT device | s

Sensing A Status update

t/s

/s

I:l MEC sever process |:| Local process I:I Status transmission

Fig. 2. Example of sensing and processing procedure.

2) Sensing and Local Computation (SL): During a time
slot, the ID senses information from its surrounding
environment and performs local processing on the data.
Once the computational tasks are processed locally, the
ID transmits the obtained update status to the MEC
server.

3) Idle (I): During a time slot, considering the limited
spectrum resources and the different Aol states of the
IDs, an ID may choose to remain idle without engaging
in data sensing, transmission, or processing operations.

B. Sensing Model

The IDs can sense raw data from the monitored environment
at the beginning of each time slot. Let r;f represent the duration
required by the nth ID to accomplish a comprehensive sensing
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task, while D, corresponds to the volume of data generated
in a single sensing operation. Similar to [9], the energy
consumption associated with the completion of a sensing
process by the nth ID is given as

ES=¢D, (1)

where eﬁ represents the energy consumption per data bit for
sensing by the nth ID. It is crucial to note that the data
collected through the sensing operation is in its raw form and
requires additional processing to obtain the updated status.

C. Transmission Model

We consider the system comprises M identical orthogo-
nal wireless channel, each randomly assigned to IDs with
transmission requests. When N’ IDs send data with the same
operation (e.g., SO or SL), the number of IDs selecting the
same channel can be calculated as N'/M. Then, the signal-
to-interference-plus-noise ratio (SINR) of this channel can be
given as follows:

_ p”hnd;y
No+1

where p, is the transmission power, &, represents the corre-
sponding channel fading gain between the nth ID and the MEC
server, and d, denotes the distance between nth ID and the
MEC server. y represents the path-loss exponent, Ny is the
power of background noise, and I = ), pihid; ¥ accounts
for the intercell interference. The set x denotes the group of
IDs utilizing the same wireless channel as the nth ID.

For the uplink transmission, the transmission rate of the nth
ID is

2)

RY = b,logy(1+T)
Pnhndy”
No + Ziex pihidi_y
where b,, is the bandwidth allocated to the nth ID.
In a time slot, if the nth ID chooses to perform an SO

operation, it needs to transmit the collected raw data D,, to the
MEC server. Consequently, the latency is calculated as

= bylogy | 1+

D
oM _ Pn
T, = RU" 3)
Therefore, the energy consumption for transmitting the raw
data is

UM _ PuDn . @)

UM
E;™ =pnt,

n
When the nth ID performs the SO operation, we can
arrive at the following lemma for the successful transmission
probability.
Lemma 1: When the nth ID offloads raw data to the
MEC server, the successful transmission probability can be
calculated as

AV Dn
No + Ziex_plhldi 2@ 1 )
Pyd, v

PEM =exp| —

where r[g is the target transmission latency.
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Proof: The MEC server can successfully receive trans-
missions from IDs only if the transmission delay is less than
l’tll{. Assuming the channel experiences Rayleigh fading, we
denote the successful transmission probability as Pg™, which
is derived as follows:

UM UM U
Pg" =P(r,”" <13)

D, U
—y S Tth
Prhndy

No+X ey pihid; "

A n
— P(hn > NO + Ziex_plhldi (2}751'[[}‘/
- 1)) 6)

Pndn v
exp(-NO i Ziex_pihidi ' (2 ]
pndn v

where step (a) can be obtained utilizing the Rayleigh distribu-
tion of the channel gain, where ki, ~ exp(1), and recognizing
that the random variables h; for i € x are independent and
exponentially distributed as h; ~ exp(1). |

Note that if the nth ID chooses SL, it generates an updated
status D), after successfully processing the raw data D,,, where
D;, < D,. Then, the ID needs to transmit the updated status
data D;, to the MEC server, and the transmission latency can
be given by

=P
bylog, (1 +

=

D/
UL _ “n
T, = RU" 7
Then, the energy consumption for transmitting the update
status is calculated as
/
UL _ UL _ PnDy
En = pn‘fn = W (8)
The probability of successful transmission when the nth ID
performs the SL operation is given in the following lemma.
Lemma 2: When the nth ID transmits the updated status
data to the MEC server, the transmission success probability
can be calculated as

N, - phd Y Dy

PYt = exp( — 0oF Zlex_pl T2t — g )

S Y
pndn

where Itg is the target transmission latency.
Proof: The proof is similar to the one of Lemma 1, so
we omit it here. |
Moreover, since the transmission from the ID can may fail,
we incorporate a retransmission mechanism that enables the
ID to transmit up to 7 times. If the transmission fails 7 times,
the IoD will discard the data and remain idle until new data
is generated through sensing.

