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Abstract—With the recent development of the Metaverse, people
are more connected with each other. Avatars are used to represent
the people, to communicate with one another, and they can build the
community virtually. In these processes, a massive amount of data is
exchanged between the physical and the virtual world. However, the
existing communication technologies are insufficient to support the
Metaverse, and the energy consumption of the Metaverse is huge.
Therefore, semantic communication is one of the emerging commu-
nication paradigms to reduce the size of the data transmitted and
reduce energy consumption while maintaining its meaning. Virtual
service providers (VSPs) who provide services in the Metaverse can
purchase semantic data from the nearby edge sensing units by using
two subscription plans: reservation and on-demand. However, in
practice, the demand of the VSPs is uncertain due to the variability
of the Metaverse. To minimize the cost of the network and prevent
over- and under-subscription of the resources, we propose a two-
phase stochastic semantic resource allocation (SSRA) scheme. In
phase one, a double dutch auction performs a one-to-one matching
between VSPs and edge sensing units. The matching is dynamic
and depends on the quality of experience (QoE) from the Metaverse
users and the semantic data transmission cost from the edge sensing
units. The matching changes whenever QoE and the semantic data
transmission cost vary. In phase two, we consider the demand
uncertainty and matching result from the phase one to formulate
a distributed robust optimization (DRO) problem to minimize the
operation cost of the VSPs. Using a real-world dataset, simulation
results demonstrate that our proposed scheme is fully dynamic and
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minimizes the operation cost/energy consumption of VSPs in the
presence of stochastic uncertainties.

Index Terms—Metaverse, semantic communication, edge
intelligence, incentive mechanism, resource allocation.

I. INTRODUCTION

THE Metaverse is the next generation of the Internet that
allows users to experience the Internet of the future and

has the potential to transform the way we live, interact, and
learn [1]. It connects people around the world in the form of
avatars to allow them to interact virtually through the use of
virtual reality (VR)/augmented reality (AR)/mixed reality (MR)
gadgets. Empowered by digital twins, the Metaverse closely
synchronizes the virtual and physical world. For example, users
can operate a virtual mechanical arm in the Metaverse, which is
synchronized with the physical one located at a remote factory.
With the help of VR/AR/MR, a user guide can be referred to by
the user to operate the arm safely.

The Metaverse is expected to be built around seven key
technologies: 6 G communication systems, extended reality,
brain-computer interfaces, cloud/edge computing, blockchain,
digital twins, and artificial intelligence (AI) [2]. Out of those
emerging technologies, AI is the most important one in the
Metaverse puzzle because of its ability to enable the Metaverse to
scale. The AI-enabled Metaverse applications require a tremen-
dous amount of data to train machine learning models so that
the Metaverse applications can understand user inputs ranging
from text to images and even videos and respond appropriately
regardless of the user’s input languages. In the future, machine
learning models in the Metaverse will eventually be used to
generate 3D images, animations, speech, and support blockchain
technologies that allow for virtual transactions. However, the
current Metaverse face with certain limitations, i) the Metaverse
facilities require incredible amounts of energy, i.e., data centers
rely on AI and cloud services to store information [3]. ii) The
current 5 G communication system is insufficient to support the
Metaverse, where millions or billions of devices are connected
in the intersection between the virtual and physical world [4].
Given that current technologies are approaching the Shannon
limit, traditional transmission methods are increasingly inad-
equate for meeting the rapidly growing and diversifying data
traffic demands [5], [6].

In response, semantic communication enabled 6 G future
communication systems may contribute to the development of
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the sustainable Metaverse. In contrast to existing communica-
tion technologies, transmission in semantic communication is
deemed effective if the received information maintains the same
meaning as the transmitted information [7]. For instance, when a
user requests an image, semantic communication systems reduce
the transmitted data and transmit only the region in which the
user is interested. As a result, the Metaverse energy consumption
is reduced by reducing the transmitted data size.

In this paper, we propose a case study on the development of
a virtual transportation network in the Metaverse that utilizes
self-collected real-world data from selected streets in Singa-
pore [8]. We consider a virtual service provider (VSP) that
is an entity that offers a virtual service within the Metaverse.
Using data from the physical domain, such as weather conditions
or images of geographical landmarks and vehicles, the VSP
can develop the Metaverse with the objective to provide users
with immersive experiences, such as for realistic test driving
of vehicles or the safe training of autonomous vehicles subject
to practical constraints. Typically, data captured from physical
domains can be traded on data markets or retrieved via crowd-
sensing [9]. Specifically, devices at the network’s periphery
may sell semantic data after it is collected and processed from
the geographic regions in which they are deployed. The VSPs
can purchase the semantic data transmissions from the edge
sensing units by using two semantic data subscription plans,
i.e., the reservation and on-demand plans [10]. The reservation
plan is the long-term plan to purchase the semantic data that
has been previously collected, processed, and stored by edge
sensing units. On the other hand, the on-demand plan is an
ad-hoc plan triggered whenever the VSPs require additional
semantic data from the edge sensing units, e.g., when the VSP
receives user feedbacks for low quality of experience (QoE)
due to outdated physical-virtual world synchronization. As a
result, the on-demand plan depends on parameters such as the
uncertainty of QoE feedback from users, the interest of VSPs in
the type of data required, and the number of data points required.
To further reduce the energy consumption of the Metaverse,
the cost function of the edge sensing units is formulated based
on their energy consumption. Therefore, when the cost of the
network is minimized, the energy consumption of the network
is also minimized.

To derive the cost-minimizing semantic data subscription
strategies of the VSP, we introduce a two-phase stochastic
semantic resource allocation (SSRA). A two-phase SSRA is
needed to allocate the semantic resource before and after observ-
ing the demand. In phase one, we first derive the expected on-
demand cost for each corresponding set of uncertainty parame-
ters. With our derived on-demand cost structure over the various
uncertain scenarios, we formulate and solve for the subscription
strategies of the VSPs as a distributed robust optimization (DRO)
problem. The two phases are as follows.
� Phase One (On-demand cost derivation): Utilizing a single

parameter set for each uncertainty scenario, we introduce a
DRL-driven double dutch auction for one-to-one matching
and price determination between VSPs and edge sensing
units, thereby deriving the on-demand cost.

