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Abstract— Internet of Health Things (IoHT) is a promis-
ing e-Health paradigm that involves offloading numerous
computational-intensive and delay-sensitive tasks from lo-
cally limited IoHT points to edge servers (ESs) with abun-
dant computational resources in close proximity. How-
ever, existing computation offloading techniques struggle
to meet the burgeoning health demands in ultra-reliable
and low-latency communication (URLLC), one of the 5G
application scenarios. This paper proposes a Multi-Agent
Soft-Actor-Critic-discrete based URLLC-constrained task
offloading and resource allocation (MASACDUA) scheme to
maximize throughput while minimizing power consumption
on the remote side, considering the long-term URLLC con-
straints. The URLLC constraint conditions are formulated
using extreme value theory, and Lyapunov optimization is
employed to divide the problem into task offloading and
computation resource allocation. MASAC-discrete and a
queue backlog-aware algorithm are utilized to approach
task offloading and computation resource allocation, re-
spectively. Extensive simulation results demonstrate that
MASACDUA outperforms traditional DRL algorithms under
different IoHT points and data arrival rate intervals and
achieves superior performance in delay, bound violation
probability, and other characteristics related to URLLC.

Index Terms—Internet of Health Things, URLLC, task
offloading, Multi-Agent Reinforcement Learning

[. INTRODUCTION

HE Internet of Health Things (IoHT), an extension of

Internet of Things (IoT) in the healthcare domain, is
gaining significant popularity in numerous ways [1]-[3]. It
is revolutionizing healthcare by enabling smart health solu-
tions [4]-[6], such as real-time monitoring of physiological
data, sensor patches with real-time respiration, human activity
recognition and the development of sustainable wearable de-
vices. Healthcare has become more prevalent due to the rapid
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adoption and large-scale deployment of IoT and substantial
advancements in data generation and exchange [7], [8]. [oHT
is reshaping traditional health systems in many unprece-
dented ways [9]-[11], enhancing data processing accuracy,
strengthening reliability, and enabling convenient connections.
However, from another perspective, there are still challenges
related to life-demanding or computation-intensive tasks that
require prompt processing of abundant data with strict quality
of service (QoS) requirements, posing a significant challenge
to the existing IoHT framework.

Nonetheless, due to the inherent limitations of computation
resources in [oHT devices, tasks originating from these devices
are often offloaded to remote cloud servers, resulting in unsat-
isfactory experiences, particularly when considering the strin-
gent QoS demands of IoHT applications. These cloud servers
are unable to meet the real-time processing and response
requirements of IoHT services [12]. To address this issue, edge
computing has emerged as a viable solution to process health-
related data closer to its source, thereby minimizing latency
and ensuring better QoS for IoHT applications.

One of the widely accepted application scenarios for
5G technology is ultra-reliable low-latency communication
(URLLC). URLLC plays a vital role in upholding applications
within the IoHT context [13] as certain tasks in IoHT are
life-demanding and delay-sensitive. Conventional techniques
fail to meet the specific requirements of IoHT in such cases.
Therefore, the adoption of URLLC is essential to ensure the
reliability and effectiveness of our model. The extreme value
theory (EVT) [14] offers an effective means to characterize
the features of URLLC by concentrating on the probability
and statistics of bound violation events.

Multi-agent deep reinforcement learning (MADRL) [15] is
an emerging technology that enables more than one agent
to make decisions through interacting with the environment,
without any prior knowledge. Considering the presence of
numerous [oHT points in real-world scenarios, the adoption
of MADRL becomes a natural choice. Heuristic approaches,
although capable of dealing with multiple IoHT points, can
only provide actions without a comprehensive policy, making
them vulnerable to system disturbances. Thus, MADRL is
considered as a more suitable approach in this context. There
are numerous options available when it comes to MADRL
algorithms. One of the top choices currently is the multi-agent
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Soft Actor-Critic (SAC) algorithm [16], which has been widely
employed in previous works. Unlike other DRL algorithms that
solely focus on maximizing the reward function in the long
run, SAC also maximizes the entropy of the action, ensuring
a more balanced exploration and exploitation trade-off during
the training process. Notably, the entropy parameter in SAC
is treated as a trainable parameter [17]. However, SAC is
not well-suited for discrete action space. Hence, we employ
a variant of SAC known as SAC-discrete [18] combined
with multi-agent to address this limitation. Our objective
is to ensure stability in terms of data queuing and energy
consumption, while also optimizing long-term throughput. We
employ Lyapunov optimization to decompose a multi-stage
optimization problem into many sub-problems in each time
slot, achieving stability and optimizing performance in our
IoHT system [19], [20].

In this paper, we bring up a Multi-Agent Soft Actor-
Critic-Discrete-based URLLC-constrained task offloading and
resource allocation (MASACDUA) scheme for various IoHT
points. The intention is to maximize the throughput of the sys-
tem by offloading computation-intensive and delay-sensitive
tasks, while ensuring long-term URLLC constraints. The main
contributions of this paper are summarized as follows:

e URLLC-constraint Task Offloading Model: We develop a
task offloading model that takes into account the URLLC
constraints. The proposed model is specifically designed
to integrate the dynamic computing capabilities of base
stations, which enhances its practicality for real-world
implementation. By incorporating this feature, the model
becomes well-suited for deployment in practical scenarios
and can effectively adapt to the dynamic computing
requirements of base stations.

o MASACDUA Mechanism with Lyapunov Optimization:
To tackle the formulated problem, we propose a multi-
agent SAC-discrete approach, which mitigates the inferior
learning performance that can arise from unstable data
arrivals and dynamic computing resources with varying
numbers of [oHT points and BSs. Furthermore, we utilize
Lyapunov optimization to achieve short-term optimiza-
tion while adhering to long-term URLLC constraints,
which may not be attainable within short time periods.

e CTDE Execution: To enhance the throughput from IoHT
points and reduce the energy consumption of BSs, we
further generalize the proposed centralized algorithm into
a decentralized control setting. Particularly, each IoHT
point acts as an independent agent with its own decen-
tralized policy, which explores offloading decisions based
on local observations. And when training the model, each
agent can get the whole state.

[I. RELATED WORK
A. Task Offloading in loHT

Task offloading is considered an essential direction for the
IoHT system and has attracted significant attention from both
academia and industry. For instance, Materwala et al. [21] pro-
posed an algorithm for energy-aware offloading that minimizes
the energy consumed by the patients’ requests, which are

computation-intensive but do not require real-time response.
Wang et al. [13] proposed an energy-efficient scheme called
UTO-EXP3 that employs multi-armed bandit (MAB) and EVT
for task offloading in locally resource-limited IoHT points.
Mukherjee et al. [22] aimed to minimize the average response
time of tasks with different priorities that are scheduled in
edge-assisted healthcare services with hard and soft deadlines
at end-users and edge medical servers. Ren et al. [23] tackled
the critical challenges of task offloading strategies by consid-
ering time, security, and reliability factors. They proposed a
hierarchical network framework based on wireless body area
networks that centralizes control but distributes computation,
with the goal of enabling smart healthcare IoT applications.

B. Task Offloading under URLLC scenarios

In URLLC scenarios, the need for immediate and accurate
communication often results in a flood of data requests, neces-
sitating the use of task offloading and demanding higher levels
of QoS. To address this challenge, Chen et al. [24] formulated
an optimization problem for a parallel task offloading scenario
aimed at reducing service delay. Their approach involves
jointly finding the best solution, taking into account the
computation resources of users and the sub-tasks assigned to
multiple edge points in the vicinity. To optimize the solution,
the authors consider normal tasks with minimal decomposition
granularity. Dang et al. [25] proposed a novel edge network ar-
chitecture that addresses the URLLC constraints. Specifically,
the proposed architecture integrates communication allocation
and computation offloading to reduce worst-case latency. This
is achieved through consideration of factors such as user as-
sociation, transmission power, and the processing rate of user
equipment. Overall, their approach offers a unified solution
that optimizes resource utilization and improves performance
in URLLC-constrained environments. Wang et al. [26] focused
on the down-link design in URLLC to identify transmission
protocols that are latency-constrained and achieved a low
output probability, while also translating the up-link procedure
into an up-link budget. Liao et al. [27] proposed an intent-
aware task offloading scheme for an air-ground combined
vehicular edge computing (VEC) scenario, where they model
the intent as maximizing long-term QoE while considering
long-term URLLC constraints to increase the probability of
task offloading success.