D. Computation Model

We present the computational model for status updates in
the following. The computation offloading strategies employed
by the IDs have an impact on the time and energy consumption
required for performing the state update computation task.
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1) Local Computation: If the nth ID uses its local proces-
sor to process the status update, the computation latency is

D
o

Ja
where f;, is the CPU frequency of the nth ID. Let §,, denote
the energy consumption coefficient specific to the chip used
in the ID. The computational power of ID can be calculated
as P],; = (Snf,f [31], [32]. Then, the energy consumption of the
nth ID for local processing can be expressed as

EL = PEcl = 5,£,°D,.

n-n

(10)

(11)

2) Computation Offloading: If the nth ID chooses to
offload its computational task, it needs to transmit data D,, to
the MEC server for further processing. Then, the computation
latency can be calculated as

D,
M n
T = — (12)
where f,?’[ = (fM/Ny) denotes the allocated computation

resource of the nth ID. Here, fjs is the CPU frequency of the
MEC server, and Ny, is the number of IDs that choose to
offload their raw data.

E. Age of Information at MEC Server

Since the information sensed by ID changes over time,
the freshness of information at the MEC server significantly
impacts monitoring and control aspects. In this section, we
introduce the concept of Aol at the MEC server to evaluate
the freshness of the status update.

The Aol at the MEC server is defined as the elapsed time
since the reception of the last valid state update until the arrival
of the subsequent valid state update at the MEC server. Let
A,(t) = 1 represent the event that a status update from the
nth ID is successfully received by the MEC server at time f;
otherwise, A,(t) = 0. For the nth ID, the Aol at the MEC
server can be expressed as

1, if A1) =1

min{A,(#) + 1, Amax}, if A, (1) =0 (13

A,t+1) = {
where Apax is the upper bound of Aol. For real-time appli-
cations, the Aol higher than An,x means that the status is
too outdated to be useful. Additionally, we assume that each
time slot is divided into z small time intervals with a duration
of t,, and all operations conclude at the end of the small time
interval.

An example of the evolution curve of Aol with a series of
operations is shown from Fig. 3. Without loss of generality,
we assume the initial Aol is Ap, each time slot is divided into
six small time intervals, and the threshold of Aol is Ay,. In the
kth slot, ID performs an SO operation, where it senses the data
at the beginning of the time slot and then offloads the data to
the MEC server. When the transmission fails 1 times, such as
twice in this example, the data is discarded. In the (k 4 1)th
slot, the ID performs another SO operation and successfully
transmits the data to the MEC server after one retransmission.
After the MEC server receives the data, it takes time 7™
to process the data and update the status. During sensing,
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Fig. 3. Evolution curve of Aol.

transmission, and processing, the Aol increases linearly. Upon
successful acceptance of a new status update by the MEC
server, Aol is reset to a smaller value. In the (k + 2)th slot,
ID performs an SL operation, where it senses the data at the
beginning of the time slot and process the data locally within
a time duration t%. After the ID successfully transmits the
processed data to the MEC server, the Aol at MEC server
decreases. In the (k + 3)th slot, the ID performs an Idle
operation, where it becomes idle without sensing, transmitting,
or processing data.

E. Cost Function and Problem Formulation

In this section, we analyze and derive the cost function for
IDs, and then formulate an optimization problem to minimize
the long-term average cost.

As mentioned above, the freshness of status updates
received by the MEC server can serve as a performance metric
for IDs, which is closely related to the Aol. As the Aol
increases, the effectiveness of the updated state decreases.
Therefore, IDs are penalized when the Aol is higher than a
threshold Ay,. We define the Aol violation cost as follows:

0, ifAp (1) < A

Fdn0) = {P(An(t) — Aw), if A, (1) > Am (9

where p is a vary large constant to ensure that the Aol of ID

remains below the threshold.
Consequently, the Aol of the nth ID in time slot ¢ is

TS'
Gy (1) 2/0 [An (1) + Fu(An(n)]dt. 5)

The average Aol of all IDs can be quantified as
_ 1Y
Cal) = Yo
n=1
1K (T
=52 /0 [Au() + F(A,0))dt. (16
n=1