� Phase Two (DRO for Subscription Strategy): Addressing
demand uncertainties in the Metaverse’s cost minimiza-
tion problem, we initially employ Stochastic Integer Pro-
gramming (SIP) with historically-based random variables.
Recognizing the limitations of SIP due to unpredictable
distributions, we pivot to a more conservative, data-driven
Distributed Robust Optimization (DRO) strategy. DRO
constructs a modifiable confidence set from historical data
to ensure network robustness, even when the true underly-
ing distribution is unclear.

The contributions of this paper are summarized as follows.
� For the phase one of the SSRA scheme, our proposed

DRL-driven-double dutch auction mechanism is tractable,
dynamic, and adaptive to the stochastic network conditions.
This enables us to devise the cost/energy consumption
minimization strategy at scale. In addition, together with
semantic communication enabled, a sustainable Metaverse
can be realized.

� In the phase two of the SSRA scheme, instead of assuming
the historical observation data is the true distribution, we
construct a confidence set using the reference distribution
derived from historical observation data and distance met-
rics. Our proposed DRO cost minimization formulation is
able to mitigate the negative impacts of inaccurate uncer-
tainty modeling of user demands in complex networks.

� Using our self-collected real-world data, we compare
SSRA with other baselines, such as deterministic, ran-
dom, and stochastic integer programming. From the perfor-
mance evaluation, we demonstrate that SSRA can reduce
significant amount of energy and achieve better outcomes
relative to other baselines for extreme conditions, high-
lighting the practicality of our proposed scheme when
applied to realistic scenarios.

The remainder of the paper is organized as follows: In
Section II, we review the related works. In Section III, we
present the system model. In Sections IV and V we formulate
the problem. We discuss and analyze the simulation result in
Section VI. Section VII concludes the paper.

II. RELATED WORK

A. The Metaverse

In 1992, the term Metaverse first appeared in the science-
fiction novel Snow Crash by Neal Stephenson [11]. The ar-
chitecture of the Metaverse can be split into four layers: the
physical world, the virtual world, the Metaverse engine, and
the infrastructure [12]. The physical world contains the physical
objects in the real-world, such as users, VSPs, and IoT sensors.
The virtual world contains avatars, virtual environments, virtual
goods/services, and tangible goods services. The Metaverse
engine, such as VR/AR, AI, and blockchain, is used to obtain
user input. Finally, the infrastructure ensures that the Metaverse
is scalable, universally accessible, and user-reliable. The Meta-
verse is supported by various technologies, such as VR/AR,
digital twin, and AI. To create a more effective digital twin
in the Metaverse, continuous data synchronization is essential,
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involving real-time updates from the physical world to maintain
the digital twin’s accuracy. For example, a virtual driver training
service requires ongoing data updates on road conditions, traffic,
and weather for realistic training. IoT devices like autonomous
cars, drones, and smartphones are considered for data collection
in areas relevant to a virtual service provider (VSP) [13]. The
data collected from the physical resources is the key to syn-
chronizing the two worlds. The authors in [13] group drones
with similar interests to speed up the data collection process and
improve synchronization between the two worlds. The authors
in [14] proposed to classify the resources in the Metaverse into
three categories: cyber, physical, and people. In the Metaverse, it
can be observed that many applications share common functions.
For instance, in the Metaverse replica of Seoul (which will be
launched by South Korea) [15], a digital map can serve as a
shared feature between tourism and navigation applications.
Therefore, the authors in [16] proposed a highly effective and
comprehensive solution for managing and allocating resources
by observing the common functions that can be shared.

B. Semantic Communication

Semantic communication was proposed as an intelligent com-
munication scheme that focuses on the significance of trans-
mitted messages rather than bitstream transmission [17]. The
authors in [18] proposed a semantic communication framework
in the wireless network, where a BS is used to transmit the se-
mantic contents that are extracted from textual data to each user.
A semantic similarity metric is used to measure the semantic
accuracy and completeness of the recovered text. With the recent
development of deep learning technologies, multiple semantic
communication systems were developed for text transmission.
The authors in [17] designed a deep learning-enabled semantic
communication system known as DeepSC. DeepSC is used
for semantic text transmission. With the help of Transformer,
DeepSC seeks to maximize system capacity and reduce semantic
errors when restoring the meaning of sentences. To understand
the meaning in a sentence, word2vec model is introduced in [19]
to capture the relationship between words. When the words are
similar, their distance is closer in the vector space. Word2vec
model can be used to extract the semantic information from
sentences. However, word2vec model has to be redesigned
whenever the context is different. Therefore, a general word
representation model bidirectional encoder representations from
transformers (BERT) is introduced in [20]. Depending on the
context, BERT can generate more than one vector representation
for the same word. Instead of developing encoding and decoding
text or image transmission, we adopt semantic communication
in the Metaverse context to reduce the number of transmissions
and allocate the optimal edge sensing units to the VSPs.

C. Stochastic Optimization

There are several works that are working on deterministic
optimization. The authors in [21] optimize the UAV trajecto-
ries to reduce the transmitted power required from the ground
terminal. The authors in [22] used UAVs as a relay to deliver
latency-critical messages with ultra-high reliability and then

studied UAV location optimization and power allocation. How-
ever, the real world is full of uncertainties, and optimization
should be done by considering the uncertainties. The authors
in [14] used a two-stage stochastic integer programming (SIP)
to allocate optimal resources to minimize the operation cost of
the VSPs by considering the demand uncertainty of the users.
The authors in [23] presented a data-driven risk-averse stochastic
optimization framework and investigated the Wasserstein metric
for continuous and discrete cases of uncertainty distribution.
The authors in [24] considered task uncertainty and formulated
a distributed robust optimization problem to minimize the ex-
pectation of system latency under the worst-case distribution.

III. SYSTEM MODEL

We consider a Metaverse network shown in Figs. 1 and 2
shows the network topology. To develop the Metaverse, a set
W = {1, . . . , w, . . . ,W} of W VSPs subscribe to the semantic
data provision plans offered by edge sensing units denoted by
the set E = {1, . . . , e, . . . , E}.