C. DRL method used for task offloading

Some researchers have investigated the MADRL-based task
offloading without URLLC-constraint [28]. Li et al. [29],
[30] expected long-term improvements for NOMA-enabled
cooperative computation offloading, where a scattered network
is adopted to enhance its stability whereas league learning is
exploited to explore the environment collaboratively. Seid et
al. [31] diminished the overall computation cost meanwhile
guaranteeing the QoS requirements of IoT devices or UEs in
the IoT network. Gao et al. [32] optimized multiple UAVs’
trajectories to reduce the global synchronized communication
overhead with ground users’ offloading delay, energy effi-
ciency as well as obstacle avoidance system. Jia et al. [33]

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on July 25,2023 at 01:14:41 UTC from |IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2023.3297525
WANG et al.: DRL-BASED URLLC-CONSTRAINT AND ENERGY-EFFICIENT TASK OFFLOADING FOR INTERNET OF HEALTH THINGS 3

proposed a multi-agent Ly-MAPPO to sustain each vehicle
to maximize the logarithmic average data processing rate
(LDPR) under long-term restrictions, which requires only local
observation to give offloading policies and queue stability.

Recently, a newly multi-agent maximum-entropy CTDE ar-
chitecture named MASAC [34] has arrested attention from the
IoT or edge computing academia. The utilization of entropy
regularization in the reward function can effectively potentiate
exploration, thus deterring the problem of over-fitting and pre-
convergence. Many researchers have to integrate MASAC with
edge computing scenarios. Wu et al. [35] constructed an edge-
terminal collaboration model, where energy minimization and
delay violation punishment are optimized through spectrum
sharing and vehicle power control for task offloading. Wu et
al. [36] proposed a method to minimize the average age of
information and front-haul traffic loads in IoT networks by
characterizing the average energy consumption during trans-
mission from IoT sensors. This is done under the assumption
of an effective wireless transmission condition. Yan et al. [37]
proposed a consensus communication mechanism founded
on counterfactual reasoning. Graph Attention Networks with
the fully decentralized MASAC are utilized to reinforce the
cooperation among agents.

D. A Qualitative Comparison

Tab. I presents a comprehensive comparison between our
approach and related works with regards to various essential
elements, e.g., URLLC, Offloading and Resource allocation
(O&R), DRL, Multi-Agent, [oHT scenarios, energy-efficiency,
data throughput, and Lyapunov-based and heuristic methods.
To the best of our knowledge, our proposed approach is the
first to integrate all the aforementioned factors into a unified
framework, thereby distinguishing itself from prior works.

TABLE |: The qualitative comparison of current literature,
where O&R refers to the use of both offloading, and H
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I1l. SYSTEM MODEL AND PROBLEM FORMULATION
A. Overall System Model

Fig. 1 illustrates the system architecture consisting of N
IoHT points and I + J BSs, where I BSs with larger com-
putation resources and J BSs are BSs with small ones. In

real scenarios, it is not reasonable to set only a single or just
one type of edge server for the whole system, considering
the distances and distributions between BSs and IoHT points.
IoHT points include patients and doctors, financial services
and medical institutions, and the devices of pharmaceutical
enterprises and online platforms. Each BS is co-located with
an ES that provides both radio access and computational
services, eliminating the need for assistance from a remote
cloud or other BSs. The devices are irregularly distributed
throughout the network and operate continuously.
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Fig. 1: Application scenario of the proposed scheme for IoHT

The sets of IoHT points and servers are denoted as U =
{ui,...,u4,...,up} and S = {s1,...,85,...,814s}, re-
spectively. We consider a time-slotted model that is charac-
terized by a fixed duration of time slots denoted as 7, and
a series of successive slots, where the set of all slots is
defined as 7 = {1,...,t...,T}. We assume that the channel
information remains unchanged during each slot, while it may
fluctuate dynamically between different slots. Meanwhile, the
set of available BSs for each user, denoted as wu;, remains fixed
across slots. In each slot, the user u; autonomously decides
whether to offload their tasks or not. The main notations in
our paper are summarized in Tab. II.

B. Traffic Model at loHT Device Side

We presume that tasks arrive at user u; randomly in each
time slot and are subsequently offloaded to the selected BS
for computation. The number of tasks arriving at u; in the ¢-
th time slot is denoted as A;(t) Mbits/s. To store data that has
not yet been offloaded from u;, we introduce the concept of
the local task buffer. Specifically, each task buffer associated
with u; can be modeled as a data queue, and its backlog (i.e.,
the length of the local task buffer) is denoted as @;(t), where

which satisfies the initial conditions: Q;(0) = 0,Vu; € U at
t = 0. The transmission rate from u; to s; is given by:
Pgi;(t
Ri7j(t) = WiJ‘ (t) 10g2 (1 + ]VJ( )) ’ (2)
0

where W; ; denotes the subchannel bandwidth allocated to
each BS and shared among its connected UEs, P and N are
the transmission power, and noise power density, respectively,
and g; j(t) is the wireless channel gain between ¢ € U and
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TABLE [I: Notations and their definitions

Notations  Definition

U;(t) The attainable throughput for u;

Qi(t) Local task queues for u;

db Queuing bounds for u;

eik Tolerable probabilities of bound violation for w;

PL Extreme event occurrence probability for u;

S} The excess value for u;

E(SH) Long-term conditional expectations for S

E(WiL) Long-term conditional expectations for the square of SZ-L
iL The scale parameter of GPD distribution for u;

olth Threshold for oiL

z: The shape parameter of GPD distribution for u;

fiL ith Threshold for fiL

P Transmission power

N Noise power

Aj Computation density of task data

K The computation power efficiency

Aqi(t) Task data arrival rate for u;

Y The threshold for power queue in long term

Z;,4(t) Amount of task data offloaded u; to s;

Wi ;(t) Sub-channel bandwidth

9i,5(t) Channel gain

R; ;(t) Transmission rate

dioj Queuing bounds for Hj ;(t)

eld Tolerable probabilities of bound violation for wu;

71- 0 Extreme event occurrence probability for u;

Sié,j The excess value for H; ;(t)

E(Sf.) Long-term conditional expectations for ng

E(Wéj) Long-term conditional expectations for the square of Sg J
?j The scale parameter of GPD distribution for Hj; ;(t)

o st Threshold for ¢,

éz‘dj The shape parameter of GPD distribution for H; ;(t)

gf?]a"h Threshold for £2;

Computation resources allocated by s; for u;
The amount of computation power in s;

BS j € S, including path loss and channel fading. We assume
that all channels experience block fading.

Furthermore, we assume that the downlink transmission
delay can be ignored due to its negligible cost compared with
the offloaded tasks before computation. In the ¢-th time slot,
D, ;(t) denotes the quantity of task data offloaded from point
u; to BS s; and R; ;(t) denotes the achievable throughput of
u; in the same time slot, which can be formulated as:

Zi,j (t) = min {QZ (t) =+ TAi(t), TRZ‘,]‘ (t)} R 3)
I+J

Ui(t) = Z i (t)2i 4(). 4)

C. Computation Model at the BS Side

A virtual task buffer is established at each BS to store the
offloaded but not yet executed tasks from wu;. The execution
of these offloaded tasks is carried out using the CPU provided
by the respective BSs. The amount of task data produced by
u; and stored at BS s; is denoted by H; ;(t). The allocation
of CPU-cycle frequency will be explained later. Even though
u; does not transmit data to s;, f; ;(¢) can still be non-zero,
and therefore the amount of data processed at s;, denoted as
Y; ;(t), is defined as:

7fi;(t)

Y, (t) = min {Hi,jos) Ty (t)205(0), Ai} )

where \; denotes the comeutation density of the task data and
satisfies the constraint ) ." ; fi;(t) < fjmax ().