Next, we analyze the energy consumption of IDs. In this
system, we consider the nth ID adopting a mixed strategy
on(t) = {0l(®), 02(1), 03 (1)}, which denotes the probabilities of
choosing SO, SL, and I operations at time slot ¢, respectively.
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Each ID independently decides its mixed strategy at the start
of each time slot. In time slot ¢, the energy consumption of
the nth ID can be expressed as

CE(ty = EMo) (1) + (EE + EJF)ok()
EWM

a7)

where is the expected transmission energy consumption
of the ID when it chooses the SO operation, which can be
expressed as

n
B = Y mESM (1 — Py
m=1

+nEM(1 — PM)” (18)

and EEL is the expected transmission energy consumption of
ID when it chooses the SL operation, which is

n
_ —1
EVL = § mEJL (1 — PYY)" Py
m=1

+nEY (1 — YY) (19)

Then, the average energy consumption cost of all IDs can
be quantified as

_ 1 Y
Ce) = 5 ) Cr
=1

n
| N
= > IEMoy) + (EL + EJM)op (0] (20)
n=1
In order to achieve a balance between the energy consumed
by IDs and the average Aol encountered by IDs, we introduce
a comprehensive measure for the decision-making process at
a given time step ¢. This measure, denoted as the overall cost
C(t), can be formulated as follows:

C(t) = c1Ca(t) + c2CE(D) 1)

where ¢ and c; serve as parameters to normalize the equation.

Similar to [5], in this work, our optimization objective is to
design dynamic strategies that minimize the long-term average
cost, expressed as follows:

OT

T
P min J = lim E[Z C(t)}
=0
st. 0T = (01,0, ...0y)
0, = (0,(1),0,(2),...00(T)) VYneI (22)

where O7 represents the set of strategies for IDs, and O,
denotes a sequence of strategies made by the nth ID from
step 1 to step 7.

III. MFG REFORMULATION

When the number of IDs is very large, solving the
optimization problem becomes extremely challenging due
to the exponential growth of interactions between IDs. In
this article, we utilize the MFG to mitigate the complexity
of interaction and computation. In this section, we initially
present the GMFG. Then, we reformulate GMFG as an MFG
with teams by exploiting the network structure of states.
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A. GMFG

The MFG framework provides a robust paradigm for
investigating the collective behavior of systems where
the number of agents tends toward infinity. It uses
the Fokker—Planck—Kolmogorov (FPK) equation and the
Hamilton—Jacobi-Belman (HJB) equation to capture the
dynamics and interactions of the system. The HIJB equation
characterizes the optimal condition for the system, while
the FPK equation elucidates the system’s dynamics. By
modeling the interaction between individual agents within a
vast network, the MFG approach reveals the emergent behavior
of large-scale systems.

In this section, we present a comprehensive formulation of
the MFG for classical N-player Markov games. We examine a
system where N players share a finite state space S and select
actions from a corresponding finite action space A. The state
space S is associated with a network represented by the graph
(S, &), wherein £ C S x S represents the set of edges. These
edges encompass all possible transition paths between states.
For a given state s € S, the neighborhood N, st comprises nodes
connected to s by a single edge, including s itself.

We assume that all agents are identical, indistinguishable
and interchangeable. In the case of a large number of
agents, we can consider the limit of the players’ states s' =
(s1, 5,55, ...,5}) as a distribution of the population state.
This distribution can be expressed as

1 N
) = 5 3 Lis=s)

n=1

(23)

where 1 is an indicator function that returns 1 if the specified
condition is true and O otherwise.

When the nth agent with state s/, € S takes an action @/, € A
at time step ¢, it receives a reward defined as

ra(s',a') = r(sh, 1'(s),a)), nel (24)

where r(s!, u'(s), a!,) denotes the reward function. The state

then transitions to a neighboring state 5! e Nt , based on a
transition probability defined as

st~ Pu(s' ) = P(lsy,, ' (s), ap), meZ. (29

Based on (24) and (25), the policy 7/ is influenced by both
the distribution of population states u'(s) and the state s,.
Consequently, the action a!, can be expressed as

a, ~ (s’ = n(sh, n'(s)) € P(A), nel. (26)

Given the homogeneity of the agents, we can focus on a
representative agent, allowing us to consider the following
optimization problem:

T
max V(s,m, p) = E[ D oyt ut d)ls® = S}
=0
s.it. s~ P(st, w, a’),

d ~a'(s' u') 27

where m = {n'}t = 07 represents the sequence of policies,
p = {u'}t =07 denotes the flow of distributions, y € (0, 1)
is a discount factor, and s° is the initial state. At each time
step ¢, the representative agent, following policy 7’, chooses
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an action @’ and consequently gets a reward determined by the
function r(s’, u’, a"). The agent’s state then evolves through
P(-|sy, 1! (), ay).

