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Abstract—A metaverse can bring many benefits (i.e., self-
sustaining and proactive analytics (e.g., analysis before user re-
quests)) to wireless applications; however, its deployment is very
challenging due to simultaneous quality of service (QoS) and
quality of physical experience (QoE) constraints. Furthermore,
the computing and communication resources of end-nodes are
limited. Therefore, this paper proposes a novel task offloading
framework for metaverse-empowered wireless systems. Our for-
mulated problem aims at minimizing the cost of task offloading in
the metaverse while considering both QoS and QoE constraints by
optimizing the task offloading, resource allocation, and transmit
power allocation variables. To optimize the formulated problem,
we use a decomposition-based scheme that further uses modified
block-successive upper-bound minimization (BSUM), convex op-
timization, and multi-agent reinforcement learning (MARL) for
transmit power allocation, resource allocation, and task offloading,
respectively. Our solution of using convex optimization-assisted
MARL for joint resource allocation and task offloading signifi-
cantly improves the performance of learning in terms of reward.
Furthermore, BSUM significantly improves transmit power al-
location when used in conjunction with a convex optimizer and
MARL. Other than that, we also use dueling to further improve
the performance of MARL. Our analyses show that convex op-
timization, BSUM, and dueling help in significantly improving
the performance of MARL. Compared to traditional MARL, our
proposal results in significant improvement in terms of reward and
cost, as illustrated by the results.

Index Terms—Metaverse, Internet of Things,
optimization, digital twins, deep reinforcement learning.

convex

I. INTRODUCTION

N IMMERSIVE trend of migrating from traditional sys-
tems (i.e., considering quality of service (QoS) metrics)
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toward novel wireless systems (i.e., considering both QoS and
quality of experience metrics (QoE)) has been witnessed [1],
[2]. The main purpose of this trend is to successfully enable
the diverse requirements (i.e., to fulfill the user-defined QoE
metrics, e.g., quality of physical experience for haptics appli-
cations) of the emerging applications (e.g., digital healthcare
and haptics-based systems) [1]. To effectively enable wireless
systems, the concept of metaverse has been introduced in many
works [3], [4], [5], [6]. The key features of a metaverse for
enabling emerging wireless applications are self-sustaining (i.e.,
the ability to operate the wireless system with the least external
intervention) and proactive analysis abilities (i.e, analysis of a
system before deployment and user requests) [3]. These abilities
are very important, especially when the number of users is
massive, and there is a need to meet both traditional QoS metrics
(e.g., latency) and user-defined QoE metrics (e.g., sense of touch
in haptics-based applications).

A typical metaverse framework has two main entities: (a)
the physical world (i.e., physical space) and (b) the virtual
metaverse world (i.e., meta space). These spaces interact with
each other to enable various applications.! Although the meta-
verse for wireless systems will enable many benefits, many
challenges need to be addressed. These challenges are efficient
and effective signaling of the metaverse operation, sensing of
physical world states and sharing them with the meta space,
and task offloading (e.g., offloading of inference and rendering
tasks by end users to the meta space), among others. Sensing is
performed to synchronize the physical world with a metaverse
virtual world. Metaverse signaling involves signaling for overall
physical system management. On the other hand, there is a
wide variety of tasks (e.g., sensing of 3D images by a virtual
reality (VR) shooting sensing device, rendering tasks for AR/VR
applications, sensing for violence detection, collision avoidance
in autonomous cars, and lane change assistance) to be performed
by the physical space entities. However, there are limitations
on the availability of computing power in the physical space.
Therefore, the physical space nodes should offload their tasks to
the meta space.

In this paper, our focus is on task offloading for various
metaverse entities. Note that there are three main entities,
such as service-requesting devices, learning devices, and sens-
ing entities, in the physical space of a metaverse [3], [4],
[5], [6]. Here, we provide example scenarios showing the

'For more details, please refer to [3]
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importance of task offloading in the metaverse for various
entities.

o Sensing units: Consider a scenario of industrial manufac-
turing based on a metaverse. The end technicians/workers
will use AR headsets to interact with the meta space and get
guidance about real-time assembly, production processes,
and fault correction. Additionally, the data shared by phys-
ical space with the meta space will be used in the training
of a meta space model for run-time resource management.
The AR users with headsets will have multiple tasks to
perform. These multiple tasks (e.g., rendering task and 3D
shooting task) need to be performed either by the AR head-
set or the meta space. Similarly, one can use depth-sensing
cameras not only to capture but to sense the depth of the
actual scenario in the physical space [7]. Meanwhile, there
will be AR users who will request some of the services
(e.g., rendering tasks) from the meta space [8], [9]. All
of the tasks are difficult to perform by the end-devices.
End-devices will compute some tasks and offload the rest
of the tasks to the meta space.

o Service-requesting devices: Consider a user in a vehicular
metaverse who is wearing AR/VR headset and wants to
get information on traffic for network optimization and
planning. Such a user can initiate a voice command (i.e.,
request for a task to compute the best route) “Show me
the areas with the most frequent traffic congestion and
suggest improvements to reduce congestion.” and share
with the meta space deployed at the edge or cloud. The
reason for task offloading to the meta space is due to the
limited computing power of its AR device. The meta space
will use pre-trained large language models to analyze the
user query and then generate the response accordingly to
guide the end-users with an optimum route.

® [Learning devices: Consider split federated learning (SFL)
for the training of metaverse models. In SFL, due to re-
source constraints, the end-devices learn a part of their
local models and offload the remaining learning task with
the edge server (i.e., a meta space can perform this partial
task computation in our model) for partial computation.
The computed model updates are then shared with the
end-devices to update their local models. Next, the local
models are aggregated to yield a global model. This kind of
distributed learning is very promising for scenarios where
we have limited computing power at end-devices. The
exchange of learning updates between the end-devices and
the edge servers takes place iteratively.

Based on the above observations, it is evident that we should
consider task offloading in the metaverse over wireless networks.
First, we discuss various recent works and then we differentiate
our contributions from them.

A. Related Work

1) Metaverse and Wireless: Some of the existing works con-
sidered metaverse and wireless systems [3], [4], [5], [6], [8],
[9], [10], [11], [12]. The work in [3] presented a vision of
using the metaverse to effectively and efficiently realize wireless
systems. A general architecture that consists of two spaces was
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proposed. These spaces are physical space that contain all the
physical entities and the logical meta space. All the entities in
the physical space will be controlled by the meta space. The
authors also presented a case study for performing resource
optimization in implementing their proposed metaverse archi-
tecture. Finally, open challenges were represented. In another
work [4], a network virtualization-empowered metaverse was
considered. The authors formulated a problem and then pre-
sented a hierarchical matching and convex optimization-based
solution. Finally, they provided extensive numerical results to
show the validity of their proposal. The work in [5] presented an
edge intelligence-empowered metaverse. They proposed an edge
intelligence-based framework for the metaverse and highlighted
the role of edge intelligence in enabling the metaverse. On
the other hand, the works in [8] and [9] considered the task
offloading in the metaverse. The work in [8] considered a cost
minimization problem for AR applications in the context of the
metaverse. Another work [10] proposed an efficient FL scheme
for metaverse by considering resource allocation, dynamic user
selection (i.e., different compared to traditional FL, which con-
siders static nodes), and gradient quantization. The work in [11]
considered a continual reinforcement learning framework for
resource allocation in virtual reality streaming. The work in [12]
considered resource optimization for enhancing the QoE in
metaverse. Different from the works in [3], [4], [5], [6], [8],
[9], [10], [11], [12], we consider task offloading for various
services in the metaverse. We consider both latency and energy
along with novel QoS and QoE constraints. In contrast to [12],
our QoE metric considers both packet error rate and immersive
experience. Furthermore, we formulate a novel optimization and
present a novel dueling DDQN-based solution.