The task buffer dedicated to storing the tasks of user w;
at the BS can be modeled as a queue. However, the BS-side
information such as the queue backlog H; ;(t) and allocated
CPU-cycle frequency f; ;(t) are unknown to u;. Nevertheless,
u; can establish a virtual remote queue H; ;(t) locally for BS
s;. This virtual queue evolves as follows:

H; j(t+1) = max { H; j(t) = Y; ;(t) + 24 5(t)2:,5(), 0}, (6)

which satisfies the initial conditions: H; ;(0) = 0,Vs; €
S,Vu;eld att =0

D. Power Consumption Model at the BS Side

The power consumption of s; for remote execution is:

N
3
pi(t) =Y (fi;(t)’, (7)
i=1
where k is the switched capacitance of s;’s execution CPU,
determined by the hardware implementation. Similarly, p;(¢)
should satisfy:

T
!
Th_r&f;pj(t) <;,Vs5 €8, ®)

where «y; is the time-average power threshold.

E. URLLC Constraints

The end-to-end latency encountered by a device is influ-
enced by the choice of execution approach. In the scenario
where IoHT devices offload tasks to BSs, the experienced
end-to-end latency encompasses the following components:
i) queuing delay within the local task buffer; ii) uplink and
downlink delay; iii) queuing delay at the remote location;
iv) computational delay at the remote location. Neglecting
the downlink feedback delay of computational results is
deemed reasonable, as the data size of computational results
is typically smaller compared to that of offloaded tasks. This
assumption has also been adopted in prior works [13], [44].

URLLC from both IoHT points and ESs requires rigor-
ous restrictions on the queuing delay which holds a large
proportion of the end-to-end delay. As a result, URLLC
constraints must be enforced on both the local and remote
sides. According to Little’s Law, the average queuing delay
is proportional to the ratio of the average queue length to the
average data arrival rate [45]. Therefore, the average queuing
delays for the local task D; and the remote task D; ; can be
expressed as follows:

IR | Qi(t) L
DZ_Tlg{l)oT;Ai(t—l)<di7 &)
T
| H;;(t) 0
Pij = Jim = ; -1 dis (10)

where the time-average data arrival rates of local and remote
task buffers denoted by A;(t — 1) = %Zt710 A;(m) and

m=
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Zij(t —1) = 1 Z ' xij(m)zi j(m), respectively. The
local and remote task buffers have corresponding queuing
delay bounds d¥ and d?7, respectively. Focusing solely on
the average queuing delay may result in the occurrence of
extreme events where the queuing delay surpasses the upper
bound, which is undesirable for URLLC. Therefore, in order to
elaborate on the restrictions, we need to quantify these extreme
events. We define excess values as: SE(t) = max{QiL (t) —
A;(t—1)d;,0} for Q;(t) and SO;(t) = max{ () — Zij(t—

1)d; ;,0} for H; ;(t). Then, we can define mdlcators for the
occurrence of these extreme events as I; = I{SZ(¢) > 0} for
Q?(t) and Hi,j = ]I{ng(t) > O}

Naturally, the long-term URLLC constraint is self-evidently
characterized by constraints on the probability of extreme

event occurrence which can be formulated as follows:

EL:T@;*ZH (SE@) > 0) <ef, (11)

PO _ Re

PY, _IJEI;O—ZPr )>0) <el (12
where e < 1 and 5OA < 1 are the tolerable probabilities

of bound violation. Moreover it is imperative to consider the
statistical properties of S (t) and S;(t). To achieve this, we
employ the EVT and leverage the Plckands Balkman-de Haan
Theorem [14] to characterize the tail distribution and statistical
features of I; and I ;.

Specifically, the conditional excess distribution function
(CEDF) of Si’ and Si,j° can be approximated using a
Generalized Pareto Distribution (GPD). In this regard, we
assume a GPD with parameters ¢ and £. The first and second
moments of the aforementioned GPD can be expressed as
My(0,€) = 1% and M(0,€) = %, respectively.

The CEDF for u; can be denoted as follows:

sl POSE() > s7)
Fe = PEEm =0,

where of < O'iL " and ¢k < fiL " to ensure the reliability
and latency restrictions.

The statistical properties of GPD and the relationship
between its two parameter thresholds can be leveraged to
establish constraints on the long-term time-average conditional
expectations for both the first and second moment of the excess
value, as follows:

(13)

Ly = L L
E(S) = lim = ZES ) | SE(t) > 0]
< My(o “h,f“*‘) (14)
Ly — L( L
EW[) = lim ZEW ) | SE(t) > 0]
< My(o Lthny thy, (15)
where WE(t) = [SlL(t)] .
The CEDF for H; ;(t) can be written as:
_ P(S2.(t) > s2.
F(S%) — M (16)

P(S2,(t) >0) ’

which follows the GPD G (s;;07;,£;). The thresholds
JOJ < ZO ]th and f fo """ We enforce the constraints

on the time-average condrtronal ﬁrst and second moment as:

E(S2;) )= lim o ZE S2i(t) > 0]
< My(o O”‘f?jh), a7
E(WS) = Jim = ZE 9.(t) > 0]
< M ( Oth7£,LOJth), (18)
where W7(t) = [ng(t)] :

F. Problem Formulation

Maximizing throughput alone cannot guarantee satisfactory
performance, even if the queuing delay on the IoHT point
side is reduced. Focusing solely on average queuing delay is
insufficient for meeting the strict URLLC requirements, and
may result in frequent occurrences of extreme events.

As far as we know, IoHT applications rely heavily on the
availability of high throughput and low latency in time-varying
network conditions. Therefore, we seek task offloading and
resource allocation to formulate the problem for maximizing
the long-term throughput of all IoHT points while satisfying
long-term URLLC constraints, as follows:

T N I+J
Pi1: max lim — x; ()2 (19)
1 {x,f} T—o0 T tzl ; ]Zl j ’]
1+J
st Y wy(t) =1, Vu; eUNLET, (19a)
j=1
N
D fii() < fimax(t),¥s; € S,V €T, (19b)
i=1
(E”(t) € {0, 1},f”(t) >0,Vu,; € U, VSj € S, (19c¢)
Constraints (8), (11) — (18), (194d)

where constraints in (19a), (19b), and (19¢) ensure that each
IoHT point can only select one BS for remote execution in
each time slot and that the selected BS’s CPU-cycle frequency
is within the available frequency and power limits. Constraint
(19d) places bounds on the long-term violation probability,
as well as the conditional mean and second moment of the
excess values of local and remote task queues. Directly solving
problem P; is challenging due to the long-term constraints.
Therefore, we employ Lyapunov optimization.

IV. PROBLEM TRANSFORMATION AND SOLUTIONS
A. Problem Transformation

Based on Lyapunov optimization, we decompose P, which
has tight URLLC constraints, into several sub-problems. These
sub-problems can be optimized for sure in each time slot,
while satisfying long-term objectives. Virtual queues are em-
ployed to transform the long-term URLLC constraints into
stability restrictions. Specifically, we introduce three virtual
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queues as state variables that measure the behavior of local
systems with respect to (11), (14), and (15), respectively.