In the GMFG, N agents participate by observing the
population state distribution. Each agent has an observation
space of size |S| and action space of size |.A|. Consequently,
the Nash equilibrium, representing the solution of the game,
can be derived as follows.

Definition 1: Let p* be the optimal distribution flow and
* be the optimal policy sequence. The Nash equilibrium can
be defined as follows:

(28)
(29)

According to this definition, that value V with the optimal
policy sequence m* cannot be increased by changing to
another policy sequence ® when the distribution flow and the
initial state s is fixed. Furthermore, when the policy sequence
and the initial state s is fixed, the value V can only be
maximized if the distribution flow is p*.

B. MFG With Teams

In this section, we present how to reduce computational
complexity by reformulating the GMFG as a networked MDP
involving teams of agents. Fig. 4 illustrates an example of an
MFG with teams.

The primary objective is to capitalize on the inherent
homogeneity among agents within the MFG framework and
strategically regroup these N agents based on their respective
states. This reorganization can transform the original game,
involving N agents, into a networked MDP characterized by
|S| teams of agents, each indexed according to its state.

For a team with state s, it consists of N - u(s) agents.
The nth agent with state s takes action a, based on the
policy 7 (s, u'(s)) € P(A). Therefore, we can use m(s) €
PN (A) to represent the empirical action distribution of the
action set .A; ={ay, a2, ..., ay.,(s} for the team with state s.

Ateachtimestept =0, 1, ..., T, the team with state s takes
action set h(s) according to a team policy IT;(m'(s)|u’(s)).
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Then, the team with state s will receive a team reward
rs(!(s), m'(s)), which can be expressed as

rs('(s), m'($)) = Y r(s, ) (s), @m(s)(@), s €S (30)
acA

where m(s)(a) represents the proportion of agents in state s
that take action a.

The team policy I (m!(s)|'(s)) denotes the probability
that a appears N - pu'(s)m'(s)(a) times in A}, where a € A
and a; ~"4 (s, u'(s)). This probability can be found using
a polynomial distribution, given by

(N - ' (5))!
HaE.A (P!

T (m' (s) |/ (5)) = [] @G nisn@)? @1

acA

where ¢ = N - u!(s)m! (s)(a).

Now, we focus on all the teams. Given the distribution
of population states u' € P(S), we can express the set of
observed action distributions for all states as

m' ~ T(m'|u") = 1_[ IT (' ()| 11" (5)). (32)

seS

After each step, the population state distribution u’ will
transition to u/*!. From the perspective of the teams, the
transition probability described in (25) can be interpreted as
a Markov process, characterized by the induced transition
probability denoted as PV. Therefore, we have

pH~ PNCut m') € P(S) (33)
which corresponds to the FPK equation in MFG.

According to (30), the mean-field reward over all teams can
be expressed as

Pt m'y =) s, ' (5), m'(5)).
seS

(34)

Consider the population distribution flow w := {1’ }tT:O’ the
policy sequence IT := {I1(m'| ,u’)}g, and a discount factor y €
(0, 1). The maximum expected cumulative award for all teams
is expressed as follows:

T
V — ]E tt t7 t 0=
() max [;yr(u mln” = pn

T
= mng[ DD vinslsumhlu = u} (35)

1=0 seS

which corresponds to the HIB equation in MFG [33].

In contrast to the GMFG, where there are N agents in
the game, the MFG with teams focuses on a simplified
scenario with a single representative agent. In this setup, the
representative agent has an observation space of size |S| and
an action space of size |S| - |A|. It can simply the game,
enabling more efficient computation and analysis while still
capturing the fundamental dynamics and interactions of the
original game.
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IV. PROPOSED MFGAC ALGORITHM

In this section, we present a reformation of the problem of
minimizing long-term average costs in the IoT system as an
MEFG problem. Subsequently, we introduce a novel actor—critic
algorithm based on MFG, integrating RL. and MFG principles,
to address the optimization problem.

A. Problem Reformulation Based on the Mean Field

In this section, we reformulate the initial optimization
problem as an MFG with teams, which can be subsequently
transformed into a single-agent RL problem. To accomplish
this, we have the following definitions.