A. Semantic Market Data Provision Plans

The VSPs subscribe to the edge sensing units using two types
of plans as follows:
� Reservation plan: This is a long-term plan in which the

VSP w pays a fixed cost crw,e for ne semantic data that has
been previously collected and stored by edge sensing unit e.
The fixed cost crw,e is dependent on the data collection, pro-
cessing, and communication costs defined in Section III-B.
As each edge sensing unit e has a different field of view
at time slot t̄, marked by coordinates (xe(t̄), ye(t̄)), the
images that have been captured differ. The VSP chooses
the reservation plan provided by an edge sensing unit that
has the highest category similarity to its category interests,
i.e., the VSP subscribes to the edge sensing unit that is able
to transmit the semantic data that best satisfies its interest.
Note that this is possibly a many-to-one matching between
VSPs and the edge sensing unit. In other words, the edge
sensing unit is able to sell its previously collected semantic
data to as many interested VSPs as possible. The category
similarity is further defined in Section III-C.

� On-demand plan: This is an ad-hoc plan triggered when
the VSP requests for additional semantic data to be newly
collected by the edge sensing unit e at time slot t̄ for the
on-demand variable cost cow,e(λi). λi denotes the demand
scenario defined in (1). The ad-hoc plan is triggered when
the semantic data from the reservation plan is insufficient
to achieve a defined level of user QoE. We further define
the QoE score in Section III-D. Unlike the reservation
plan which is a fixed cost, the cost of the on-demand plan
depends on the demand scenario i of all VSPs. Due to the
unpredictability nature of such demands and one-to-one
matching between VSP and edge sensing unit, more than
one VSPs may compete for the on-demand sensing service
of the edge sensing unit. As such, we devise a DRL-
based double dutch auction as presented in Section IV to
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Fig. 1. Illustrative example of the network with two VSPs and two edge sensing units. A detailed illustration of the double dutch auction mechanism can be
found in Fig. 4.

Fig. 2. Illustrative example of the network topology.

efficiently match the ad-hoc demand of the VSP to the
limited supply of available edge sensing units.

In general, the reservation plan is cheaper than the on-demand
plan in data markets [25], e.g., since additional data has to be

collected on-demand within a short notice period. However, the
on-demand plan has to be triggered due to scenario uncertainty.
Let λi denote the ith scenario of all the VSPs:

λi = (D̄1, . . . , D̄W ), (1)

where D̄w = (γave
w,e , Fw, F̄w), γave

w,e is the average QoE score of
the users who are accessing the Metaverse application developed
by VSP w using semantic data from edge sensing unit e, F̄W

represents the set of category interest of VSP W , and FW

represents the number of semantic data transmissions that VSP
W requires. Each scenario λi occurs with a probability ofP (λi).

B. Sensing Model

At its respective location, each edge sensing unit can sense
(capture) images and process them to generate semantic data.
The energy consumption for data collection can be expressed as
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follows [26]:

Ēe = (P idle
e T̂ idle

e + P active
e T̂ active

e ), (2)

where Pidle is the power consumption in idle state,Pactive is the
power consumption in active state, T̂idle is the time in idle state,
and T̂active is the time in active state. T̂active =

d
τe

, where d is
the number of pixels in an image and τe denotes the total CPU
computing capability of edge sensing unit e. When the captured
data is processed locally, the local computation execution time
of edge sensing unit e is expressed as [27]:

t̂e =
Ced
τe

, (3)

where Ce is the number of CPU cycles needed to process a bit.
When the semantic data is requested by the VSP, it is pro-

cessed and transmitted through base station b which is located
at (xb, yb, zb). In an urban area, many obstacles surround the
edge sensing units and prevent the units from maintaining a
line of sight (LoS) transmission link with the BS. In order to
identify whether a transmission link is LoS or Non-LoS (NLoS),
the height of the obstacles has to be known, which is difficult
in practice. Therefore, we adopt a probabilistic LoS channel
model [28]. The LoS transmission probability from edge sensing
unit e to BS b is defined as follows [29]:

PL
e,b = B3 +

B4

1 + e−(B1+B2θe,b)
, (4)

where B1 < 0, B2 > 0, B4 > 0, and B3 are the constants with
B3 +B4 = 1. The probability of NLoS PN

e,b can be obtained as
1− PL

e,b. θe,b is the elevation angle from e to b and is defined as:

θe,b = arctan

(
zb
de,b

)
, (5)

where zb is the height of BS b and de,b is the horizontal distance
between the edge sensing unit e and BS b. Then, the channel
power gain between the edge sensing unit e and BS b can be
modeled as:

he,b = PL
e,bβ0d

−αL

e,b + (1− PL
e,b)μβ0 d

−αN

e,b , (6)

where β0 is the average channel power gain at a reference
distance of 1 m,μ is the signal attenuation factor due to the NLoS
propagation, αL and αN denote the average path loss exponents
for the LoS and NLoS, respectively and de,b is the distance
between edge sensing unit e and BS b. To lighten the burden of
the wireless network, we follow [30] to consider an orthogonal
frequency-division multiple access (OFDMA) system to en-
able multiple concurrent uplinks and downlinks communication.
Each orthogonal resource block can be occupied only by at most
one transmission so that the interference caused by other edge
sensing units can be avoided. The uplink bitrate for each edge
sensing unit is given as follows:

re = Be

(
log2

(
1 +

P̂ehe,b

σ2Γ

))
, (7)

whereBe denotes the allocated bandwidth of edge sensing unit e,
P̂e refers to the transmit power of edge sensing unit e,σ2 denotes

Fig. 3. Illustrative example of semantic cropping module (YOLO) output.

the receiver noise power and Γ denotes the signal-to-noise ratio
(SNR) gap.