QX (¢ 4+1) = maX{Q“P) )+]1{Sf(t)>0}—ef,0}7

(20)
QFS(t+1) = max{Qf’(S> ) +1{S2(t) >0} x,
SE(t+1)— M; fth,g“h) } @1)
QFMi(t+1) = { Q™) +T{SE(t) > 0} %,
(Wi +1) - <af’”ﬂ€f’th)),0} 22)

where QL (P) (t), Qf’(s) (t), and QiL’(W) (t) denote the devi-
ations from the tolerable probabilities of bound violation, the
long-term time-average conditional expectations for the first
and second moment of the excess value of the local task queue,
respectively.

Similarly, for constraints (12), (17), and (18), we respec-
tively introduce three virtual queues as follows:

H2®) (¢4 1) = max {H%(P)(t) +1{SO,(t) > 0} — -, 0
(23)
HY Dt +1) = max {H) O (6) +1{8%(t) > 0} x
(S%(t—#) Mf Oth Oth) } (24)
O, o,
H”(W>(t+1):max{Hw< +]1{Sz (t) > 0} x

(Wi?j(t+1)—M Oth Oth )7 } (25)

where H, j( ) Hioj’(s and H Oj(W) denote the deviations
from the tolerable probabilities of bound violation, the time-
average conditional expectations for the first and second mo-
ment of the excess value of the remote task queue, respectively.
According to [20], it is proven that if the virtual queues
satisfy mean rate stability, then their corresponding constraints
are also satisfied. For instance, for the virtual queue HP (1), its
mean rate stability requires that if limp_, o, E[H] ( )] / T=0,
then the constraint (12) is satisfied.
For each BS, we build the power queue:
P;i(t+1) = max {P;(t)

- +pi(t)},Vs; €5 (26)

Thus, problem P; can be transformed into problem Pa:

T N I+J
P> : max lim — x5 (t)z,5(t) (27)
2 {xf}T—)ooT;;jzl J J
s.t Constraints (19a) — (19¢) (27a)
Constraints (1), (6), (20) — (26)
stay mean rate stable (27b)

Using the drift-plus-penalty algorithm of Lyapunov optimiza-
tion [20], P2 transformed into a sequence of deterministic
sub-problems in the short term that can be solved by each
device. We can further decouple P2 into two sub-problems

based on the involved variables:

SP1: max F(x;,(t 28
Ly e ) %
s.t. Constraints (19a), (19¢) (28a)

SP2: max K(fi;(t)) (29)

Jigce)
s.t. Constraint (19b) (29a)

where K (f; ;(t)) and F (z; ;(t)) are written as:

K (fi;®)=an ZYZJ t) (@i j (V)25 (t) + Hi 5 (t) — ap P (t)p; (1)),
I+J

F(xij(t) = (a+ an,rAi(t) + ap,@Qi(t) Y =i ;(t)zi;(t) — arp
j=1

(@) = F)I(SEW®) > 0) — ar,sQ) P (1) - (SE+1)
= Myl e M)I(SE®) > 0) — arw @l (1) 1(SE() > 0)

I+J
(W}(t+1) M(ULm,éiL’th)—aOHZH” Vi ()2 (1)

CDNCARENC:

(So(t+1) M(O_Oth Oth) (

(t)>0)—0¢osZQO()
)_ao,W

Z Q™M™ ) (Wﬁj (t+1) — M; (afjthgff"))n(sfj (t) > 0).

Our objectives are to maximize the throughput of all IoHT
points and minimize the overall energy consumption of BSs.
However, traditional approaches cannot be used to solve P
due to its complexity. It involves both continuous variables
(f) and discrete variables (x) and typically involves multiple
IoHT points. Apparently, it is naive to traverse all possible (z)
for terrible time complexity O(TNI*7)

B. MASACDUA Scheme

The proposed MASACDUA scheme is depicted in Fig. 2,
which is comprised of MASAC-based task offloading and CPU
resource allocation.

/ Centralized Training N transmission |’ - Y S
' | BS\!
— ! 1
1 CPU /u
download ) :
! . 1
. Power
1
Actor; Actory Lo
'
'
!
)

N
____________________________ _________,
Ree h
loHT t 1 IoHT t M
OHT point i——. OHT poin upload ==

Backlog-Aware
Computation

Fig. 2: Overall structure of the MASACDUA framework

1) Resource Allocation: We propose a heuristic algorithm
for resource allocation [28], as summarized in Alg. 1.

In Alg. 1, equal computational resources f;;°(t) are first
allocated to all available IoHT points, whereas the remaining

resources f;% are reassigned based on the remote queue
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backlog H; ;(t) and power consumed by the BSs p;(t). At
first, we initialize the U;(t), num;(t) and Af; max(t). Then,
we allocate p;;(t) fj.max(t) evenly to all IoHT points in U;(¢)
(line 2~4), then select the IoHT point with the wu;« on the
strength of maximum target value K (k;;(t)) (line 9~10),
where k; ;(t) is the largest computation resources wanted
by u;. And we get the f;- ;(¢) based on whether r;« ;(t)
exceeds the k- j(t). If #;- j(t) exceeds fL5(t), then we set
L) = k= j(t) — fi5(t) (line 9~11). On the contrary,
we set f/,(t) = 0 and f775(t) = k- j(t) (line 13~15).
In the two situations, we regenerate Af; max(t) and f{5(t)
(line 11~14). Finally, u;« is removed from ;(t) (line 18).
The iteration halts when U (1) 0 or fjmaz(t) = 0.
Apparently, the allocation of computing resources is based on
fi,j(t), which means a larger queue backlog or lower power
consumption by the BSs receives computation resources more
probably. The worst-case scenario involves M x N iterations.

Algorithm 1 Computation Resource Allocation

{ui € U|H; ;(t) >0} ,num;(t) =
(1 *P]( ) fjmax

1: Initialize U;(t) =
size(Uy(t)), and Afj max(t) =

2: for IoHT point 7 € U do

3: fpre( )= ‘(t)fj,maX(t)/numj(t)

4: end fz)r

5: for s; in U;(t) do

6:  while 1/;(t) # 0 and Af; nax(t) > 0 do

7. Ki,j (t) = min {Afj,max(t)v % [HiJ (t)}}
8: Ui = argmax, ey, (1) K (/{1 ](t))

9: if Kk (1) > fprj( ) then

10: Fi€5(t) = kx5 (1) — fE5(T)

11: Afj,max(t) = Afj,max(t) - fzp*:g (t)
12: else

13: fﬁfj(t) =0

14: A fjmax(t) = Afjmax () + SE5(0) = ri (1)
15: () = ki j(t)

16: end if

17: fz ,J f”“’ (1)

18: i Ug*
19: end whlle
20: end for

2) MAMDP Model: The problem S7P; can be represented
as an observable MAMDP with the following components:
<n7S,.A1,...,An,Oh...,On,Rl,...,’R,n,’ﬁl,...,ﬂn,P>.
We assume that N agents interact with the environment
characterized by a set of states A = A; X As... x A,.
In each time slot, each agent receives its own private
observation O; and takes its own action m; : O; — Ai,
and receives a reward R; : S x A4; x & — R}. Then,
the environment transitions to a new state with probability
P:SxAxS —10,1].

Thus, we define the observation, action space, and reward

function for each IoHT point in the ¢-th time slot as follows:

o Observation Space O;(t): The network state at the
beginning of each time slot is determined by the queue

information, which is represented by:

Oi(t) = [Qi(), QX (1), QP (1), @ M),
Hy;(t), B (), B (0), B ()], (30)

ij 0. i,J
which consists of the queue information, along with the
virtual queue information. It should be noted that the
power queue is excluded from the queue information in
the MDP model, as we believe it is not relevant for the
offloading decision.

o Action Space A;(t): It is defined as the set of servers
from which the IoHT point U; can choose for task
offloading. Therefore, the action space is represented by
the vector [z;1(t),..., % 1+4(t)], where z; ;(t) = 1 if
server S; is selected by device U; for offloading in the
t-th time slot, and z; ;(t) = 0 otherwise.

o Reward Function R;(t): The reward I' (z; ;(t)) of de-
vice U; selecting BS S; in the t-th time slot is set to
maximize the optimization objective of P1.