2) Resource Optimization in Metaverse: The works in [12],
[13], [14], [15], [16] considered resource optimization in meta-
verse. The work in [13] proposed a meta slicing framework
for resource allocation in metaverse. The work in [14] studied
resource allocation in the AR-based metaverse. Specifically,
they defined a system utility that considered gross profit and
energy consumption. Moreover, they optimized the comput-
ing resources of AR vehicles, the transmit power, the size of
the computing model, and the metaverse service computing
resources. The work in [12] presented a solution based on
evolutionary reinforcement learning for metaverse experience
maximization. They presented a metaverse experience metric
and then used reinforcement learning to maximize their de-
fined metric. Additionally, [15] considered an attention-aware
resource allocation in the metaverse. In contrast to traditional
URLLC, which focuses on QoS, they evolved the traditional
URLLC to reflect QoE in the metaverse. Moreover, they de-
signed an optimal contract for modeling the interaction between
the metaverse service providers and the infrastructure providers
while optimizing their meta-immersive metric-based utility. The
work in [16] analyzes non-fungible tokens, blockchain, and
the metaverse while addressing resource and privacy issues. In
order to maximize connection, resource allocation, and trust-cost
balance for 6G edge computing, it presents its solution based
on optimization, semi-definite relaxation (SDR), the Hungarian
method, and a novel fractional programming technique. Their
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efficiency in developing NFT-driven blockchain-Metaverse ap-
plications is validated by simulations. Different from the works
in [12], [13], [14], [15], [16], we consider task offloading and
optimize task offloading, resource allocation, power allocation,
and metaverse end-devices computing resource allocation.

3) Task Offloading in Wireless Networks: Many works con-
sidered task offloading in wireless networks [8], [9], [17], [18].
Mostly, the works studied task offloading in the context of
general wireless networks instead of specifically considering
the metaverse. The works in [17] and [18] considered tasks
offloading for edge networks. Chen et al. in [17] considered task
offloading problem in software-defined ultra-dense networks.
They formulated a problem to minimize the overall latency by
optimizing task placement and resource allocation. The other
work [18] focused on the use of DRL for task offloading in edge
networks. Specifically, they considered non-divisible tasks that
are delay-sensitive. They formulated task offloading problem
and maximized a long-term reward using a DRL scheme based
on long short-term memory (LSTM), deep Q-network (DQN),
and double-DQN techniques. Motivated by the above, we con-
sider task offloading and minimize its cost by optimizing task
offloading variable, resource allocation, power allocation, and
metaverse end-devices computing resource allocation.

B. Our Contributions

Different from [3], [4], [5], [6], [8], [9], [10], [11], [12], [13],
[14], [15], [16], [17], [18], our work focuses on a metaverse-
empowered wireless system.” Specifically, we consider task
offloading for sensing, service-requesting users, and learning
devices. Our contributions are summarized as follows:

® We propose a framework for task offloading in a metaverse-
empowered wireless system. A problem is formulated to
minimize the cost function that jointly considers latency
and energy via optimization of end-devices computing
resource optimization, task offloading, transmit power al-
location, and resource optimization.

e To solve the formulated problem, a solution based on de-
composition is proposed. For task offloading, multi-agent
deep reinforcement learning (MARL) is used, whereas
for time interval allocation in time division multiplexing
(TDMA), convex optimization is used. For transmit power
allocation, block successive upper-bound minimization
(BSUM) is used. For MARL, we consider double deep
Q-networks (DDQN) with dueling. The introduction of du-
eling in DDQN results in a performance improvement com-
pared to standalone DDQN. Meanwhile, the performance
of DDQN with dueling improves with the optimization
of transmit power allocation using BSUM. Furthermore,
the addition of convex optimization to BSUM and dueling
empowered DDQN further improves the performance.

® Finally, validation is carried out using extensive simulation
results. Our analysis shows that the proposed scheme using
dueling DDQN with BSUM and convex optimizer signif-
icantly outperforms the traditional DDQN. Additionally,

2For more information on the architecture of metaverse-enabled wireless
system, please refer to [3].
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with the addition of different optimizers (e.g., BSUM and
convex optimizer), the performance of dueling DDQN
shows improvement.

The rest of the paper is organized as follows: Section II
presents the system model and problem formulation. Section III
presents a proposed solution approach using BSUM, MARL,
and convex optimization. Simulation results are discussed in
Section IV, and the paper is concluded in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

Consider a metaverse-enabled wireless system, as shown in
Fig. 1. The system model has two spaces: a meta space using
a virtual model and a physical space containing actual physical
entities. The physical and meta spaces communicate with each
other using wireless interfaces. The meta space/s is/are imple-
mented using edge/cloud servers. Moreover, the meta space uses
a virtual model of the physical world along with mathematical
optimization, machine learning, and game theory, among others,
to perform efficient resource management for metaverse-based
applications. In the metaverse, meta space/s can be deployed
either at the network edge, cloud, or both edge-cloud, depending
on computing and latency requirements. In our system model,
we deploy meta spaces at the network edge for low-latency
operation. On the other hand, in the physical space, there are
mainly three entities: (a) sensing units (i.e., used to sense the state
of static physical entities), (b) learning devices (i.e., used to learn
local models and then share the learning data with a meta space),
and (c) requesting users/devices. Let the set S of .S’ entities and
A of A devices denote the sensing entities and learning devices,
respectively. Additionally, the service-requesting devices will
be represented by the set R of R devices/end-users. The set
of all physical space entities in a metaverse can be given by
N ={SUAUR}. In our system, there is a set M of M
distributed meta spaces running on the edge computing-enabled
small cell base stations (SBSs). Next, we present the metaverse
computing model.

B. Metaverse Computing Model

Consider a task B, (b, vn, z,,) to be performed at various
entities in the physical space. Where b,,, v,,, and z,, denote the
computing points, the computing power needed to process a
single computing point, and the computing deadline, respec-
tively. All the entities in the metaverse have multiple tasks to be
performed. Meanwhile, there is a limited computing power (i.e.,
CPU-cycle/sec) available for a particular task. Therefore, the
metaverse entities will compute the partial task locally, whereas
they will offload the remaining task to the meta spaces. The local
computing time for task B,, can be given by

buty Vn € A,
bu¥n,

Z)cal("‘") - Inn (’ | Vn € Ra (1)
n€N(21,X2,23 71717 Vn € 8,

Rn

where k,, denotes the operating frequency of unit n. In (1), the
local computing time depends on operating frequency (i.e., Ky,),
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Fig. 1. Proposed task offloading-enabled metaverse system model.

computing points (i.e., b, ), and the computing power (i.e., v,,)
required to process a single computing point. On the other hand,
a massive number of sensors will be deployed, similar to the
work in [19]. Then, the sensors are divided into discrete sensing
units for modeling computing and communication with a low
complexity instead of modeling for a massive number of sensors.
In (1), for sensing units, it is clear that the local computing time
depends on the number of data points that can be represented
using the data flow (i.e., en)(x1, x2, x3) bits) concept for sensing
units due to the fact that there is a massive number of sensors
in the whole sensing region. I,, is the sensing interval. More
details about sensing and the term en(x1, 22, x3) will be given in
Section II. C. Additionally, the local computing latency depends
on the processing power needed to compute the single data point
of the sensed data. It is evident that an increase in the computing
power (i.e., that has limited availability) will minimize the local
computing delay for various entities of the metaverse. On the
other hand, the local energy consumption is proportional to the
square of the operating frequency. The local compute energy can
be given by

tnUnk2, Vn € A,
tnUnk2, YneR, (2)
Lyen(z1, 29, v3)v,K2, Vn € S.

Xlnocal (K’) =

Based on the aforementioned observations, there is a need for
a limit on the maximum utilization of the operating frequencies
for all metaverse entities.

Z Z Z Kn < KMAX- (3)

neAneR nes

physical space
Meta space learned global models
and out of the offloaded task
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Meanwhile, the computing power assigned to metaverse en-
tities must be within limits.