Accordingly, the reservation cost crw,e is defined as follows:

crw,e = neδ1

(
P̂eq̄

re
+ Ēe + t̂e

)
+ F̂w,e, (8)

where q̄ is the average transmitted data size, δ1 is the cost
coefficient to convert energy consumption into cost, and F̂ is
the profit margin of the edge sensing unit, e.g., a fixed rental
cost for its services. Similarly, the minimum on-demand cost
(i.e., bid floor) is defined as follows to preserve the individual
rationality of the auction:

min(cow,e) = δ2

(
P̂eq̄

re
+ Ēe + t̂e

)
, (9)

where δ2 is the cost coefficient and it should be chosen in such
a way that satisfies

crw,e

n ≤ min(cow,e) as the cost of reservation
plan ≤ the cost of the on-demand plan. The cost of the on-
demand plan takes reference from the auction result by using
the corresponding future demands. The actual on-demand cost
is obtained from the double dutch auction output in Section IV.

C. Category Generation and Similarity Matching

Using the plans, the VSPs can obtain semantic data captured
by the edge sensing units. However, it is difficult to identify
which edge sensing unit produces images that are important or
relevant to the interests of the VSPs. This paper adopts a pre-
trained machine learning model, you only look once (YOLO)
from [31]. YOLO provides real-time detection with relatively
high accuracy. With the help of YOLO, objects (semantic data)
and their corresponding categories can be extracted from the
respective images. Fig. 3 shows an example of semantic cropping
module (YOLO) output. When the category (label of the object)
is within the interest of the VSPs, the semantic data, which is
the snapshot of the object, can be transmitted.

However, once the categories are generated from the images,
the VSPs cannot identify to which edge sensing unit to subscribe
to as the VSPs do not know which semantic data is relevant
to their interest. In additional, each image may output multiple
semantic data and corresponding categories. It is not practical for
the VSPs to search manually through the categories. Therefore,
we propose to use category similarity for the VSPs to subscribe
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to the edge sensing unit that produces the best semantic data that
meets the interest of the VSPs. Category similarity convert the in-
terest of VSPs and the category of the semantic data into vectors
so that they can be compared. However, in different contexts, the
same word might have multiple definitions. For example, “wind”
can mean the current of air or the action turn. The traditional
method, such as word2vec cannot recognize polysemy. The issue
arises when the same word cannot be represented by the same
numerical vector in different contexts. One of the solutions is
to use BERT [17]. BERT is a powerful pre-trained machine
learning model that has been trained by billions of sentences
for extracting semantic information. It is used to convert words
into vectors according to different contexts. In this paper, we
use cosine similarity [17] to measure the similarity between the
sentences, i.e.,

match(A,B) =
A ·B

‖A‖‖B‖ , (10)

where A is the vectorized of F̄w which is the interest of VSP w
and B is the vectorized categories output generated from BERT.
The category similarity defined in (10) is a number between 0 and
1, which indicates how similar A is to B, with 1 representing the
highest similarity and 0 representing no similarity. The average
similarity of VSP w’s demands and edge sensing unit e’s data
types is represented by Sw,e and can be calculated from Sw,e =∑y2

i=1

∑y1
j=1 match(A,Bij)

y2
, where y1 is the total number of semantic

data in an image and y2 is the total number of images in edge
sensing unit e. As a result, the VSPs can subscribe to receive
the semantic data from the edge sensing unit that has the highest
similarity score. Sw,e prevents the VSP from over- and under-
semantic data transmission. For example, the reservation plan
from edge sensing unit 1 supports VSP 1 with 150 semantic
data transmissions. After the interest and the demand (requires
300 semantic data, e.g., image segments) of VSP 1 is realized,
the average similarity score S1,1 = 0.8. VSP 1 faces a shortfall
of 180 as 300− 0.8(150) = 180. An additional on-demand plan
is used to accommodate the shortfall of 225 semantic data, 180

0.8 .
Therefore, a resource allocation scheme is required to prevent
re-transmission and reduce the network’s energy consumption.

D. User Experience Metrics

VSPs provide users with immersive virtual environment ex-
periences by using AR/VR devices. However, in the current
virtual environment technology, some users exhibit cybersick-
ness symptoms. There are numerous reasons that can contribute
to cyber sicknesses, such as gender, age, illness, display, and
technology issues [32]. Unfortunately, due to human complexity,
it is difficult to tackle the cybersickness problem that is caused
by individual factors. However, we can reduce the cybersickness
effects if it is caused by display and technology, i.e., improve the
rendering of the virtual environment. For example, when the lag
occurs due to processing delays (insufficient data to render the
3D models), there is a delay between an individual’s action and
the system’s reaction, and this can contribute to cybersickness
symptoms [33]. By synthesizing images with neural networks,
real-time rendering of 3D virtual environments can be achieved

TABLE I
16 SYMPTOMS OF CYBERSICKNESS IN SSQ [35]

with low processing delays [34]. After the QoE from the users is
known, more semantic data that are within the interest of VSPs
can be requested from the edge sensing units to improve the
QoE. In this paper, we use cybersickness to evaluate QoE [35].
Specifically, QoE can be quantified using parameters from the
Simulator Sickness Questionnaire (SSQ) [36].

The SSQ provides a comprehensive evaluation of a user’s
experience by capturing various symptoms of simulator sick-
ness, such as nausea, oculomotor issues, and disorientation.
This allows for a more nuanced understanding of the user’s
experience than other simpler metrics. Comparing with other
metrics such as Weber-Fechner Law which represented by a
logarithm function. SSQ directly captures the user’s subjective
experience. This is crucial for Metaverse applications where the
user’s comfort and well-being are primary concerns. As shown
in Table I, SSQ consists of 16 parameters categorized into nausea
(N), oculomotor (O), and disorientation (D). Each symptom is
rated using a 4-point scale (0; no sickness, 1; mild sickness, 2;
considerable sickness, 3; severe sickness). The score of each
category is calculated by adding all the symptom ratings that
fall under the same category. The total score is then measured by
combining every single score for each category with the weight.
The value of each SSQ symptom is between 0 and 4. The average
SSQ score received by VSP w from its users for the nausea
category can be calculated as [35]:

γNau
w =

∑Uw

u=1 s
gd
u + sswu + sisu + sdcu + snau + sbuu + ssau

Uw
,

(11)
where sgdu , sswu , sisu , sdcu , snau , sbuu , and ssau are the ratings
for general discomfort, sweating, increased salivation, diffi-
culty concentrating, nausea, burping, and stomach awareness,
respectively. Uw represents the total number of users that use
the Metaverse application provided by VSP w. The average
oculomotor score received by VSP w from its users can be
calculated as:

γOcu
w =

∑Uw

u=1 s
gd
u + sheu + sfau + sesu + sdcu + sdfu + sbvu

Uw
,

(12)
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where sheu , sfau , sesu , sdfu , and sbvu are the rating for headache,
fatigue, eyestrain, difficulty focusing, and blurred vision, re-
spectively. The average disorientation score received by VSP w
from its users can be calculated as:

γDis
w =

∑Uw

u=1 s
df
u + snau + sfhu + sbvu + sdzcu + sveu + sdzou

Uw
,

(13)
where sfhu , sdzcu , sveu , and sdzou are the rating for the fullness of
head, dizzy (eye close), vertigo, and dizzy (eye open), respec-
tively.