Unlike the previous methods, this approach does not require
the mean and variance of a certain action. Additionally, the
architecture of the Q-network has been modified to output Q-
values for all possible actions with only states as input, instead
of the previous approach where one Q-value was calculated
for input including states and all actions.

3) MASAC-Discrete: Each IoHT point is controlled by a
dedicated agent, which is equipped with an actor network
represented by a;(t) = m;(0i(t)), two critic networks (Q(s:),
where 7 = 1,2), and their corresponding target networks
(Q;}(stﬂ), where j = 1,2). Additionally, the agent is
equipped with an experience replay buffer B;. Following the
CTDE structure, IoHT points can get the state for the training
of their critic network, after that, each point executes their
action based on the actor network with their local information.

The CTDE process is simply demonstrated as follows:
During the training process, each agent shares its private
observation o;(t) and action a;(¢) with the environment, and
the resulting state s; is returned to all agents. This enables
the simultaneous exchange of private information among all
agents. The critic network of each agent is trained with the
joint states and actions that include the observations of all
agents. During the action-choosing process, each agent uses
only its private observation o;(t) to execute its chosen action.

The pseudo-code of the proposed algorithm is listed in
Alg. 2. This algorithm encompasses two distinct phases,
namely, the initialization phase (line 1 ~ 8) and the DRL
phase (line 6 ~ 29), which can be further subdivided into the
step process (line 9 ~ 19) and the training process (line 20 ~
29).

o The initialization phase: All networks’ parameters are
set with the truncated uniform random numbers. The
experience replay buffer’s size is set to 10,000. At the
beginning of each episode, the state and each observation
0;(t) are initialized as all zero.

o The step process: Based on the first phase, each IoHT
point attains its action and observations next time.
Founded on each IoHT point’s action and observation,
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we obtain each reward at time t. At last, we concatenate
the a;(t) and o;(t + 1) to get the a(t) and s(t + 1)
correspondingly.

o The training process: If it is time to train the network, like
collecting enough data in the replay buffer, then a random
mini-batch of transitions consisting of the current state,
action taken by the agent, resulting reward, and next state
{sk,af,rf,sk“} ,k=1,2,..., B is sampled from the
experience replay buffer B;, where B denotes the batch
size. These transitions are fed to the neural network for
calculating the gradient.

The parameters of each critic network are updated in line
23, by minimizing the loss function L, ; of critic 7 from
the transition.

1< 2
Lo, =52 [1=Qui (s 16%) ] i =12 6D
k=1

where y¥ is the value function target of the agent and can
be defined as:

v = sy [mor (af) min (Qi (5" 32 )

— alog (ﬂgiw (ai-C+1 | sk“)) } , (32)
where Q;— (- | 63 ;) represents the j-th target critic
function of agent ¢, and v is the discount factor.

The parameters of each actor network are updated in line
24, by minimizing the loss function L,; of actor ¢ from
the transition.

2 [Wer (a7) [alog mr (af | 07) — Qi (s" | 92%')]} ;

(33)

where a suitable o has a prodigious impact on our

scheme’s performance, which can be adjusted by the

algorithm itself rather than by hand.

The parameters of each « coefficient are updated in

line 25, according to [16], [17], by minimizing the loss

function L,;:

Lai = mor (af)[—a(log mor (af | of) + H)].  (34)

Finally, following three successive updates, we have
reached a point where we can effectively implement
soft updates on the parameters of the target networks,
specifically in line 26. By employing the soft update
method, we are able to achieve a relatively smoother
estimation of Q;_ ;(s*1 | 62 j)» thereby contributing
to the stabilization of our scheme.

Based on the analysis presented, the time complexity of
Alg. 2 can be expressed as O(ET M), as it involves carrying
out three types of loops and multiplying their respective
lengths. Additionally, the space complexity can be expressed
as O(M(I + J)), since there are M IoHT points and I + J
ESs.

V. PERFORMANCE EVALUATION
A. Parameter Setting

We maintain a fixed number of 2 BS with larger compu-
tation resources and 4 BS with smaller ones in our system.

Algorithm 2 MASAC-discrete

1: for IoHT point ¢ in U do

Initialize actor network 7;(-), critic network Q;(-) with pa-
rameters 0] and 6?;

3 Initialize target network Q;_ (-) with parameters 9?_;
4 Initialize experience replay buffer B;;

5: end for
6
7
8

n

: for episode from 1 to E do
Initialize state s(t)
Initialize observation o;(¢) for IoHT point in U
9: for ¢t from 1 to T do

10: for IoHT point ¢ in U do

11: Get action a;(t) according to a;(t) = m;(0;(t))

12: Get reward ¥ (t) according to Eq. (30)

13: Get observation o;(t + 1)

14: end for

15: Get joint action a(t) by concatenate a;(t) together

16: Get state s(t + 1) by concatenate o;(t + 1) together

17: for IoHT point 7 in I/ do

18: Store transition {s(t), ai(t), s*(t), s(t + 1)} into

19: experience replay buffer B;

20: if training process begins then

21: Sample a mini-batch of M transitions from B;

22: Update critic network according to: 01% — 91% -
lTCV@?j Lq,, (affj), j=1,2

23: Update actor network according to: 6F <« 6F —
l?‘aV@;f Lﬂ-i (gzr)

24: Update temperature according to: 65 <+ 65 —
lr’lvaiLm; (az)

25: Update target networks according to: OiQ)j_ — r@iQ_ +
(1— r)&?j_, j=1,2.

26: end if

27: end for

28:  end for

29: end for

The available computational resources of ESs in the BS for
IoHT points fluctuate irregularly within a limited range during
200 time slots with 0.1s intervals. Specifically, we set the
number of IoHT points to 6, and the data arrival rate a;(t)
varies within the interval [7.5, 8.5] Mbits/s. We configure the
transmission power to 20 dBm, sub-channel bandwidth to 1
MHz, and channel gain to 3.4 x 1072, The data is randomly
generated based on the formulations outlined in Section III.
Our simulations are conducted on both laptops equipped with
NVIDIA 4G GeForce RTX 3050 and a workstation equipped
with 11G GeForce RTX 2080 Ti. The parameter values men-
tioned above, along with others, are summarized in Tab. III.
To evaluate the performance of our algorithms, we adjust the
number of IoHT points (Scene 1), computation density (Scene
M), the length of data arrival rates interval (Scene A) and the
sub-bandwidth interval (Scene W).

B. Baselines

In this study, we compare our proposed MASAC-discrete
with three other algorithms, namely, Random, MAA2C, and
MAPPO, the latter two are both fine-tuned Actor-Critic-
based DRL algorithms. When considering the computation
resources, they all use the Alg. 1.
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TABLE IV: The average reduction of MASAC-discrete over

o Random: Each IoHT point randomly chooses its offload- ) )
other three algorithms over time slot

ing decisions without knowing the state and decisions of

other IoHT points. Indexes Sub-indexes Random MAA2C  MAPPO
« MAPPO [46]: It is similar to our proposed algorithm, H, ;(t) 28.61%  68.78%  41.07%
MASAC-discrete, as it employs the CTDE structure and gemme H?J;(P) (t)  21.08%  20.65%  21.64%
. . . N ueues >

in 0,(s
teracting PPO algorlthms between IoHT points. HS (D) 9870%  99.85%  98.62%
e MAA2C: It combines the CTDE structure with widely- RAEV 28.58%  69.25%  47.31%
used Advantage Actor-Critic (A2C). Svstem TQD 23.24%  58.52%  28.98%
Pyrf P -2.27% 0.23% 0.07%
o ertormance TV 99.74% 99.54% 87.66%
C. Temporal Characteristics of the System BVP 2431%  2431%  25.00%