Rmin S Kn S Rmamvn € {AUR S S} (4)

On the other hand, the computing delay of tasks at metaverse
entities in the physical space must be within the maximum
allowed threshold. For instance, if the task is learning a local
model at the metaverse entity (e.g., smart sensor) and then
sharing the model with the meta space implemented at the
network edge, the meta space will wait for a certain maximum
duration before combining the local models received from the
various physical space entities. Then, the meta space will com-
bine (i.e., aggregate) all the local models to produce a global
metaverse model. The entities of the physical space might not
have sufficient power and they offload the task to the meta space.
Here, for simplicity, we assume that the meta space has sufficient
power and significantly less latency. Therefore, we ignore the
edge latency. To reflect such kind of situations, there must be a
latency constraint as follows:

(éﬁwal + E?rans) S Zn; Vn € {A URU 8}7 (5)

where z,, denotes the maximum delay a certain task can endure
in our system. The values of z, depend on the nature of the
application. For instance, for live streaming of videos, the value
of z, should be chosen small compared to climate monitoring.
Therefore, we should wisely select the values of z,, for various
applications. Next, we discuss the sensing channel model for the
metaverse.
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C. Metaverse Sensing and Channel Model

In our system model, there is a variety of entities (e.g., moving
objects and static sensing units) in the physical space that
will communicate with the meta space. For effective sensing,
a massive number of sensors are deployed. For instance, if
we consider intelligent transportation systems, there will be a
massive number of sensing entities (e.g., roadside units and cars
LIDARS). Similarly, for other applications like smart industries,
there will be a massive number of sensors. Specifically, for a
metaverse-based wireless system, there is a need for efficient and
effective synchronization of the physical space with the meta
space for an updated operation, as evident from the literature
in [4], [19]. To do so, we need massive sensors in the physical
space. Such a massive distribution will be represented by a
continuous distribution function f(x1,x2,x3), where 1, xa,
and z3 denote the longitude, latitude, and height, respectively.

Modeling various wireless network parameters (e.g., latency
and transmission energy consumption) for a massive number
of sensing devices is very challenging due to their massive
number. Therefore, it is necessary to address this challenge. To
do so, one can divide the massive number of sensing devices into
sensing units (i.e., each sensing unit can accommodate multiple
sensors). Let the set S consists of S sensing units and will
accomodate all sensors. To compute the transmission latency
and the transmission energy for such kinds of sensing units, we
use the notion of data flow from sensing units. The concept of
using unit volumetric density 7(z1, 22, x3)(bps/m?) was used
in [20]. For fixed parameters (e.g., bandwidth allocated to a
single sensing unit), the transmission latency and transmission
energy depend on the data generated from the sensing units. We
consider TDMA for the communication between the meta space
and the physical space. The throughput can be given by

Ca(t) = Wi (O)Enz .

¢7l (t)h’ZJn (t)
. <1°g2 (1 TS el (®) N3>) @

where 7, denotes the time interval of TDMA. W;(¢)

bn (B) P m (2) .

and (chcpc(t)hc:m(t)"'Ng) are the bandwidth of the re-
source block j and the signal-to-interference-plus-noise-ratio
(SINR), respectively. ¢,,,Vn € N denotes the transmit power.

Epn ~ denotes the expectation with respect to hg ,(t).
> ce(Pe(t)he,m(t) + N?2) is interference due to cellular users.
Now, we will write expressions for the transmission latency
and transmission energy for various metaverse entities (i.e.,
learning devices, sensing entities, and requesting devices/users).
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The expression for the transmission latency can be written in
(7), shown at the bottom of this page. In (7) y(™~™)(t) and
on (t) denote the task offloading variable and offloading decision
variable at time slot ¢, respectively. U, denotes the transmission
overhead. y("~™) () = 1, if the entity n task is offloaded to the
meta space m and y(" ™) (t) = 0, otherwise. 0, () = 1 if the
unit » wants to offload its task to the meta space m and o,, () = 0,
otherwise. en(xz1, 22, x3)(t) denotes the data generated by the
sensing unit at time step ¢. I;(t) denotes the time interval of
sensing at time ¢. Note that the data generated by the sensing
unit depends on the sensing interval and en(xy, x2, x3)(t).

On the other hand, we must consider transmission energy in
our model. The transmission energy can be given by equation (8),
shown at the bottom of the next page. From (8), it is clear that
the transmission energy depends on the task overhead, SINR,
and the bandwidth allocated during time slot ¢. Additionally, the
transmit power of the learning device significantly affects the
transmission energy. For sensing units, the transmission energy
depends mainly on the transmission overhead of the sensing
units and transmit power. As we are using TDMA, there should
be constraints on the time slot allocation to various entities.

Tmin < T < Tmax, V12 € {AU RUS} ©))

In our TDMA-based system, we should assign time slots to
all devices in a way that the summation of all interval units
allocation should not exceed the maximum limit, i.e., Tyax.

A R S
E Ta+§ TT+E Ts | < TMAX-
a=1 r=1 s=1

On the other hand, there must be constraints while performing
associations between the physical space entities with the meta
spaces for various tasks (i.e., task offloading and requesting
a service). To do so, one must perform a unique association
between the physical space entity and the meta space.

(10)

>yt < 1,Vn € {AURU S}
meM

ey

On the other hand, every meta space has a certain capacity to
serve physical space entities. For instance, a meta space needs
computing resources, storage, and wireless resources to serve
the physical space entities. Computing resources are used for
various purposes, such as partial/complete task computation and
aggregation of local models in the case of distributed training of
metaverse models. Furthermore, storage resources are needed
to store the temporary data or trained metaverse models for
future use. Communication resources are used by the meta space

(14+0,)y ™) (H)on () Ua(t)

ETH'LHIIS (y7 T’ ¢) =

Vn e A

Wi (OEpn | logs [ 14+ et dm () ’ 7
n IR 2 e PeDhe,m(H+N2

Y™ (on(DU- (1) VneR

n b b

Wi (@)Epn [ logy (14 —tnD0m O 2

d,m D oo PeMhe,m(D+N2

Yy (D)o, (D) I (B en(z1,m2,23) (1) Vn e S,

Tn WTEhg m (

npn ’

Pd"d,m

logs | 1+ =<—""""—
2 chpchc,m+N§
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for communication with the physical space entities. All of the
aforementioned resources are limited. Therefore, the number of
physical space entities associated with the meta space should be
within the limit.

Z Z Zy(n—wn)(t) < y%AX’vm €M,

neAneR nes

(12)

where yMAX denotes the maximum threshold of physical space

entities that can be served by the meta space m. On the other
hand, there is a limited availability of transmit power. Therefore,
the transmit power should be within limits:

¢min S d)n(t) S ¢mamvn € N,

where @min and ¢m.x are the lower and maximum limit of
transmit power a certain entity can take. Meanwhile, there are
limitations on the availability of transmit power for all the
metaverse entities as indicated by the following constraint.

13)

N
dn(t) < dmax, (14)
1

n=

where ¢ypax denotes the maximum transmit power that can
be allocated to all devices. It is desirable to have such kind
of constraint due to the fact that in every system we have
energy limitations. Therefore, we must have a constraint to put
limitations on the overall assignment of transmit power to all
devices. On the other hand, in the metaverse, we need both QoS
and QoE metrics. Therefore, in the next section, we present both
QoE and QoS constraints.

D. QoFE and QoS Constraints

In the case of the metaverse, the nature of traffic/data is
generally different and involves mainly visual data for various
applications. For instance, if we consider an AR/VR headset,
then there is a need for immersive transmission (i.e., data,
visuals, audio, and interactive experiences) from end-devices
to the meta spaces deployed at edge servers. For such kind of
immersive transmission, there is a need for novel performance
metrics. Therefore, we should take care of traditional QoS
metrics in addition to QoE metrics.