1) Mean-Field Observation: u' € P(S). Let s’ represent
the Aol state of IDs at the beginning of the rth time
slot. The state s’ can take values in the set S =
{0,1,2,...,Anax}. Then, the mean-field observation
u!'(s) is the distribution of states of all IDs and can be
calculated as follows:

N
1
W =~ Zl List =) (36)
n=

where 1 is an indicator function which returns 1 if the
given condition is true and O otherwise.

2) Mean-Field Action: m'(s) € PN'*® (A). Bach ID takes
an action at the beginning of each time slot. Let the
action a' represent the operation performed by IDs in the
tth time slot, which is denoted as a’ € A = {SO, SL, 1}.
Then, the mean-field action can be expressed as

St Lis=s.aj=al
N
Zn:l 1

which represents the proportion of IDs with state s that
perform operation a.

3) Mean-Field Reward: r(u', m'). The mean-field reward
r(u’, h') represents the reward received by all the IDs
at the rth time step. In the optimization problem, the
objective is to maximize the reward, which is equivalent
to minimizing the long-term average cost. Then, the
mean-field reward can be given by

r(ut,my == ul ()l (s. m)
seS

m'(s)(a) = (37

{sh,=s}

(38)

where !’(s, m) is the cost of all IDs with state s at the
tth time slot.

By reformulating the original cost function into mean-field
form, we can obtain the (s, m). According to the previous
analysis, the average system cost of IDs at time slot # can be
given as

T
C(t) = Eyep [ / CHTA®) + F(An(0)1dt
0
+o [E}}Mo},(t) + (E; + E},JL)oﬁ(t)H

Ts
= Y ( / cllA + Fo(A)]dr
seS 0
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+ e2[E;Mm! (5)(SO) + (EL + EY-)m' (s) (SL)])

=) W ©!(s.m)
seS

(39)

where

T
(s, m) = / c1o[A + F,(A)]dt
0

+ e[ ESMm' (5)(SO) + (Ek + EVV)m' (s)(SD)].
(40)

At each time slot ¢, the teams select their actions m’
according to the policy IT(m'|u') at each time slot . The
population then receives a reward r(u’,m’), and the state
distribution ! evolves through PN(-|u!, m'). The objective
of this mean-field system is to find a sequence of policies
I = {I1(m| u’)}g that maximizes the expected discounted
accumulated mean-field reward. It is given as

T
V(n) =max E (', m) |l =
(1) = ma [;y (1, m") |’ =pn
st T~ PV(qpt ml),  m' ~ T |p) (41)
where y € (0,1) represents a discount factor, and u?
represents the initial state distribution.

B. Value Function and Q Function

According to (41), the value function of the population can
be calculated as

Vi) = E[ Do i’ = M]- (42)

t=0
To evaluate the effect of taking a mean-field action & with
state distribution u, we make use of the state—action-value
function. The Q value follows the Bellman equation in RL.

The Bellman optimality equation for Q value can be expressed
as
0" (u,m) = r(u,m) +yE[Vn-(n")] (43)

where r(u, m) is the reward for taking mean-field action m at
mean-field observation p, and i’ is the mean-field observation
of the next time step.

Then, the value function can be defined as the expected of
the Q value, which can be written as

Vn(n) = Ex[Q(u, m)] = Z O(m|w)Q(u, m)  (44)

where the Q function can be updated according to

O u,m)y = A —=mQ'(u,my +nlr' +y max o' (u',mH]
(45)

where 7 is the learning rate.
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C. MFGAC Algorithm Design

To address the RL problem in the MFG setting, we propose
the MFGAC algorithm, which is illustrated in Fig. 5.

Within the framework of the MFG algorithm, all individual
agents are replaced by a population that takes mean-field
actions and receives instantaneous rewards. The states of all
agents are transformed into a mean-field according to (36).
Similar to the DDPG algorithm [34], our algorithm consists
of four networks: 1) the actor network; 2) the critic network;
3) the target actor network; and 4) the target critic network.

To obtain the optimal mean-field action A’ from the mean-
field observation !, we introduce the actor network f(u|9),
which is a neural network parameterized by 6. The actor
network aims to find the action sequence m = {m' }IT=1 that
minimizes the long-term average cost. The actor network
parameters can be updated using the sampled policy gradient,
which is calculated as

1 . .
Vol = Z VaQ (i, m|®) ey Vof W10)  (46)
J

where M is the batch size.