To account for the QoE, the total average SSQ score is
integrated with the semantic data that a VSP has:

γave
w,e =

1

vw,e
(v1γ

Nau
w + v2γ

Ocu
w + v3γ

Dis
w ), (14)

where vw,e = log (1 + Sw,eFw), (15)

v1, v2, and v3 are the weights for γNau
w γOcu

w , and γDis
w re-

spectively. Note that vw,e accounts for the relationship between
the QoE of the users and the number of semantic data. When
the SSQ (discomfort) score increases, the number of required
semantic data also increases so that the VSPs can use more
data in their applications to reduce the discomfort and improve
the existing QoE. The relationship is constructed by using a
logarithmic function following [37], [38].

E. Problem Formulation

To minimize the cost of the network, we introduce a two-phase
optimization approach.
� Phase one - On demand cost derivation: For each scenario

λi, the similarity score, SSQ score, and average transmitted
semantic data size differs across the VSPs. Accordingly, the
on-demand price fluctuates based on these factors, since
the VSPs are facing different extents of shortfalls that
affect their bidding decisions for the semantic data. We
use the double dutch auction to obtain the distribution of
on-demand cost paid by the VSPs to the owners of edge
sensing units across the different scenarios.

� Phase two - Distributed robust resource allocation: In
phase two, the VSPs will decide on the subscription plans
to use, i.e., reservation or on-demand. The decision is
made depending on the uncertainty of the demands and
on-demand cost. Whenever there is insufficient data, the
VSPs are allowed to purchase more semantic data with the
use of an on-demand plan. We first formulate and optimize
the problem using two-stage SIP. SIP uses historical data as
the true distribution to model the uncertainties. However,
the use of historical data to estimate real-world uncertain-
ties is difficult and inaccurate. DRO is used to characterize
the uncertainty of probability distribution of demands by
constructing the confidence set, which is actually an alias
of the uncertainty set and consists of a family of ambiguous
probability distributions. With the help of observed histori-
cal data, which contains i) semantic interest from the VSPs,
ii) the number of semantic data required, iii) QoE from the

users who are accessing the Metaverse applications, iv)
semantic data category from the edge sensing units, and v)
the average transmitted semantic data size, the confidence
set can be adjusted with a guaranteed confidence level.
Then, resource allocation decisions can be made by using
the constructed ambiguous probability distribution.

IV. PHASE ONE: ON-DEMAND COST DERIVATION

In the pre-resource allocation stage, by using historical data,
the VSPs and the edge sensing units can open a call market to
place orders to buy or sell semantic data at certain bid prices
and match at predetermined time intervals. The VSPs will buy
semantic data transmission from the owners of the edge sensing
units in this call market. Therefore, the VSPs are the buyer,
owners of the edge sensing units are the sellers, and they can
be supervised by an auctioneer such as the network operator
or administrator. We design a DRL-based double dutch auction
mechanism to determine the buying price from the VSPs and
the selling prices from the owners of the edge sensing units. The
price that both the seller and buyer agree with each other is the
on-demand cost. The detailed explanation of the different roles
in the call market can be found below:
� Buyer: At the start of the auction, the buyer will submit

their buy-bid to the Metaverse administrator. The buy-bid
of VSP w at each time step t is denoted as ktw,e. This is the
maximum price that VSP w is willing to pay to the edge
sensing unit, and it is defined as follows [39]:

ktw,e = δ0γ
ave
w,e , (16)

where δ0 is the cost coefficient. When the γave
w,e score is

high, it means that the users are faced with severe simulator
sickness and have low QoE. Therefore, VSP w is willing
to pay more to improve its application.

� Seller: Since the edge sensing unit is providing the com-
munication resource to the buyer, the selling bid of the edge
sensing unit should depend on the transmission energy
consumption. This is the minimum price that the seller is
willing to sell to prevent a loss in profit. At the start of the
auction, the seller submits their sell-bid ote to the Metaverse
administrator, and it is defined as follows [39]:

ote =
P̂eq̄δ1
re

, (17)

where q̄ is the average transmitted data size and δ1 is the
cost coefficient with a similar role to δ0.

� Auctioneer: The auctioneer manages clocks, denoted as
Ct

B,w,e and Ct
S,e for the buyer side and the seller side,

respectively. Ct
B,w,e is the buying clock that displays the

buying price for buyer w to seller e. It descends over time
and displays the buying price at each step.Ct

S,e is the selling
clock, and it ascends and displays the selling price for the
seller e at each step. At the beginning of the auction,C0

B,w,e

opens at the highest price pmax, and C0
S,e opens at the

lowest price pmin.
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Fig. 4. Illustrative example of the double dutch auction mechanism.

A. Double Dutch Auction Mechanism Actions

An illustrative example of the double dutch auction mech-
anism is shown in Fig. 4. Generally, the buyers in a double
dutch auction begin to count at a very high price and continue to
count downward. In contrast, the sellers begin to ascend from a
very low price and continue to ascend until a seller stops it (who
offers the product at that price). When the buyer and seller do not
match at the trade price, the buyer clock resumes its downward
movement, followed by the seller clock’s upward movement.
Finally, the trading is over when the two prices cross (purchase
is made at the crossover point) [40], [41]. In the double dutch
auction mechanism, there are mainly three types of actions, i.e.,
clock broadcast, clock acceptance, and clock adjustment.
� Clock broadcast: The double dutch mechanism begins with

a clock broadcast. The auctioneer will broadcast the current
buying and selling clocks to the buyers or the sellers at the
start of each iteration.