We compare MASAC-discrete with three other algorithms
from the long-term perspective of remote queues and system
performance. The corresponding results can be seen in Figs. 3

TABLE V: The average reduction of MASAC-discrete over
other three algorithms under different scenarios

and 4, and a detailed numerical analysis is provided in Tab. IV. Index Scene Random MAA2C MAPPO
BVP A 22.37% 19.48% 22.12%
. . M 24.31% 15.47% 16.30%
TABLE [ll: Simulation Parameters b 15.47% 19.82% 16.57%
W 19.04% 17.79% 18.99%
Parameter Value Parameter Value A 19.00% 59.84% 4.76%
N 6 . 01s Qb v 1206%  13.18%  10.06%
I 4 J 2 A 12.46% 24.53% 17.25%
T 200 No -118dBm \ 25.29% 29.81% 22.40%
9.3 (t) 3.5 x 10712 Ai() [7.5, 8.5] Mbits/s A 23.19%  60.94%  3721%
o M g b TN R e s
Lth 2.5 Mbi Lth 2 .02% .88% .60%
i S0 dbits & ([)08, 1.2] MHz w 36.68%  51.47%  33.19%
€. 01 e 0.01 v A 99.40%  9826%  79.13%
i . Ot M 89.63% 54.36% 31.80%

: 3 Mb : 0.2
Tij s §ij : A 94.04% 77.84% 46.55%
1000 cycles/bit & 1072TW - 53 /cyele’ w 95.44%  98.54%  53.47%

Aj

flmaz(®)  [11.8, 1381 GHz  fomaz(t)  [10.6, 12.6] GHz
f3.maz(t)  [8.8,9.8] GHz Famaz(t)  [8.6,9.6] GHz
f5.maz(t)  [8.5,9.5] GHz f6.maz(t)  [9.2,8.2] GHz
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TABLE VI: Comparison of Alg. 1 with Eq. (35) and Eq. (36)

RAA  RAEV BVP TQD TV 13% 3 1 =B D@ 12w
Eq. (35) 1951 0402 17778 0185 516507 336179 1981 253,981 0.000
Eq (36) 1653 0427 15774 0166 510482 353292 1687 243515 0.000

ours 1057 0.065 1LI0I 0211 269030 388.062  1.068 96.444 0.115

For remote queues, the MASAC-discrete is effective in
reducing H; ;(t), with a minimum reduction of 28.61% and
a maximum reduction of 68.78%. This indicates a signif-
icant reduction in congestion during the transmission pro-
cess. Our MASAC-discrete algorithm demonstrates superior
performance in reducing HZO] P (t), achieving reductions of
21.08%, 20.65% and 21.64% for Random, MAA2C and
MAPPO, respectively. As for H ;" (t), MASAC-discrete
outperforms the other three algorithms by 90%. This indicates
that MASAC-discrete effectively reduces the extent of bound
violation as well as transmission congestion and probability
of bound violation.

In terms of system performance, it is evident that MASAC
achieves reductions of 23.24%, 58.52% and 28.98% in the
total queuing delay (TQD), which is defined as the combined
value of the local queuing delay and the remote queuing
delay, when compared to the Random, MAA2C, and MAPPO
approaches, respectively. MASAC also exhibits a remarkable
reduction in training variance (TV), exceeding 85% compared
to the other three algorithms. Furthermore, MASAC-discrete
achieves substantial improvements in remote average excess
value (RAEV) compared to Random, MAA2C, and MAPPO,
with lifts of 28.58%, 69.25%, and 47.31% respectively. It

is noteworthy that MASAC-discrete outperforms all three
algorithms by more than 20% in terms of bound violation
probability (BVP), highlighting its ability to effectively reduce
the occurrence of extreme events and their impact.

It is noticeable that the widely-used MAPPO algorithm
struggles to effectively search within the large action spaces
in our system. Additionally, the performance of MAA2C falls
short of expectations when compared to Random. However,
our algorithm outperforms Random with superior stability and
efficiency. This success can be attributed to our algorithm’s
ability to explore a diverse range of action policy choices
compared to Random. by optimizing both entropy and rewards
over a long period.

D. Impact of Data Arrival Rates

We narrow the data arrival rates interval gradually, while
their mean remains constant. As depicted in Fig. 5, the wider
the data arrival rates interval, roughly the worse the perfor-
mance for all four algorithms. MASAC exhibits significant
reductions compared to the other four algorithms in these four
indexes. This indicates that MASAC-discrete can perform still
well even when the data arrival rates change. The outstanding
impact is observed in BVP, TQD, RAEYV, and especially TV,
where all reductions exceed 19%, and the top is more than
60%, suggesting that MASAC can reduce the probability
and extent of bound violation occurrence however the data
arrival rates change. Similarly, our algorithm is the most stable
compared to the other three algorithms.
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E. Impact of Sub-Channel Bandwidth

We gradually narrow the sub-channel bandwidth interval
from [0.8, 1.2] to [0.9, 1.1] Mbits, ultimately settling on a
channel bandwidth of 1 Mbit. As depicted in Fig. 6, the
wider the sub-channel bandwidth interval, the higher the
training variance. Our algorithm remains the stablest. our
scheme exhibits significant improvements compared to other
four algorithms across all three performance indexes. The
outstanding impact is observed in BVP by 19.04%, 17.79%,
and 18.99% compared to Random, MAA2C, and MAPPO,
respectively. In TQD, the reduction compared to Random,
MAA2C and MAPPO is 25.29%, 29.81% and 22.40%, re-
spectively. In RAEYV, the reduction exceeds 33%. All these
three comparisons confirm that MASAC can effectively reduce
the probability and extent of bound violation occurrence,
regardless of changes in data arrival rates.

F. Impact of IoHT Points

As illustrated in Fig. 7 and Tab. V, with the increase in
the number of IoHT points, all these algorithms demonstrate
a decline in performance within the system due to the dimin-
ished availability of resources for each IoHT point. However,
it is remarkable that MASAC-discrete continues to exhibit
strong performance. For instance, when compared to the other
three algorithms, MASAC-discrete achieves a reduction of
over 10% in TQD, and over 15% in both BVP and RAEV. In
terms of TV, MASAC-discrete only experiences a decrease of
54.36% and 31.80% when compared to MAA2C and MAPPO,
respectively. We attribute this success to the fact that as the
number of IoHT points increases, the state spaces and action
complexity expand significantly, thereby making the search
process more challenging.

G. Impact of Computation Density

As depicted in Fig. 8 and Tab. V, we observe that as
the computation density increases, the remote congestion
(H; ;(t)) decreases. This is because the BSs process less
data transmitted from IoHT points, resulting in a decrease
in the model’s performance. Specifically, when compared to
the Random, MAA2C, and MAPPO approaches, our proposed
model exhibits a reduction of 15.47%, 19.82%, and 16.57%,
respectively, in terms of BVP. For TQD, the reduction is
12.46%, 24.53%, and 17.25%, respectively. In terms of RAEV,
the reduction is 16.02%, 48.88%, and 32.60%, respectively.
These results highlight the superior performance of our pro-
posed model in mitigating congestion and improving various
performance metrics compared to the alternative approaches
under consideration.