For QoS, we can apply various metrics, i.e., latency and
reliability. On the other hand, we should also consider the user
experience in terms of QoE metrics. First, we write a QoS metric
in terms of reliability as follows:

N
Pr Z Cn S gnx7’n S eMAX7

n=1
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VneN e {AUSUR}. (15)

Note here that the value of the product, i.e., &£, 7,, determines
the reliability of communication in the metaverse. A small value
will lead to higher reliability and vice versa. However, it is
very hard to meet a very high reliability. To meet a very high
reliability, we will need better communication conditions and
more communication resources. Meanwhile, communication
resources are limited, and the channel has uncertainties as well.
Therefore, we should make a trade-off between reliability and
communication cost. Similar to (15), we can write the QoS in
terms of latency as:

N
af Pr Z C" < gnj’ﬂ + (1 - O[) ‘gzrlans < Ena

n=1

Vne N, N e {AUSUR}. (16)

where =,, denotes the maximum threshold beyond which the
summation of latency and reliability term should not exceed. In
(16), a is a constant that scales between reliability and latency
while computing the QoS constraint. For instance, for some
applications (e.g., telemedicine and pharmaceutical company
production), we need more reliability compared to latency.
In contrast, some applications (e.g., AR/VR and live video
streaming) give more priority to latency compared to reliability.
Therefore, one can scale the proportion of latency and reliability
while computing the QoS constraint in (16).

In a typical metaverse-based system, we want our commu-
nication to fulfill the QoE constraints in addition to QoS con-
straints. For our case, we consider immersive experience and
packet error rate as follows:

1

I o, Py )
by m

B +

1—exp<

Packet error rate

N
(I—B)ZTnln (g@ ) >, Yne N € {SURY},

n=1

Subjective feeling

7)

N . . .
where > ., Thin( f’, ) denotes the immersive experience
term. We want to maximize the immersive experience term for
a better realization of a physical world using virtual experience.

In contrast, we want to minimize the packet error rate, i.e.,

(14+0,)y "™ () on (HUa (£) P

%Zrlans(y7 T’ ¢) =

¢ R () ’ Vn € A7
n(t .
T"Wj(t)Eh,g log, | 1+ n(Ohg m ;
o Zc&cl”c(t)hrc‘nz(t)ﬁ—No
y(‘n,*}m) (t)on (t)UT(t)(j)n vn c R
n s ,
T W; (O)Epn logsy | 1+ P (Dhg m (1) ; ®)
dm chc pe(t)he,m (£)+N2
y =) ()0, () o Lt () en(x1,22,23) ()
Ynes
)

Tn Wr]Eh,'{’il m <

npn )

Pad,m

lo, 14 ="
2 > o Pehe,m+N2

ceC
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_ T prys2
(1 — exp ( ﬁ(zy;?2/fypy+ ))) [21]. Both packet error rate

and immersive experience terms are conflicting. Therefore, we

use the term

1 . .
- in (17). ¥, is the

70(21’46)’7‘ Pyt

énhT

n,m

1—exp

threshold such that the scaled summation of the packet error rate
term and the immersive experience term should be more than or
equal toit. T}, denotes the n*" metaverse user attention for the en-
vironment. The immersive experience engages the user’s senses
and attention to enable a better feeling of virtual worlds similar
to that of the physical world. The time of attention determines
the importance of that object. Specifically, we can use AR/VR
devices to create immersive experiences in a metaverse. In the
case of rendering sources (AR/VR headsets), more attention is
given to the objects when we stare more and vice versa. In (17),
we want to maximize the QoE for a better realization of the
virtual world. Meanwhile, the scaling constant 3 enables us to
scale between the immersive experience and the packet error
rate. Next, we present our problem formulation.

E. Problem Formulation

In this section, we write a cost function that will consider both
latency and energy. Meanwhile, we consider both QoE and QoS
constraints. First, we write an expression for the overall meta-
verse latency, i.e., transmission latency for service-requesting
devices, learning devices, sensing units, and local computing
latency for learning devices.

gOverall(yv T, ¢)a F"“) =

R A
§ : T § : a
‘etrans + gtrans
r=1 a=1
Trans. latency for learning devices and requesting users

+ <// giransf(xlax%xiﬁ’) dzq dxs d$3>
14

Trans. latency for sensing

+ Z é?ocal + // ngocalf(xl?x%m?)) dml de d$37

ne(AUR)

Local computing latency

(18)

where f(z1,22,23) is a distribution function for metaverse
sensors in the physical space. As we consider the distribution
of sensors in a continuous fashion similar to other works [19],
therefore, we use the distribution function to model the sensors
while computing latency in (18). Furthermore, the learning
latency at end-devices is also important for distributed train-
ing of meta space models. Therefore, we consider the local
computing latency of learning devices, sensing latency, and
service requesting devices latency while computing latency cost
in (18). Similar to (18), one can write the energy cost in terms
of sensing transmission energy, learning transmission energy,
service-requesting transmission energy, and local meta space
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model computing energy, as follows.

R A
§ T § : a
Hirans + Xirans
r=1 a=1

Trans. energy for learning devices and requesting users

-+ (/// %fransf(l'l,xz,l'g) dl’l dl’g d1'3>
\4

Trans. energy for sensing

+ Z lei)cal + ///V Xfocalf(x17x25x3) dml d$2 dﬂfg .

ne(AUR)

XOVerall(ya T, P, K) =

Local computing energy

19)

Similar to (18), we also consider the continuous distribution
of sensors and thus we use the distribution function while
computing the sensing transmission energy. Now, we write the
total cost that considers both energy and latency as follows.

C(y7 T, P, H) = L£Overall(y; T, P, K’)

+ (1 - L)XOverall(ya T, 9, K’)v (20)
where ¢ € (0,1) is a scaling constant that scales the proportion
of the latency and energy in computing the cost for the proposed
system. Our aim is to minimize the cost of task offloading in the
metaverse while fulfilling the QoS and QoE constraints. Now,
we formulate a problem to minimize the cost as follows.

P : minimize C(y, T, ®, K)

Y, 7,0,k
subject to:

(3) = (5,9 — (14),(16),(17). ey

The formulated problem P is a MINLP and non-convex. Con-
straint (3) sets a limit on the maximum local computing resources
for all learning devices. Constraint (4) sets the upper and lower
limits of the computing resources of the end devices. Constraint
(5) restricts local computing and transmission latency should
not exceed the maximum limit. Constraint (9) sets limitations
on the minimum and maximum limit of time interval allocations
for TDMA. Another constraint (10) sets a limit on the maximum
time allocation for all entities. Constraint (11) is about the task
offloading for a physical space entity with a single meta space.
Constraint (12) is about the maximum limit of physical space
entities connected with the meta spaces. Constraint (13) refers to
the maximum and lower limits of the transmit power. Constraint
(14) is about the maximum limit of the transmit power assigned
to all devices. Constraint (16) ensures the QoS in terms of latency
and reliability. Constraint (17) ensures QoE for metaverse task
offloading. Solving P is very difficult to solve due to the presence
of a probabilistic constraint (i.e., reliability) in computing QoS.
Additionally, the problem is non-convex and has both binary and
continuous variables. Therefore, we will propose a solution that
is based on decomposition in the next section.
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III. BSUM, CONVEX OPTIMIZATION, AND DUELING
DDQN-ENABLED SOLUTION

In this section, we present our proposed solution. The for-
mulated problem P is a non-convex problem. Furthermore, it is
hard to solve due to its MINLP nature as well as the probabilistic
constraint, i.e., constraint (15). Therefore, there is a need to
transform this probabilistic constraint into a linear constraint.

N
Pr KZ <n> < Enn
n=1

vneN e {AUSUR}.