Furthermore, the mixed strategies of agents can be got from
the actor network. The actor network consider a strategy based
on the softmax operation

exp [Bfs.a(1110)]
ZaeA exXp [,fo,a (19)]

where B represents the temperature parameter governing the
softmax operation [26].

The critic network Q(u, m|w) is a neural network parame-
terized by w. It is utilized to estimate the Q value based on
the mean-field observation and action. Furthermore, the critic
network’s parameter can be updated by minimizing its loss.
Analogous to the DQN algorithm [35], the critic network’s
loss function is a TD-error, expressed as

s (m(s) (@) (s)) =

(47)

L= A%Z(yj—Q(///,m’lw)) (48)
J

where y; is the target Q value, which can be obtained from

the Bellman optimization equation. To ensure stability during

the critic network’s learning process, we introduce a target

critic network Q' with parameter «’. The target Q value can

be calculated as

i =r +yQW T f (W) (49)
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Algorithm 1 MFGAC Algorithm
1: Initialize: Randomly initialize actor network f(u|6) and
critic network Q(u, m|w) with parameters 6 and o.
Initialize target actor network f’ and target critic network
Q' with weights 0’ and «'. Initialize replay buffer R.

2: for episode = 1, 2, ..., L do

3: Receive an initial state distribution /LO;

4: Initialize the noise process A for action exploration;

5: for stepr=1,2,...,T do

6: Choose a mean field action m' = f(u'|6) + N
based on the noise process and the actor network;

7: The population takes the mean field action m’ and
gets a mean field reward r(u’, m');

8: Update to environment, and the state distribution
w' evolves to pu'tl;

9; Store transition (u/,m!, ', u'*') in the replay
buffer R;

10: Randomly sample a batch of M transitions

(W, m/, ¥, Wt from R;
11: Calculate the target Q value:

12: i = +yQut f Wt eNe);

13: Update the critic network by minimizing the loss:

14: L= 40— 0, m|w))

15: Update the actor network by using the sampled
policy gradient:

16: Vord = 3 32 VaQU, m|) g Vof (W10);

17: Soft update the target actor network parameter:

18: 0 «— af + (1 —a)d;

19: Soft update the target critic network parameter:

20: o <« aw+ (1 —a)o;

21: end for

22: end for

where f” is the target actor network, which is a neural network
with parameter 6’.

The pseudocode of MFGAC is presented in Algorithm 1.
Initially, the replay buffer and all neural networks are ini-
tialized. The total number of training episodes for the neural
network is denoted by L. At the beginning of each episode, the
system receives an initial state distribution u° and initializes
the noise process A for action exploration.

During each episode, the mean-field interacts with the
environment for T steps. At the beginning of each step,
the population takes a mean-field action m' according to the
noise process, the actor network and the current mean-field
observation u’. Subsequently, the population gets a mean-field
reward according to (38), and the state distribution evolves
to u'T!. We utilize a replay buffer R to store transitions
(u',m', ', u'*1), and during the training process, a random
batch of M transitions is sampled from this buffer. The critic
network is then updated by minimizing the loss function
defined in (48). After updating the critic network, the actor
network is then updated using the sampled policy gradient,
which is computed as (46).

At the end of each step, a soft update method [34] is applied
to update the target actor network parameter 6’ and the target
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TABLE II
PARAMETER SETTING IN THE SIMULATION

Parameters Values

The number of IDs N [50, 500]

CPU frequency of the MEC sever fM 2 GHz

Data size of sensed information D [3.6,4.6,5.6] kbit
Noise power No —110 dBm

Data size of updated status D’ 1.3 kbit

Path loss exponent 4

Transmission power of ID py, 0.1W

Distance between IDs and sever d 150 m

Bandwidth of each channel b, [0.2,0.9] MHz

Maximum number of transmissions in a time slot 7 2

Duration of a small time interval 7, 10 ms

Energy consumption for sensing per bit of data e;? 4.3 x 1077
CPU frequency of n-th ID f, 0.2 MHz
Energy consumption coefficient of ID &, 2.7 x 10~17
Duration of a time slot T [60, 70, 80] ms

critic network parameter o', as follows:

0 —ab+(1—-a), o <«—av+(1—-a) (50)

where « € (0, 1) is a parameter that controls the slow update
for the target network.