H. Impact of Resource Allocation Algorithm (RAA)

We conduct a comparative study between Alg. 1, and two
alternative algorithms for CPU cycle frequency allocation. The
selection of these alternative algorithms will be based on the
ratio of non-zero elements present in the matrix H; ;(t), which
can be determined as follows:

Wil = | = —
£l >im1 I{H; ;(t) > 0}

(35)

fj,maxa

or allocate the resources proportionally by H; ;(t) as follows:

fi,j (t) — NH’v%(t)
>im1 Hij(t)
As depicted in Tab. VI, when emplogfing the easily un-
derstood RAA, both the BVP and HZO] P) increase by ap-
proximately 2.5 times. This suggests a significant increase
in the occurrence of bound violation events. Additionally,
the excess value at the queue (RAEV) increases by 84.58%
and 56.38% according to Eq. (35) and Eq. (36), respectively.
Moreover, Alg. 2 demonstrates a remarkable improvement
in TQD, reducing it by 60.01% and 42.09% compared to
Eq. (35) and Eq. (36), respectively, Furthermore, H; ;(t) is
reduced by 85.49% and 57.96% compared to Eq. (35) and
Eq. (36), respectively. Although Alg. 2 can incur a little
instability for the entire system, and power consumption has
raised by 15.43% and 9.84%, our Power Variance (PV) has
significantly decreased by 52.09% and 52.67% compared to
Eq. (35) and Eq. (36), respectively. This indicates that Alg. 2
can significantly improve the system performances.

,fj,max- (36)

VI. CONCLUSION

In this paper, we propose a novel MASACDUA scheme
specifically designed for IoHT scenarios, which leverages
the MASAC-discrete algorithms to effectively tackle task
offloading problems while considering the constraints im-
posed by URLLC requirements. Extensive simulation results
demonstrate that MASACDUA yields substantial reductions
in remote congestion H; ;(t), RAEV, TQD, and BVP, while
maintaining the same level of data throughput and power con-
sumption in BSs. These findings serve as compelling evidence
for the efficiency of the MASACDUA scheme in enhancing
system performance within IoHT scenarios. Furthermore, a
comparative evaluation of our scheme across four fluctuated
scenarios highlights the superior performance and robustness
of MASACDUA in handling varying conditions and further
validates its effectiveness as compared to alternative methods.

REFERENCES

[1] Z. Lian, Q. Zeng, W. Wang, T. R. Gadekallu, and C. Su, “Blockchain-
based two-stage federated learning with non-iid data in iomt system,”
IEEE Transactions on Computational Social Systems, pp. 1-10, 2022.

[2] A. Khamparia, D. Gupta, V. H. C. de Albuquerque, A. K. Sangaiah, and
R. H. Jhaveri, “Internet of health things-driven deep learning system for
detection and classification of cervical cells using transfer learning,” J
Supercomput, vol. 76, no. 11, pp. 8590-8608, jan 2020.

[3] G. Yenduri, R. Kaluri, T. R. Gadekallu, M. Mahmud, and D. J. Brown,
“Blockchain for software maintainability in healthcare,” in 24th Inter-
national Conference on Distributed Computing and Networking, 2023,
pp. 420-424.

[4] A.R.Javed, M. U. Sarwar, M. O. Beg, M. Asim, T. Baker, and H. Taw-
fik, “A collaborative healthcare framework for shared healthcare plan
with ambient intelligence,” Human-centric Computing and Information
Sciences, vol. 10, pp. 1-21, 2020.

[5] R. A. Haraty, B. Boukhari, and S. Kaddoura, “An effective hash-based
assessment and recovery algorithm for healthcare systems,” Arabian
Journal for Science and Engineering, pp. 1-14, 2021.

[6] M. Rizwan, A. Shabbir, A. R. Javed, G. Srivastava, T. R. Gadekallu,
M. Shabir, and M. A. Hassan, “Risk monitoring strategy for confidential-
ity of healthcare information,” Computers and Electrical Engineering,
vol. 100, p. 107833, 2022.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on July 25,2023 at 01:14:41 UTC from |IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2023.3297525

JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. XX, NO. XX, XXXX 2023

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

A. Basharat, M. M. B. Mohamad, and A. Khan, “Machine learn-
ing techniques for intrusion detection in smart healthcare systems: A
comparative analysis,” in 2022 4th International Conference on Smart
Sensors and Application (ICSSA), 2022, pp. 29-33.

M. R. Naqvi, M. Aslam, M. W. Igbal, S. Khuram Shahzad, M. Malik,
and M. U. Tahir, “Study of block chain and its impact on internet of
health things (ioht):challenges and opportunities,” in 2020 International
Congress on Human-Computer Interaction, Optimization and Robotic
Applications (HORA), 2020, pp. 1-6.

M. K. Hasan, T. M. Ghazal, A. Alkhalifah, K. A. Abu Bakar, A. Omid-
var, N. S. Nafi, and J. I. Agbinya, “Fischer linear discrimination
and quadratic discrimination analysis—based data mining technique for
internet of things framework for healthcare,” Frontiers in Public Health,
p. 1354, 2021.

T. M. Ghazal, M. K. Hasan, S. N. H. Abdullah, K. A. Abubakkar, and
M. A. Afifi, “Iomt-enabled fusion-based model to predict posture for
smart healthcare systems,” Comput. Mater. Contin, vol. 71, no. 2, pp.
2579-2597, 2022.

B. Han, R. H. Jhaveri, H. Wang, D. Qiao, and J. Du, “Application
of robust zero-watermarking scheme based on federated learning for
securing the healthcare data,” IEEE Journal of Biomedical and Health
Informatics, vol. 27, no. 2, pp. 804-813, 2023.

J. Yao and N. Ansari, “Task allocation in fog-aided mobile iot by
lyapunov online reinforcement learning,” IEEE Transactions on Green
Communications and Networking, vol. 4, no. 2, pp. 556-565, 2020.

Z. Zhou, Z. Wang, H. Yu, H. Liao, S. Mumtaz, L. Oliveira, and
V. Frascolla, “Learning-based URLLC-aware task offloading for internet
of health things,” IEEE Journal on Selected Areas in Communications,
vol. 39, no. 2, pp. 396-410, 2021.

S. Coles, J. Bawa, L. Trenner, and P. Dorazio, An introduction to
statistical modeling of extreme values. Springer, 2001, vol. 208.

Y. Yang and J. Wang, “An overview of multi-agent reinforce-
ment learning from game theoretical perspective,” arXiv preprint
arXiv:2011.00583, 2020.

T. Haarnoja, A. Zhou, P. Abbeel, and S. Levine, “Soft actor-critic: Off-
policy maximum entropy deep reinforcement learning with a stochastic
actor,” in Proceedings of the 35th International Conference on Machine
Learning, 10-15 Jul 2018, pp. 1861-1870.

T. Haarnoja, A. Zhou, K. Hartikainen, G. Tucker, S. Ha, J. Tan,
V. Kumar, H. Zhu, A. Gupta, P. Abbeel, and S. Levine, “Soft actor-
critic algorithms and applications,” ArXiv, vol. abs/1812.05905, 2018.
P. Christodoulou, “Soft actor-critic for discrete action settings,” ArXiv,
vol. abs/1910.07207, 2019.

H. Wu, J. Chen, T. N. Nguyen, and H. Tang, “Lyapunov-guided delay-
aware energy efficient offloading in iiot-mec systems,” IEEE Transac-
tions on Industrial Informatics, vol. 19, no. 2, pp. 2117-2128, 2023.
M. J. Neely, “Stochastic network optimization with application to
communication and queueing systems,” Synthesis Lectures on Commu-
nication Networks, vol. 3, no. 1, pp. 1-211, 2010.

H. Materwala and L. Ismail, “Energy-aware edge-cloud computation
offloading for smart connected health,” in 2021 8th International Con-

ference on Future Internet of Things and Cloud (FiCloud), 2021, pp.

144-150.

M. Mukherjee, V. Kumar, D. Maity, R. Matam, C. X. Mavromoustakis,
Q. Zhang, and G. Mastorakis, “Delay-sensitive and priority-aware task
offloading for edge computing-assisted healthcare services,” in GLOBE-
COM 2020 - 2020 IEEE Global Communications Conference, 2020, pp.
1-5.