< Omax

(22)

In (22), there is a need for simplifying the probabilistic con-
straint, Pr[(zgzl Cn) < EnTn] < Omax into a linear con-
straint. First, we compute the complementary event, i.e.,
Pr[(XN ¢o) > €., as follows:

N N
Pr KZ <n> > Snjn] =1-Pr [(Z 4n> < &@11 .
n=1 n=1 (23)

Using the fact in (23), one can write (22) as.

N
Pr KZ <n> > é’njn] >1— Oy

n=1

(24)

Using Markov inequality and expectation, one can write:

al N
Pr(Z Cn < 577,\.771) = Pr(é‘njn > ch> < g:[injz]
n=1 SN
25)

n=1 n=1

To enforce Pr[(zgzl Cn) < E,Tn] < Opax holds, one can
write as:
E[&,T,]
S Ca

Rearranging, we can write the probabilistic constraint into a
linear form as:

< ONax- (26)

N

Z > i ndn] 7)
n=1 OMax
Now, one can write the constraint (22) as:
N

El&.Tn
= (gnj] VneN e {AUSUR}).  (28)

ne1 MAX

We will use the linear constraint of (28) in our problem solution.
From now on, for QoS, we will consider the linear form of the
simplified reliability constraint (28) and the transmission latency
constraint, separately. If we look at the problem, it is still hard
to solve due to the presence of many variables, i.e., continuous
and binary variables. Therefore, we use a decomposition-based
scheme, as shown in Fig. 2. First, we solve the local computing
power allocation problem.
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A. Local Computing Resource Allocation

In our system, the set of learning devices learn local models
and then share them with the meta space. Furthermore, other
devices also perform local tasks. All the devices use local com-
puting resources which are limited in nature and thus, we need
to allocate them wisely. The local computing resource allocation
problem can be written as:

P-C: miniénize C(r) (29)
subject to:
Fmin < Kn < Kmax, V2 € {AUR € S}, (29a)
DN kn < kmaxs (29b)

neAneR nesS
(U car + Corans) < zn,¥n € {AURUS}. (29¢)

Problem P-C is a convex optimization problem whose convexity
can be proved by checking the objective function as well as
constraints. If we take the twice derivative of the objective
function, i.e., C(k) in (29). The value of twice derivative of
the cost for learning devices, service-requesting devices, and
sensing units are greater than or equal to zero. Meanwhile, the
constraints are linear inequality constraints. Therefore, we can
say that the problem P-C is a convex optimization problem and
one can use a convex optimizer (e.g., CVX optimizer in python)
for its solution. Next, we consider the transmit power allocation
problem.

B. Transmit Power Allocation Using BSUM

In this section, we keep task offloading and resource allocation
fixed and then write the expression for transmit power allocation.
For transmit power allocation, one can write the problem as:

P-¢: mini(zr’nize C(o) (30)
subject to:
Dmin < (/bn(t) < ¢maXavn S N7 (30a)

( ﬁ)cal + e?rans) < Znavn € {-AU RU 8}7 (30b)

E[£,Tx]
Cn = T, (30¢)
Z @MAX
Ulns < Apy VR €N € {AUSURY, (30d)
8 1
—9 h Pr 0.2
]. — exp ( (Zy;i’ﬁ%ymy ))
ZTIn(C >>\1/m (30e)
N
> n(t) < Ouax. (30f)
n=1

Problem P-¢ has a non-convex nature and has a continuous
power allocation variable, i.e., ¢. Therefore, one can not use
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P — 7 : minimize C(T)
subject to:
Toin < Tn < Tanax, V1 € {AURUS), (36a)
(ZTG+ZT,+ZT,,) < Thax, (36h)
s=1

(Elocat + Livans) < 20,0 € {AURUS}, (36c)

N

ch > E[‘E e "] (36d)
( ms) < Am Vn eN (36¢) #

1
ﬁ 2
1—exp (_d(z ;ff.;ip‘”” })
N C
+(1-8)3 T ( ")2‘1:,,. (36f)
( )v;l " Cmin
CVX for time allocation

P—o: mingnize Clo)
subject to:
Pumin < Pn(t) < dmax, Y €N, (30a)
(eloc'ui + ’é‘trans) < Zn: Vn € {-A URU 5}- (30h)
}:Q, e (300)
f;m <Aq, ¥n eNe {AUSUR}, (304d)
5 R
1 —exp (_ﬂ(z ;:h:: e ))
S ¢
+(1- Tl LI 30e
( ﬂ)nzzl "(cm-n)- (30e)
N
Z%(t) < Omax- (30f)
n=1
BSUM for transmit power allocation

Meta spacels deployed at the
network edge

Action

State

Physical space data
of the offloaded task

Meta space leared global models and out

oo _—
Sensing unit(eg.,

A f
" End learning
~wegther sensorsy

Physical space

Environement

Fig. 2. Proposed solution approach.

convex optimization. To solve problem P-¢, we use BSUM that
is based on the addition of a proximal term of the objective
function, i.e., C(¢) [22], [23]. Instead of minimizing C(¢), we
will minimize the Cgsum (). We discuss here the preliminaries
for BSUM as follows.

In,jn 9(717727"'77J)a

st. vyely,vjeJ,j=1,23,...,J. 31
where I'j :=T'y x I'y x ...,T';. Furthermore, ¢(-) is contin-
uous in nature. «y; denotes the block of variables. T'; is a
closed convex set. To solve a block of variables, we can use

block-coordinated descent (BCD) [24], [25].

Ft € argmin g(’)’]a 'Yt 1)7
vi€l;

(32)

Dueling DDQN loss

Target network

Online network

value

{ LK |
[ Lk | Q-value

" Cadvantage

value

el o
=)
T3S
88 Qualue

Advantage

L —
Replay memory

Dueling DDQN for task-offloading

Experience

where = ({7 L) =
for j # k. Solving the power allocation problem using BCD is
very challenging due to the non-convex nature of the problem.
In contrast to BCD, which is based on minimizing the objective
function, BSUM uses the minimization of the upper-bound
function b(7y,,A) of g(v,,A_;). Note here that the reason for
adding a proximal term is to make the non-convex objective
function convex. To do so, different upper-bound functions (e.g.,
Jensen’s upper-bound and quadratic upper-bound) can be used.
‘We use a quadratic upper-bound function. For applying BSUM,
we make the following assumptions:

Assumptions:

2)b(vj,X) > g(vj,A—),

V(55X 45) 1,22, = V(A 9), 45 + g5 € T
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The upper-bound nature of b is ensured by the assumptions
(1) and (2). The upper-bound function steps in BSUM are in the
direction of ¢ and negative of the objective function’s gradient.
On the other hand, for a penalty, we use a quadratic one as
follows:

b(vj,A) = g(vj.A—5) + M2 G3)
In (33), 1 > 0 denotes the positive scaling term. Furthermore,
the upper-bound function can be solved as follows.

'y € mm b(’y]7 “HvieJ,
1,Vk¢j.

In atypical BSUM, successive updating of blocks of variables
is performed with the aim of minimizing the upper-bound func-
tion. A variables block should reach a minimal point in BSUM,

ie., vy = 72“ For BSUM, we can write our problem as:

-
2 J

(34)
’7_7 -

in C , 35
min Bsum(®) (35)
where Cgsum (¢) is the upper-bound function of the cost function
C. Meanwhile, the feasible set can be written as:

N
¢ é {(ZS : (bmin S d)n S ¢7naw,vn S N7 Z ¢n S ¢MAX7
n=1

(Z = ONiax

m) (fgdns) S An?vn € N’

1

—19(z:y@/7 hy PT+0'2)>
bnhl m

B

1—exp<

ZTln(C )>x1/n}

In our problem, we are solving only transmit power allocation
using BSUM. Therefore, one can solve (35) while using the
aforementioned feasible set.