� Clock acceptance: After receiving the auction clock from
the Metaverse administrator, the buyers or the sellers will
compare their bids with the current clocks. The buyers or
the sellers will bid if the current clock meets the buy-bid or
sell-bid conditions. For the buyers, the wth buyer who is
not in Mt

B can submit its buy-bid btw,e, which represents
the maximum price that a buyer is willing to pay and
btw = Ct

B,w,e. Mt
B is a set that contains all the buyers who

are matched with a seller, and Mt
S is a set that contains

all the sellers who are matched with a buyer. Similar to the
buyers, the sellers who have not participated in the trade
will decide after receiving the broadcasted selling clock
from the Metaverse administrator. The sellers can submit
their sell-bid ate, which represents the minimum price
that a seller is willing to sell, and ate = Ct

S,e. The buyer
and seller are matched with each other if ktw,e ≥ Ct

B,w,e,
ote ≤ Ct

S,e, and the buy clock crosses the sell clock at t+ 1,
i.e., Ct+1

S,e ≥ Ct+1
B,w,e. Then, Mt

B = Mt
B ∪ {w}, Mt

S =

Mt
S ∪ {e}, andMt

price = Mt
B ∪ {Cw,e}.Mt

price is a set
that contains the final matched price and Cw,e is defined
as follows:

Cw,e =
Ct

B,w,e + Ct
S,e

2
. (18)

Thus, the difference between the expected buy-bid and the
real buy-bid is the regret gtw,e of buyer w, which can be
calculated as:

gtw,e = ktw,e − btw,e. (19)

On the other hand, the difference between the expected
sell-bid and the real sell-bid is the regret gt+1

e of seller e,
which can be calculated as:

gte = atw − ote. (20)

� Clock adjustment: Clock acceptance only occurs when the
sell-bid or buy-bid conditions are met. Most of the time,
it will be clock adjustment, which means that none of the
sellers or the buyers is participating in the auction, so the
auction clocks must be adjusted accordingly. For example,
when the buy-bid condition is not met, the Metaverse
administrator chooses a step size of μt to adjust the buyer
clock as follows:

Ct+1
B,w,e = Ct

B,w,e − μt. (21)

On the other hand, if the sell-bid condition is not met, the
Metaverse administrator chooses a step size of μt to adjust
the seller clock:

Ct+1
S,e = Ct

S,e − μt. (22)

The Metaverse administrator can dynamically adjust the
step size to improve the auction’s efficiency via proper step
size. The auction ends when all sellers’ and buyers’ clocks
cross with each other, i.e., CT+1

B,w,e < CT+1
S,e .

B. Markov Decision Process of the Double Dutch Auction

In order to determine the proper step size and minimizes
the regrets of the buyers and sellers. The double dutch auction
mechanism can be formulated as a Markov Decision Process and
is defined as < S,A,P,R >, where S,A,P , and R are the
state space, action space, state transition probability function,
and reward, respectively.
� State space: The state space at the current time step t

contains the buyer clock Ct
B,w,e, the seller clock Ct

S,e, the
set of winning buyers Mt

B , the set of winning sellers Mt
S ,

the final matched price Mt
price, and the total state space is

defined as follows:

St = {Ct
B,w,e, C

t
S,e,Mt

B ,Mt
S} (23)

� Action space: The action space contains the step μt that
the Metaverse administrator used to adjust the buyer and
the seller clock at time step t, i.e., at = {μt}.

� State transition: The state transition of the Metaverse ad-
ministrator from the current state St to the next state St+1

depends on the action space at.
� Reward: Following [39], the reward consists of two parts,

the trade regret of buyers and sellers and the auction infor-
mation exchange cost to broadcast the new auction clock
to buyers or sellers. The reward is shown in Algorithm 1.
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Algorithm 1: Algorithm for Calculating the Reward in DRL.

Note that pa(X) is the auction information exchange cost
function for X participants and pa(X) = cX , where c is
denoted as the cost coefficient.

To maximize the long-term accumulated reward, the Meta-
verse administrator needs to determine its optimal action a ∈ A
given state s ∈ S . The optimal policy determined by the Meta-
verse administrator is defined as π∗ : S → A. The Q-learning
can be adopted to find the optimal policy by constructing a
look-up table with Q-values of state-action pairs, i.e., Q(s, a).
The Q-values are updated based on the experiences of the
Metaverse administrator as follows:

Qnew(s, a) = (1− Λ)Q(s, a) + Λ

(
r(s, a)

+ γmax
a′∈A

Q(s′, a′)

)
, (24)

where Λ is the learning rate, γ is the discount factor, and r(s, a)
is the reward received. However, Q-learning has the issue of
large state and action spaces. Thus, in this paper, we use deep
Q-learning (DQL) to find the optimal policy to obtain the on-
demand cost which is the selling price of the VSP.

C. Deep Q-Learning

DQL uses a neural network to approximate the action-value
function Q(st, at), so the Q-value at time step t can be rewritten
as Q(st, at|θ) and θ is the parameter of the neural network.
After the approximation, the optimal policy π∗(s) will be given
by [42]:

π∗(s) = argmax
a∈A

Q∗(st, at|θ), (25)

where Q∗(st, at|θ) is the optimal Q-value via DNN approx-
imation. DQN will choose the approximated action at+1 =
π∗(st+1). Then, the approximated Q̃(st, at|θ) can be formulated
as:

Q̃(st, at|θ) = r(St = st, at = at) + γQ(st+1, π∗(st+1|θ)).
(26)

The parameter θ is updated by minimizing the loss, defined as
follows:

L =
1

T

T∑
t=0

(
Q̃(st, at|θ)−Q(st+1, π∗(st+1|θ))

)2

. (27)

At time instance t, the Metaverse administrator will choose
action at according to (25), get a reward r(St, at) and proceed to
the next state st+1. The vector (st, at, rt, st+1) will be stored in

experience memory. Then the parameter θ and policy π will be
updated according to the data fetched from the experience mem-
ory [42]. By using the DRL-double dutch auction mechanism,
a trade list Γi is generated for each demand scenario λi. The
total number of trade lists generated is equal to the number of
demand scenarios. The trade list contains the matched price and
the matched buyer and seller. The on-demand cost from phase
two uses the matched price to perform the resource allocation
whenever the scenario occurs.