J. Ren, J. Li, H. Liu, and T. Qin, “Task offloading strategy with
emergency handling and blockchain security in sdn-empowered and fog-
assisted healthcare iot,” Tsinghua Science and Technology, vol. 27, no. 4,
pp. 760-776, 2022.

J. Chen, C. Feng, D. Feng, and S. Meng, “Multi-edge computing
offloading for ultra-reliable and low-latency communication,” in 2021
13th International Conference on Wireless Communications and Signal
Processing (WCSP), 2021, pp. 1-6.

D. Van Huynh, V.-D. Nguyen, S. R. Khosravirad, V. Sharma, O. A.
Dobre, H. Shin, and T. Q. Duong, “URLLC edge networks with joint
optimal user association, task offloading and resource allocation: A
digital twin approach,” IEEE Transactions on Communications, vol. 70,
no. 11, pp. 7669-7682, 2022.

J. Wang, Y. Ma, N. Yi, and R. Tafazolli, “On urllc downlink transmission
modes for mec task offloading,” in 2020 IEEE 91st Vehicular Technology
Conference (VTC2020-Spring), 2020, pp. 1-5.

H. Liao, Z. Zhou, W. Kong, Y. Chen, X. Wang, Z. Wang, and
S. Al Otaibi, “Learning-based intent-aware task offloading for air-ground

[28]

[29]

(30]

(31]

[32]

[35]

(36]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

integrated vehicular edge computing,” IEEE Transactions on Intelligent
Transportation Systems, vol. 22, no. 8, pp. 5127-5139, 2021.

C. Pan, Z. Wang, H. Liao, Z. Zhou, X. Wang, M. Tariq, and S. Al-Otaibi,
“Asynchronous federated deep reinforcement learning-based URLLC-
aware computation offloading in space-assisted vehicular networks,”
IEEE Transactions on Intelligent Transportation Systems, vol. 24, no. 7,
pp. 73777389, 2023.

Z. Li, M. Xu, J. Nie, J. Kang, W. Chen, and S. Xie, “Noma-enabled
cooperative computation offloading for blockchain-empowered internet
of things: A learning approach,” IEEE Internet of Things Journal, vol. 8,
no. 4, pp. 2364-2378, 2021.

J. Yun, Y. Goh, W. Yoo, and J.-M. Chung, “5g multi-rat URLLC and
embb dynamic task offloading with mec resource allocation using dis-
tributed deep reinforcement learning,” IEEE Internet of Things Journal,
vol. 9, no. 20, pp. 20733-20749, 2022.

A. M. Seid, G. O. Boateng, B. Mareri, G. Sun, and W. Jiang, “Multi-
agent drl for task offloading and resource allocation in multi-uav
enabled iot edge network,” IEEE Transactions on Network and Service
Management, vol. 18, no. 4, pp. 4531-4547, 2021.

A. Gao, Q. Wang, W. Liang, and Z. Ding, “Game combined multi-
agent reinforcement learning approach for uav assisted offloading,” IEEE
Transactions on Vehicular Technology, vol. 70, no. 12, pp. 12888—
12901, 2021.

Y. Jia, C. Zhang, Y. Huang, and W. Zhang, “Lyapunov optimization
based mobile edge computing for internet of vehicles systems,” IEEE
Transactions on Communications, vol. 70, no. 11, pp. 7418-7433, 2022.
Z. Wang, Y. Zhang, C. Yin, and Z. Huang, “Multi-agent deep reinforce-
ment learning based on maximum entropy,” in 2021 IEEE 4th Advanced
Information Management, Communicates, Electronic and Automation
Control Conference (IMCEC), vol. 4, 2021, pp. 1402-1406.

D. Wu, T. Liu, Z. Li, T. Tang, and R. Wang, “Delay-aware edge-
terminal collaboration in green internet of vehicles: A multiagent soft
actor-critic approach,” IEEE Transactions on Green Communications
and Networking, vol. 7, no. 2, pp. 1090-1102, 2023.

X. Wu, X. Li, J. Li, P. C. Ching, V. C. M. Leung, and H. V. Poor,
“Caching transient content for iot sensing: Multi-agent soft actor-critic,”
IEEE Transactions on Communications, vol. 69, no. 9, pp. 5886-5901,
2021.

Y. Yan, B. Zhang, C. Li, and C. Su, “Cooperative caching and fetching
in d2d communications - a fully decentralized multi-agent reinforcement
learning approach,” IEEE Transactions on Vehicular Technology, vol. 69,
no. 12, pp. 16095-16 109, 2020.

C.-F. Liu, M. Bennis, M. Debbah, and H. V. Poor, “Dynamic task
offloading and resource allocation for ultra-reliable low-latency edge
computing,” IEEE Transactions on Communications, vol. 67, no. 6, pp.
4132-4150, 2019.

X. Yuan, Z. Zhang, C. Feng, Y. Cui, S. Garg, G. Kaddoum, and K. Yu,
“A dqgn-based frame aggregation and task offloading approach for edge-
enabled iomt,” IEEE Transactions on Network Science and Engineering,
vol. 10, no. 3, pp. 1339-1351, 2023.

D. C. Nguyen, P. N. Pathirana, M. Ding, and A. Seneviratne, “Bedge-
health: A decentralized architecture for edge-based iomt networks using
blockchain,” IEEE Internet of Things Journal, vol. 8, no. 14, pp. 11 743—
11757, 2021.

M. T. Khan, L. Barik, A. Adholiya, S. S. Patra, A. N. Brahma, and R. K.
Barik, “Task offloading scheme for latency sensitive tasks in 5g ioht on
fog assisted cloud computing environment,” in 2022 3rd International
Conference for Emerging Technology (INCET), 2022, pp. 1-5.

Y. Qiu, H. Zhang, and K. Long, “Computation offloading and wireless
resource management for healthcare monitoring in fog-computing-based
internet of medical things,” IEEE Internet of Things Journal, vol. 8,
no. 21, pp. 15875-15883, 2021.

P. Lin, Q. Song, F. R. Yu, D. Wang, and L. Guo, “Task offloading for
wireless vr-enabled medical treatment with blockchain security using
collective reinforcement learning,” IEEE Internet of Things Journal,
vol. 8, no. 21, pp. 15749-15761, 2021.

Z. Wang, Z. Jia, H. Liao, Z. Zhou, X. Zhao, L. Zhang, S. Mumtaz, and
J. J. P. C. Rodrigues, “Energy-aware and URLLC-aware task offloading
for internet of health things,” in GLOBECOM 2020 - 2020 IEEE Global
Communications Conference, 2020, pp. 1-6.

S. M. Ross, “Introduction to probability models,” Technometrics, vol. 40,
pp. 78-78, 1975.

C. Yu, A. Velu, E. Vinitsky, J. Gao, Y. Wang, A. Bayen, and Y. Wu, “The
surprising effectiveness of ppo in cooperative multi-agent games,” Ad-
vances in Neural Information Processing Systems, vol. 35, pp. 24611-
24624, 2022.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on July 25,2023 at 01:14:41 UTC from |IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



	Introduction
	Related Work
	Task Offloading in IoHT
	Task Offloading under URLLC scenarios
	DRL method used for task offloading
	A Qualitative Comparison

	System Model and Problem Formulation
	Overall System Model
	Traffic Model at IoHT Device Side
	Computation Model at the BS Side
	Power Consumption Model at the BS Side
	URLLC Constraints
	Problem Formulation

	Problem Transformation and Solutions
	Problem Transformation
	MASACDUA Scheme
	Resource Allocation
	MAMDP Model
	MASAC-Discrete


	Performance Evaluation
	Parameter Setting
	Baselines
	Temporal Characteristics of the System
	Impact of Data Arrival Rates
	Impact of Sub-Channel Bandwidth
	Impact of IoHT Points
	Impact of Computation Density
	Impact of Resource Allocation Algorithm (RAA)

	Conclusion
	References