D. Complexity Analysis

Low computational complexity is critical to effectively
deploying IoT systems. In MFGAC, all IDs are simplified
as a single representative agent. This agent needs to observe
the state distribution of all IDs and perform a mean-field
action m'(s)(a) at the beginning of each time slot. The size of
observation space and the action space for the representative
agent are |S| and |S| - |A|, respectively. Therefore, the
computational complexity of MFGAC can be presented as
O(|S] - |A|), which is independent of the number of IDs.

V. PERFORMANCE EVALUATIONS

We present the evaluation of the proposed method in
this section. The relevant system parameters are referred
to [6], [9], and [21] and are listed in Table II. For the neural
network training process, we employ fully connected deep
neural networks (DNNs) for both the actor network and the
critic network. Each network has two hidden layers, each
comprising 128 nodes. In addition, we set the number of time
steps per episode to 100, the batch size M to 64, the maximum
number of training episodes L to 350, the learning rate 7
to 0.001, the replay buffer size to 10000, the soft update
parameter « to 0.005, and the discount factor y to 0.98.

We compare our proposed scheme with DDPG and
MAPPO [36] to validate its convergence and effectiveness.
Then, we measure the performance of our algorithms by
comparing them to four established baselines: 1) all edge
computation offload (AECO); 2) all local computation (ALC);
3) MFG-based strategy with SO and I (MFG-OI); and 4) MFG-
based strategy with SL and I (MFG-LI). After that, we assess
the impact of several factors, including the Aol threshold, the
number of wireless channel, the bandwidth of the channel,
and the data size of sensed information. Finally, we analyze
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the tradeoff between the energy consumption cost and the Aol
cost in the IoT system.

1) AECO: Within the framework of the AECO, IDs sense
environmental information at the beginning of each time
slot and then offload the sensed data to the MEC server
for processing.

2) ALC: Within the framework of the ALC, IDs sense
environmental information at the beginning of each time
slot and process it locally. Then, they transmit the update
status to the MEC server.

3) MFG-OI: Within the framework of the MFG-OI,
IDs make MFG-based RL strategies, and the sensed
information is computed at the MEC server.

4) MFG-LI: Within the framework of the MFG-LI,
IDs make MFG-based RL strategies, and the sensed
information is locally computed.

Fig. 6 illustrates the reward achieved by each algorithm
as the number of episodes increases. Notably, our MFGAC
demonstrates convergence when the number of episodes
reaches approximately 250. In contrast, DDPG does not
achieve stability and fails to converge to the optimal solution.
In addition, the MAPPO is stable but converges slowly. It is
obvious that MFGAC shows a faster convergence rate and
obtains a higher reward compared to the other two algorithms.

Fig. 7 shows the running time of each algorithm as the
number of IDs increases. The results demonstrate that the
running time of our proposed MFGAC is approximately 210 s
and remains relatively constant as the number of IDs increases.
In contrast, the running times of DDPG and MAPPO are sig-
nificantly higher and increase exponentially with the number
of IDs. This discrepancy arises from the lower computational
complexity of MFGAC compared to the other algorithms.
Unlike DDPG and MAPPO, the algorithmic complexity of
MFGAC is independent of the number of IDs. According to
the performance results, it can be concluded that the proposed
scheme for MFG-based sensing and computation is not only
effective but also highly time efficient.

Fig. 8 illustrates the system cost of different methods as
the number of IDs varies. First, in all methods, the system
cost of IDs increases as the number of IDs increases. This is
because as the number of IDs increases, the available spectrum
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resources become more constrained, resulting in a decrease in
the successful transmission probability of IDs. Consequently,
the average Aol of the IDs increases as their successful
transmission probability decreases, leading to an overall rise
in the system cost of the IDs. Furthermore, our proposed
MFGAC outperforms others, showcasing a reduction in system
cost compared to AECO by 78.41%, ALC by 42.91%, MFG-
OI by 62.33%, and MFG-LI by 9.04%. Fig. 9 shows the
average system cost of IDs with different methods as the A
increases. Note that N/M indicates the radio of the number
of IDs to the number of channels. It can be seen that the
average cost increases with N/M in all methods. This is due
to the fact that as N/M increases, spectrum resources become
scarce, leading to a decrease in the successful transmission
probability of IDs. Moreover, compared to the others, MFGAC
achieves the lowest average system cost as A increases.
Therefore, our MFGAC perform a more rational joint sensing
and computation strategy.