We analyze the complexity of the proposed DRL-enabled
double dutch auction. Following [43], the complexity of the
proposed DRL is O(ê|θ|Ĉ). ê is the number of epochs, |θ| is
the number of parameters in the neural network. Ĉ is the time
complexity of calculating the gradient of each θ.

D. Economic Properties

This section discusses the desirable properties of the double
dutch auction, i.e., individual rationality, truthfulness, and bud-
get balance.

Theorem 1: The proposed double dutch auction satisfies in-
dividual rationality.

Proof: Individual rationality is ensured when none of the
participating parties loses any money when the auction is closed.
This means that the utilities for both the sellers and buyers are
non-negative. A buyer may face two conditions, i) the buyer
wins the auction, and ii) the buyer loses the auction. When a
buyer wins the auction, the utility of a buyer w can be expressed
as ūw = btw,e − Cw,e. Since btw = Ct

B,w,e and Ct
B,w,e > Ct

S,e,
it leads to btw,e > Cw,e. Therefore, in this case, the utility of a
buyerw is non-negative. However, in the latter situation, a user’s
utility is 0 if the user loses an auction. We may generally state
that buyers never experience any losses.

On the other hand, the seller may also experience the same
two situations. When a seller wins the auction, the utility of a
seller e can be expressed as ūe = Cw,e − ate. Since ate = Ct

S,e

and Ct
B,w,e > Ct

S,e, it leads to Cw,e > btw,e. Therefore, in this
case, the utility of a seller e is non-negative. In the second
situation, the seller who loses an auction neither earns nor loses
anything. Therefore, the proposed auction satisfies individual
rationality.

Theorem 2: Proposed double dutch auction satisfies truth-
fulness:

Proof: Truthful auctions stop malevolent users from placing
a fraudulent bids. The payment of buyers’ and sellers’ revenue
is determined by the common crossing price Cw,e. Therefore,
buyers and sellers do not have any other incentive to submit their
buy-bids or sell-bids except their true valuations to the semantic
transmissions.

Theorem 3: Proposed double dutch auction is budget bal-
ance.

Proof: When the auctioneer makes no losses, an auction is
said to be budget balanced [41]. Since the buyers and sellers
trade with the common crossing price Cw,e, their utility is
non-negative. The auctioneer gains a non-negative utility as
the auctioneer received pa(W ) + pa(E) whenever the auction
information is exchanged.
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V. PHASE TWO: DISTRIBUTED ROBUST RESOURCE

ALLOCATION

Once the trade list Γi is obtained for each scenario λi. The
cost of the on-demand plan will be equal to the matched price
in Γi. In the following section, we first provide a detailed
stochastic integer programming formulation, and then we extend
the formulation to distributional robust optimization to allocate
the semantic resources in the Metaverse.

A. Stochastic Integer Programming Formulation

In this section, we develop a two-stage Stochastic Integer
Programming (SIP) to minimize the total cost of the network
by optimizing the subscription plans. The two-stage SIP can
be solved by assuming that the probability distribution of the
demand is known. The first stage defines which edge sensing
unit is subscribed to the reservation plan while the second stage
defines the number of semantic data by utilizing the on-demand
plan. We define two variables to indicate the subscription plan
that is used. mr

w,e is a binary variable indicates whether VSP w
want to rent edge sensing unit e using the reservation plan or not.
For example, mr

w,e = 1 means that the VSP rents edge sensing
unit e and mr

w,e = 0 means otherwise. mo
t̄,w,e(λi) is a positive

variable to indicate the number of semantic data to purchase by
VSP w from edge sensing unit e in time slot t̄. Let a convex
sample space Ω contain I possible scenarios. The two-stage SIP
formulation can be expressed as follows:

min
mr

w,e,m
o
t̄,w,e

(λi)
:

∑
w∈W

∑
e∈E

mr
w,ec

r
w,e

+
∑
λi∈Ω

P (λi)
∑
t̄∈T̄

∑
w∈W

∑
e∈E

mo
t̄,w,e(λi)c

o
w,e(λi)δ2, (28)

subject to:

mr
w,e ≥ Ōmr

t̄,w,e, ∀t̄ ∈ T̄ , ∀w ∈ W, ∀e ∈ E , (29)∑
t̄∈T̄

∑
e∈E

mr
t̄,w,enF̄t̄,w,e(λi)

+
∑
t̄∈T̄

∑
e∈E

mo
t̄,w,e(λi)F̄t̄,w,e(λi) ≥ Fw, ∀w ∈ W, ∀λi ∈ Ω,

(30)∑
w∈W

mr
w,e ≤ 1, ∀e ∈ E , (31)

mr
w,e ∈ {0, 1}, ∀w ∈ W, ∀e ∈ E ,

(32)

mo
t̄,w,e(λi) ∈ Z

+, ∀t̄ ∈ T̄ , ∀w ∈ W, ∀e ∈ E , ∀λi ∈ Ω.

(33)

Ō indicates a small number and mr
t̄,w,e is a decision variable.

δ2 is the weight to ensure the on-demand cost is within an
acceptable range. Constraint (29) ensures that the semantic
transmission is available for VSPs for all the time slots whenever
an edge sensing unit is rented. At each time slot, a single

edge sensing unit can support n semantic data transmission and
F̄t̄,w,e(λi) is the similarity score between the semantic data and
the VSP interest. (30) ensures that the demand of the VSP has to
be met using the on-demand plan whenever there is insufficient
semantic data from the reservation plan. (31) ensures that each
edge sensing unit e can only be used once in the reservation plan.
We utilize the GAMS script to output the respective decision
variables and use the number of constraints to analyze the
complexity of the two-stage SIP [10], [44]. Let t̄′, w′, e′, and λ′

denote the total number of time slots, VSPs, edge sensing units,
and demand scenarios. Then, the total number of constraints are
w′λ′ + w′e′(1 + t̄+ λ′).