C. Wireless Resource Optimization

In this section, we keep the task offloading variable and
transmit power allocation variables fixed and then, write the
TDMA time interval optimization sub-problem as follows:

P — 7: minimize C(7) (36)
T
subject to:
Tmin < Tn < Timax, V0 € {AUR U S}, (36a)
A R s
(Z Tat D Tt Y rs> < TMAX, (36b)
a=1 r=1 s=1

(Elocal + g?rans) < Zns Vn € {A URU S}, (360)

ch_

E[£,Tn]

nend (36d)
G)MAX
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Algorithm 1. Dueling DDQN for Task Offloading in
Metaverse.

1: Initialize target replacement frequency N, DDQN
network parameters 6, and replay memory D.

2: Online network initialization @Q,,(g, z,,; 6) with weights
0.

3: Target network initialization Q,, (¢, z,; 0~) with
weights 6~ = 6.

4: for each episode e = 1to EP do

5: Initialize network state g through message passing.

6: foreachstept =1to 7 do

7:  e-greedy policy from Q,, (g, z»; 0) is used by every

metaverse entity to select an action z,, at state g.

8:  Animmediate reward u;(g, z;) is obtained using
selected action z;.
9: Every metaverse entity obtains next network state ¢’

by message passing and makes g < ¢'.

10:  The transition (g, zn, (g, 2n), g’) in D is stored by
all metaverse entities.

11: From D, every metaverse entity randomly samples
mini-batch of transitions (g, zn, un (g, 21), 9').

12: Eq. (48) is used by every metaverse entity to set
target yPPN with dueling.

13: Each metaverse entity performs a gradient descent
step to minimize the loss function.

14: if t mod N~ = 0 then

15: The target parameters 6~ <— 6 by every metaverse
entity.

16: end if

17:  end for

18: end for

(Egans) < Anv VneN (36e)
1
p —O(S ey, hy Py+a?)
1—exp ( P )
ZTln<< >>qf (36f)

In problem P-7, constraint (36a) denotes the upper and lower
limit of the time interval. Constraint (36b) limits the total
time intervals allocated to all entities to not exceed the overall
time interval. Constraint (36¢) limits the maximum latency in
communication. Constraints (36d) and (36e) fulfill the QoS in
terms of reliability and latency. Finally, constraint (36f) ensures
the QoE in terms of PER and immersive experience. Problem
P-7 is a convex optimization problem whose complexity can be
proved by checking the objective function as well as constraints.
Take the second derivative of the objective function, i.e., C(T)
in (36). The value of twice derivative of the cost for learning
devices, service-requesting devices, and sensing units are greater
than or equal to zero. Meanwhile, the constraints are linear
inequality constraints. Therefore, we can say that the problem
P-7 is a convex optimization problem and one can use a convex
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optimizer (e.g., CVX optimizer in python) for its solution. Next,
we consider task-offloading problem.

D. Task Offloading Optimization Using MARL

In this section, for a fixed transmit power allocation and
time interval allocation, we consider task offloading problem
P — y (i.e., cost function of (20) along with constraints (5),
(11), (12), linear form of (16), and (17)). Problem P — y has a
combinatorial, non-convex nature. This makes it very difficult to
solve it. Therefore, similar to other works [26], [27], [28], [29],
we consider a MARL scheme. Maximizing the long-term reward
is MARL’s aim. The objective of problem P-y is to minimize
the cost function. The goal of MARL, on the other hand, is to
maximize the long-term reward. The reward function is thus
expressed as R,, = % The total of the immediate rewards from
several devices is the long-term reward in MARL.

T-1
A=) 7'An(t) 37
t=0

where the discount rate, 7%, indicates the weight of the future
reward. We are clearly only taking into account a present benefit,
with no consideration of future gains, for v* = 0. Regarding
'yt < 1, it is clear that future rewards are less significant than
pastrewards for calculating the long-term reward, and vice versa.
Before applying MARL, it should be formulated as a stochastic
game. The goal of our system is to optimize task offloading so
that all users can maximize their long-term reward. At a given
time, ¢, the reward is based on the agent’s current state as well as
the states of other agents. The following is a possible formulation
for the stochastic game (N, G, Z, P, A) [30]).

e N is the set of N metaverse physical space entities.

e ( is the state space.

e Z, isentity n action. The action vector for task offloading

is given by 7= (21,22, 23, s 2N) T € X 2.

e P is the state transition probability.

e A, denotes the immediate reward of entity 7.

In our system, we use MARL for task offloading only. There-
fore, one can write the action space as:

zn(t) ={y" " (1)} (38)

Where y"~™(t) € {0,1}, and y" "™ (t) belongs to the set
{y™0(t), y" 1 (1), ...,y M =D (1)}, In our solution, the to-
tal number of states is M. The actions of other devices
are represented by Z—n at a specific time ¢ for a given
device n. The set of these actions is given by Z—n(t) =
20(t), ..y 2n-1(t), 2n41(t), ..., 2n—1(t). The immediate re-
ward of each device n, denoted as A,,(g, Zn, Z—n), depends
on the actions of other devices Z—n as well as its own action
Zn at a given time ¢t. Moreover, Nash Equilibrium (NE) can be
used to determine whether the stochastic game is stable. The
following conditions are established to reach a NE.

An(gv Z:;a Zin) > An(g7 Zn; Zin), vzn € Zn~ (39)

We use a finite state Markov decision process (MDP) to model
our stochastic game. The device reward is determined by the
states of other devices and its current state. This shows that our
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TABLE I
SUMMARY OF THE KEY NOTATIONS

Notation Description
General notations

N Set of all metaverse entities

S Set of sensing entities

A Set of learning devices

R Set of service-requesting devices

By Computing task of nt" metaverse entity

Kn Operating frequency of nt” metaverse en-
tity

Xlocal Local computation energy of n*" metaverse
entity

Cn Throughput of nt” metaverse entity

bn Transmit power n'" metaverse entity

n(z1,x2,3) Unit volumetric density located at x1, x2,
and 3

M Set of meta spaces at the network edge

Tn Time interval allocated to metaverse entity
n for communication

In Sensing interval of n" sensing entity

y(n—m) Task offloading variable for nt”* metaverse
entity

Llans Transmission latency of n'” metaverse en-
tity

Xtrans Transmission energy of n'* metaverse en-
tity

En Threshold for the QoS constraint

v, Threshold for the QoE constraint

L Scaling constant for cost function

B Scaling constant for QoE constraint
Notations used in MARL

yANS Reward of entity n

g States space

Zn Action of entity n

P State transition probability

Vi Value function

6 Learning rate

¥ Discount rate

process complies with the Markov property. (N, G, Z,P, A) in
our system define MDP. There are two ways to design a reward
function. Selecting the throughput is one approach, whereas
considering the cost function’s reciprocal is another approach.
As with many reinforcement learning works, the % can be
used as a reward. Our goal is to learn a policy 7, : G — 2,
in a typical stochastic environment. This 7, : G — Z,, policy
aims to maximize agents long-term rewards. Devices in MARL
communicate with each other by sending messages over direct
wireless links or backhaul communication links. The optimal
policy 7} is obtained by maximizing the value-state function
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TABLE II
SIMULATION PARAMETERS

Parameter Value

Channel bandwidth 180 kHz

Transmit power range 30dBm - 50 dBm
Noise —174dBm/Hz
Learning rate 0.01, 0.001, 0.0001
Agents 50, 150, 200
Maximum exploration rate 0.9

Minimum exploration rate 0.0

Steps within episode 20

Discount factor 0.9

Target network update fre- 50

quency

Activation function ReLU
Optimizer RMSprop
Replay memory size 500

Mini batch size 8
e-greedy increment 0.003

Vi(g,m;, m—;) of each metaverse entity in each state:

Vo9, Tn, m—p)
=E i: rytAn(g(t)aWn(t)vﬂfn(t)) ‘ 9(0) = g] ) (40)
t=0

where the joint policies m,, and 7_,, yield a set of trajectories.
[E denotes the expectation operator. The other agents’ strategies
than n are indicated by w_,, = (71, T2, .., Tp—1, Tnt1s .- TN)-
Given the Markov property, the value function is as follows:

Vn(g, Ty 7T—n) = Unp (g, Tn, 77—71)

+ ’y Z ng’(’”n» W—n)vn(g/; Ty 7T7n),

g'eg

(41)

where  uy, (g¢, T, m—p) = E[A, (g, T, m—p)] and Py (mp,
m_y) is the state transition probability. If NE exists for 7,,, then
the following requirement should be satisfied:

Valg, 7, m) = Vilg, T, m2,), VgEG.  (42)

There is a NE for mixed-strategy equilibrium-based finite
games that satisfies the subsequent Bellman optimality:

V': (9, Tns W—n)

= gleazx_ [un (97 Zny 7Tin) +7 Z PQQ’(va 7rin)
i K gleg
Valg'sm, o) (43)

We can use Q-learning to solve the aforementioned MDP.