Fig. 10 illustrates the average Aol at each step, considering
varying Aol thresholds (Ag,) as the number of steps progresses.
The entire process is segmented into four stages, wherein
distinct initial state distributions are observed at steps 0, 40, 60,
and 80, correspondingly. As depicted in Fig. 10, the average
Aol exhibits an upward trend as the Ay, increases. When a
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new initial state distribution arrives, the state distribution of
the population can evolve by taking the mean-field action
obtained through MFGAC, which leads to a rapid decrease in
the average Aol.

Fig. 11 demonstrates the influence of N/M on the average
Aol for IDs at various T;. The results indicate a positive
correlation between the average Aol and the increase in N/M.
It can be attributed to the decreased number of available
wireless channels as N/M increases, resulting in a reduced
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transmission success probability for IDs when transmitting
data to the MEC server. Consequently, IDs with lower Aol
are more inclined to engage in the I operation, resulting in
an overall rise in the average Aol. Furthermore, the average
Aol of IDs shows an upward trend with the augmentation
of T. This is because a longer sensing period T necessitates
a prolonged waiting duration for each ID before transmitting
raw data or updating its status to the MEC server.

Fig. 12 shows the average energy consumption of IDs
across different values of N/M and the sensing period Tj.
The observed trend reveals an initial increase and subsequent
decrease in average energy consumption as N/M grows. For
example, when T is 60 ms, the average energy consumption
first increases then begin to decrease when N/M more than 5.
This behavior can be attributed to the energy consumption
associated with local computation and subsequent transmission
of task updates to the MEC server, which is comparatively
higher than the energy consumed when offloading data for
processing. When N /M is small, the proportion of IDs employ-
ing the SL action rises with an increase in N/M, leading
to a higher average energy consumption. However, as N/M
becomes large, the reduced transmission success probability
leads to a larger number of IDs taking [ operation, thus
resulting in a lower average energy consumption of IDs.

Fig. 13 shows the impact of channel bandwidth on the
average Aol with different values of the size of sensed
information. The results demonstrate a notable reduction in
average Aol as the channel bandwidth increases. This is
because, according to (5) and (9), the transmission success rate
of IDs increases as the channel bandwidth increases, which
allows the MEC server to obtain the updated status of IDs in
a timely manner. In addition, it can be seen that the average
Aol increases as the data size of sensed information increases.
This is because as the ID senses more information from the
environment, it takes more time for ID to transmit the raw
data to the MEC server.

Fig. 14 depicts the influence of channel bandwidth on the
average energy consumption, considering different data sizes
of sensed information. The results demonstrate a clear inverse
relationship between channel bandwidth and average energy
consumption. Notably, as the channel bandwidth increases,
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the average energy consumption decreases. Additionally, it is
evident that a larger data size of sensed information corre-
sponds to a decreased average energy consumption for IDs.
This phenomenon can be attributed to the reduced transmission
delay of IDs as a result of increased channel bandwidth,
leading to a lower overall energy consumption. Moreover,
a higher amount of sensed data means that IDs need more
energy for realizing sensing, computation, and transmitting
operations.
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In Fig. 15, we illustrate the tradeoff between the average
energy consumption cost and the average Aol, while keeping
the parameter ¢y = 1 and varying parameter ¢ from 0.2 to
4.2. The results demonstrate an inverse relationship between
these costs. As ¢, increases, the energy consumption of
IDs decreases, while the average Aol of IDs increases. This
behavior arises from the prioritization of Aol minimization
when ¢, is small, leading to increased energy consumption
for computation and data transmission by IDs. Conversely,
when c; is large, the priority shifts toward minimizing energy
consumption, leading to lower energy consumption for IDs.

VI. CONCLUSION

In this article, we investigate the joint sensing and com-
putation optimization problem for MEC-assisted 10T system,
aiming to minimize the long-term average system cost. To
address the challenges associated with interaction and com-
putation complexity caused by a large number of IDs, we
introduce the GMFG and then reformulate it as an MFG with
teams of agents. We then introduce an innovative solution,
MFGAC, specifically designed to tackle the optimization
problem. Performance evaluations indicate that our proposed
MFGAC has good stability, faster convergence during the
learning process, and achieves lower system cost compared
to other benchmark schemes. Furthermore, the simulation
analysis illustrates the tradeoff between the average Aol and
the average energy consumption cost. In future research, we
aim to explore the applicability of RL-based MFG in different
types of IoT systems, such as smart cities, industrial IoT,
and healthcare, and it would be meaningful to consider more
complex energy models that introduce dynamic power control.
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