Q;(gv Zn) = uﬂ(g7 vaﬂin)

7501

+,yZng/(zn77rin)vn<g/7ﬂ-:wﬂ-in)v (44)
g'eg
where V,,(¢/, 75, 7 ,,) = max, ez, QF (g, z,). Rewrite (43) in
the following way:

Qn(ga Zn, 77771) = un(97 Zny ﬂin) +7 Z
g9'€eg

Pog (2n,7",,) max Q(g', 2,)- (45)

ZnSen

It is difficult to get the information regarding the transition
probability, i.e., Py, To address this challenge, the Q-value
function Q} (g, z,,) is calculated as follows:

Qn(gv Zn) = Qn(ga Zn) + 5{“%(97 Zn, an)
9 max Quld'.4) — Qulo. )b

n

(46)

where the § symbol for the learning rate helps determine the
@ value. Carefully selecting the value of § is necessary for
rapid convergence. Additionally, a trade-off needs to be con-
sidered when selecting an activity. This work uses ¢ greedy
technique. The chance of selecting the action with the largest
reward is 1 — ¢, while the likelihood of selecting the random
action is e. The aforementioned Q-learning method is more
appropriate for small state and action spaces. Q-learning does
not work well in large action spaces. One solution to this
problem is to use Deep Q-network (DQN). Two neural net-
works, i.e., the target network and the online network, are the
foundation of DQN. The training procedure involves regular
updates to an online network. The online network may become
unstable as a result of such frequent updates. DQN employs
a target network that is updated less frequently to increase
stability. The Q-network is updated using the loss function as
follows.

L,(0) = Eg,zmuﬂ(g,zn),g’[(yr?QN —Qn(g,2n; 0))2]7
N

(47)

where yPON =, (g, 2,) + ymax. cz, Qn(g'2,;07). The
weights of the target network are indicated by #~. Using the
online network @, (g, z,;0), an action z, is chosen. Regular
updates are made to the online network’s weights. Performance
instability could be the result of the weights being updated
so frequently. The target network can be updated on a regular
basis to address this and increase stability. In order to achieve
better results and faster convergence, previous values are also
used in the computation in addition to current data. However,
overestimation bias is a challenging issue in DQN. The idea of
double DQN (DDQN) can be used to address this challenge.
DDQN is based on the following.

Yy PN = un(g, 2n) +7Qn <n’, max Qn(g'z,;0); 9> :
(48)
DDQN uses the target network and the online network to get
the value Q, (g, zn;0). The yPPRN is then calculated using
the current reward and the discount factor. Despite the potential
for performance improvement, DDQN may suffer from stability
issues. The summary of the proposed solution scheme is given in
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Fig. 2. Even though DDQN produces better results, the concept
of dueling (i.e., summary is given in Algorithm I) can be used to
further enhance DDQN performance [30]. The last layer of the
DDQN network can be divided into two networks in order to pro-
duce the advantage function and value function. The Q-value is
calculated using the value and advantage functions. On the other
hand, replay memory is used to store the previous experience in
a tuple, which contains the current state, action, next state, and
reward. The purpose of replay memory is to improve learning
efficiency and to further stabilize the performance of MARL.

E. Complexity Analysis

In this section, we analyze the complexity of the proposed
solution. For local computing resource allocation, we use a
convex optimizer whose complexity depends mainly on the
number of iterations of the CVX optimizer. Generally, CVX opti-
mizer converges fast within a few iterations and thus optimizing
local computing resources using CVX optimizer will have a
reasonable complexity [31]. On the other hand, we analyze the
time interval allocation, task offloading, and transmit power
allocation. For time interval allocation, we use a CVX optimizer
which has a low complexity as we already discussed. For trans-
mit power allocation, we use BSUM whose complexity can be
given by the maximum number of iterations, i.e., O(log(1/¢)). It
is evident that BSUM has a reasonable complexity. Now, finally,
we discuss the complexity of DDQN with dueling. In DDQN
with dueling, we have two networks: (a) target network and (b)
online network. Complexity in DDQN mainly depends on the
neural network complexity which in turn is determined by the
number of hidden layers, inputs, and outputs. Therefore, overall
we can say that DDQN with dueling has a reasonable complexity.
Overall, our proposed scheme has a reasonable complexity.
Next, we extensively study the performance of the proposed
scheme.

IV. PERFORMANCE EVALUATIONS
A. Simulation Settings

In our simulation settings, we randomly generate metaverse
physical space entities. Moreover, the locations of edge meta
spaces are kept fixed during a certain run. For computing cost,
we consider an average of many runs (e.g., 30). The transmit
power range is considered between 30 dBm and 50 dBm.
Moreover, a free space path loss model is considered. The value
of noise power density considered is —174 dBm/Hz [32]. For
analysis, we use learning rates of 0.01, 0.001, and 0.0001. For
the DDQN agent, we consider a neural network that consists
of nn.Linear(64,32) and nn.Linear(32, Num. of BSs *
Resource blocks), i.e., input layer, two hidden layers, and an
output layer [30]. On the other hand, for dueling DDQN, there
is a need for splitting the last layer into two parts, i.e., value
function and advantage function. Later, the value function and
advantage function are used to compute the () value. Further-
more, for a fair comparison, we consider the following baselines
and proposed scheme:
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® DDQN: In this case, DDQN is used for task offloading,
whereas equal time interval and equal transmit power
allocation are considered.

® DDON+CVX(T): In this case, DDQN and CVX optimizer
are used for task offloading and time interval allocation.
Furthermore, equal transmit power allocation is used.

® DDON+CVX(1)+BSUM(¢): Inthis case, DDQN and CVX
optimizer are used for task offloading and time interval
allocation. Furthermore, BSUM is used for transmit power
allocation.

® Dueling DDON+CVX(T1)+BSUM(¢): In this case, dueling
DDQN and CVX optimizer are used for task offloading
and time interval allocation. Furthermore, BSUM is used
for transmit power allocation.

® FEqual time interval: In this case, equal time intervals are
considered for communication of all metaverse entities.

® FEqual transmit power allocation: In this case, equal
transmit power allocation is considered for all metaverse
entities.

B. Simulation Results

Now, we present extensive simulation results. We study the
effect of CVX optimization and BSUM on time interval al-
location and transmit power allocation, respectively. Fig. 3(a)
shows the cumulative reward vs. episodes using 20 time steps
for DDQN and DDQN+CVX(7). It is evident from Fig. 3(a)
that DDQN+CVX(7) outperforms DDQN. Using equal time
intervals in the case of DDQN will not enable the DDQN
network to perform well. Meanwhile, for DDQN+CVX(7), it
is evident that CVX-based time interval allocation causes the
DDQN to get higher rewards. This shows that our proposal
of combining CVX optimizer-based time interval allocation
with DDQN can be used for other wireless network problems
that uses TDMA along with other tasks (e.g., transmit power
allocation). In Fig. 3(a), DDQN-based task offloading along with
CVX optimizer for time interval allocation is considered, which
shows a reasonable performance in terms of reward. However,
the DDQN might not be able to capture the network dynamics
and thus might have a loss in reward during training of the
DDQN. To address this challenge, dueling can be one of the
promising solutions that is based on partitioning the last layer of
the agent neural network into two parts, i.e., value function and
advantage function, to compute the Q-value. This will enable
the DDQN to more effectively counter the network dynam-
ics and thus more improved performance. We plot the reward
vs. episodes using 20 steps for dueling DDQN and dueling
DDQN+CVX(7) in Fig. 3(b). Fig. 3(b) clearly illustrates that
dueling improves performance. Meanwhile, similar to Fig. 3(a),
Fig. 3(b) also confirms the importance of using CVX optimizer
for time interval allocation. For dueling DDQN+CVX(7), the
convergence is fast compared to dueling DDQN using equal
time interval allocation. Moreover, the reward is high for dueling
DDQN+CVX(7) compared to dueling DDQN. Both Fig. 3(a)
and (b) show that CVX optimizer-based time interval allocation
is beneficial for both DDQN and dueling DDQN. This suggests
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learning rate = 0.001 and 20 steps.

the promising use of CVX optimizer-based time interval alloca-
tion with other reinforcement learning schemes. Now, we study
the effect of CVX optimizer-based time interval allocation on
the cost. Fig. 3(c) illustrates average cost vs. agents for both
CVX optimizer-based time interval allocation and equal time
interval allocation. For various numbers of agents, it is evident
that CVX optimizer-based time interval allocation significantly
improves the performance. This trend of performance in Fig. 3(c)
shows the importance of CVX optimization-based time interval
allocation. Fig. 4(a) shows the cost vs. meta spaces for both CVX
optimizer-based time interval allocation and equal time interval
allocation for TDMA. Similar to Fig. 3(c), Fig. 4(a) confirms
the order of performance and reveals the importance of CVX
optimizer in allocating time intervals for TDMA.

On the other hand, Fig. 4(b) and (c) show the effect of BSUM-
based power allocation on the performance of both DDQN
and dueling DDQN. For both DDQN and dueling DDQN,
BSUM(¢) significantly improves the performance compared
to equal transmit power allocation. If we consider Fig. 4(b),
it is evident that BSUM(¢) based power allocation results
in significant performance improvement compared to equal
power allocation. For DDQN+BSUM(¢), the performance is
better compared to DDQN alone. The cumulative reward is

high for DDQN+BSUM(¢) compared to DDQN with equal
transmit power allocation. Similar to Fig. 4(b), Fig. 4(c) also
confirms the order of performance for dueling DDQN+
BSUM(¢) and dueling DDQN. Now, we study the effect of
BSUM(¢) on the performance of cost for different settings in
Fig. 5(a) and (b). It is evident from both Fig. 5(a) and (b)
that the proposed scheme using BSUM for power allocation
results in less cost for various numbers of agents and meta
spaces compared to equal transmit power allocation. Although
BSUM is based on proximal upper bound minimization func-
tion, it still outperforms the equal transmit power allocation.
This shows the importance of BSUM for solving non-convex
optimization problems. Meanwhile, the complexity of BSUM
is reasonable, which makes it more attractive for use in solv-
ing non-convex problems. On the other hand, Fig. 6(a), (b),
and (c) evaluate the performance of various schemes using
different learning rates of 0.01, 0.001, and 0.0001. For all
the learning rates, the performance of all proposed schemes
shows a reasonable performance in terms of reward, which
shows their stable nature. Among various learning rates, the
reward is highest for the learning rate 0.0001. For all three
Fig. 6(a), (b), and (c), the trend of performance is the same.
However, if we look carefully at Fig. 6(a), (b), and (c), the
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(a) Cumulative reward vs. episodes for DDQN and dueling DDQN+BSUM(¢)+CVX(7) using learning rate = 0.001 and 20 steps for 50 agents,

(b) cumulative reward vs. episodes for DDQN and dueling DDQN+BSUM(¢)+CVX(7) using learning rate = 0.001 and 20 steps for 150 agents, and
(c) cumulative reward vs. episodes for DDQN and dueling DDQN+BSUM(¢)+CVX(7) using learning rate = 0.001 and 20 steps for 200 agents.

reward is highest for the learning rate 0.0001 for dueling
DDQN+CVX(7)+BSUM(¢). On the other hand, we illustrate re-
ward vs. episodes for various numbers of agents in Fig. 7 to check
the scalability of our proposed solution. It is evident from Fig. 7
that the proposed solution outperforms the traditional DDQN
scheme for various numbers of agents. Meanwhile, for all cases,
the proposed scheme converges within a reasonable number
of episodes. This shows the scalable nature of the proposed
scheme.

Now, we compare the performance in terms of reward
vs. episodes for various baselines in Fig. 8(a). The
performance order in terms of reward from worst to best
is DDQN, dueling DDQN, DDQN+BSUM(¢), dueling
DDQN+BSUM(¢), DDQN+BSUM(¢)+CVX(7), and dueling
DDQN+BSUM(¢)+CVX(7). From Fig. 8(a), it is evident that
dueling significantly improves the performance of DDQN. The
reason for this improvement lies in the effective handling of
the dynamic nature of the network during the training of the
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Fig. 9.  Steps needed for all nodes to have cost less than or equal to the QoS

threshold (i.e., fulfill both latency and reliability) for various schemes.

agents. Other than dueling, CVX optimizer for time interval
optimization also improves the performance in the case of
both DDQN and dueling DDQN. Furthermore, BSUM also
improves the performance of both DDQN and dueling DDQN.
Therefore, we can conclude that the proposed scheme of
using dueling DDQN along with BSUM for transmit power
allocation and CVX optimizer for time interval optimization is
very effective and outperforms the traditional DDQN scheme.
Another Fig. 8(b) shows the cost vs. episodes for various
schemes. Similar to Fig. 8(a), it is evident that Fig. 8(b) also
follows the same trend of performance, but in terms of cost. The
lowest cost among DDQN, dueling DDQN, DDQN+BSUM(¢),
dueling DDQN+BSUM(¢), DDQN+BSUM(¢)+CVX(7),
and dueling DDQN+BSUM(¢)+CVX(7) is for dueling
DDQN+BSUM(¢)+CVX(7). This is because of the reason that
dueling DDQN+BSUM(¢)+CVX(7) considers optimization of
transmit power allocation, time interval allocation, and dueling.
On the other hand, Fig. 9 shows the number of steps needed
to fulfill QoS metric. Fig. 9 makes it clear that the proposed
scheme dueling DDQN+BSUM(¢)+CVX(71) typically needs
less number of steps within every episode to reach that QoS.
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(a) Cumulative reward vs. episodes for various baselines using 20 steps per episode and 20 agents and (b) cost vs. episodes for various baselines using 20

V. CONCLUSION

In this paper, we have considered a QoS and QoE aware task
offloading in the metaverse. For QoS, we consider both latency
and reliability, whereas for QoE, we consider packet error rate
and immersive experience. Our formulated problem considered
latency and energy while computing the cost function. The cost
function is minimized using local computing resource optimiza-
tion, task offloading optimization, time interval optimization,
and transmit power optimization. For time interval optimization,
we used CVX optimizer, which significantly helped in getting a
high reward. Moreover, it showed that we can extend CVX along
with DDQN for optimization problems. Other than time interval
optimization, we used BSUM for transmit power allocation,
which also showed a significant improvement in the performance
of DDQN. Meanwhile, dueling also improved the performance
of DDQN. Collectively, we concluded that CVX optimizer for
time interval allocation, BSUM for transmit power allocation,
dueling DDN for task offloading, and local computing resource
optimization using CVX optimizer significantly improved the
performance of task offloading in the metaverse. Furthermore,
we concluded that the use of standalone DDQN with dueling
might not result in very good performance for complex wireless
systems. Instead, if we add other blocks (e.g., convex optimizer
and BSUM), it will result in better performance.
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