B. DRO Cost Minimization

In the real-world Metaverse scenario, the uncertainties gen-
erated by the users are highly dynamic and the probability dis-
tribution of demand is unknown and hard to predict accurately.
Inherent uncertainty and inaccurate estimation of the probability
distribution seriously affect the network cost. Therefore, this sec-
tion introduces DRO to minimize the expected total cost under
the worst-case distribution realization in D, where D represents
the confidence set for the ambiguous distribution, constructed
in Section V-B1. Different from SIP, which assumes that the
probability distribution of demand is known. DRO construct a
confidence set and presumed that the confidence set contains the
true distribution because it is data-driven.

1) Confidence Set Construction: In this paper, there is no
clear probability distribution for the demand and overall average
SSQ score that the VSPs received. As an alternative, a confidence
set for ambiguous distributions is created by explicitly associ-
ating the model’s robustness when applied to the accumulated
historical data.

The reference distribution is expressed as P0 = {p01, p02,
. . . , p0I ′ } for a series of obtained historical data with a total of
I ′ scenarios. Note that p01 and P (λi) are interchangeable. We
use the empirical distribution as the reference distribution [24].
Let P = {p1, . . . , pI} denote the ambiguity/true probability
distribution. Taking into account that the reference distribution
P0 is not always identical to the true distributionP , we calculate
the distance between them and we create a confidence set for the
ambiguous distribution, denoted asD. However, a different met-
ric used will impact the effectiveness of the system differently.
Therefore, we adopt L1 and L∞ norm because of their excellent
numerical tractability. L∞ norm is lesser conservative than L1

norm. This means thatL∞ norm is willing to take on more risk, is
less focused on worst-case scenarios, or has a tighter confidence
set than the L1 norm. As a result, L1 norm is more reliable at the
expense of higher cost [24]. The distance measurement for the
L1 and L∞ norm are denoted as d1(P,P0) and d∞(P,P0) and
the confidence sets D1 and D∞, which are corresponding to L1

and L∞ norm, respectively, can be constructed as follows [24]:

d1(P,P0) =

I∑
i=1

|pi − p0i |, (34)

d∞(P,P0) = max
1≥i≥I

|pi − p0i |. (35)
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D1 =

{
P ∈ RI

+|
I∑

i=1

|pi − p0i | ≤ θ1

}
, (36)

D∞ =

{
P ∈ RI

+| max
1≥i≥I

|pi − p0i | ≤ θ∞

}
, (37)

where θ1 and θ∞ are the tolerance values, and they are closely
related to both the confidence level β1, β∞, and the size of
available historical data I ′. Their exact relationship can be
determined from the convergence rates between the ambiguous
distributionP and the reference distributionP0 under theL1 and
L∞ norm [24]. The convergence rate are defined as follows [24]:

Pr{||P − P0||1 ≤ θ1} ≥ 1− 2I exp

(
−2I ′θ1

I

)
, (38)

Pr{||P − P0||∞ ≤ θ∞} ≥ 1− 2I exp(−2I ′θ∞). (39)

Suppose β1 = 1− 2I exp(−2I ′θ1
I ) and β∞ = 1− 2I exp

(−2I ′θ∞), θ1 = − I
2I ′ ln

1−β1

2I for L1 norm metric and θ∞ =

− 1
2I ′ ln

1−β∞
2I for L∞ norm metric [24]. This means that the

probability of the ambiguous distribution within the confidence
sets that are constructed by L1 and L∞ norms are at least equal
to β1 and β∞ respectively.

2) DRO Problem Formulation: Based on the distributed ro-
bust optimization model and using the two-stage SIP from (28),
we formulate our optimization problem, the objective of which
is to minimize the expected network cost under the worst-case
distribution realization in D. Here, D can be constructed ac-
cording to the L1 and L∞ norms, which are corresponding to
D1 and D∞. Then, the formulated problem is written as:

min
mr

w,e,m
o
t̄,w,e

(λi)
max
P∈D

:

∑
w∈W

∑
e∈E

mr
w,ec

r
w,e

+
∑
λi∈Ω

P (λi)
∑
t̄∈T̄

∑
w∈W

∑
e∈E

mo
t̄,w,e(λi)c

o
w,e(λi)δ2, (40)

subject to: (29)–(33).
We solve the optimization by first interchanging the minimiza-

tion and maximization operations in the objective function (28).
Then, the optimization problem can be rewritten as follows:

max
P∈D

min
mr

w,e,m
o
t̄,w,e

(λi)
:

∑
w∈W

∑
e∈E

mr
w,ec

r
w,e

+
∑
λi∈Ω

P (λi)
∑
t̄∈T̄

∑
w∈W

∑
e∈E

mo
t̄,w,e(λi)c

o
w,e(λi)δ2, (41)

subject to: (29)–(33).
To address the problem in (41), we can treat the probability

distribution P as fixed and then optimize the internal minimiza-
tion problem. However, there is still a maximization in the outer
layer in (41). Thus, we turn the minimization problem into its

dual problem, which is illustrated as follows:

max
y
(1)

t̄,w,e
,y

(2)

t̄,w,e
(λi),y

(3)
w,e

:

∑
t̄∈T̄

∑
w∈W

∑
e∈E

∑
λi∈Ω

y
(2)
t̄,w,e(λi)Fw(λi)−

∑
w∈W

∑
e∈E

y(3)w,e,

(42)

subject to:

− y
(1)
t̄,w,e − y(3)w,e ≤ 0, ∀t̄ ∈ T̄ , ∀w ∈ W, ∀e ∈ E , (43)

∑
t̄∈T̄

∑
e∈E

(
Ōy

(1)
t̄,w,e + nF̄t̄,w,e(λi)y

(2)
t̄,w,e(λi)

)

≤
∑
e∈E

Co
w,e(λi)P (λi)δ2, ∀w ∈ W, ∀λi ∈ Ω, (44)

∑
w∈W

y(3)w,e ≤ crw,e, ∀e ∈ E , (45)

where y(1)t̄,w,e, y
(2)
t̄,w,e(λi), and y

(3)
w,e are dual variables correspond-

ing to constraints (29)–(31).
As a result, the dual problem and the outer maximization

operation can be combined and the final reformulated form of
the original optimization problem is illustrated as follows:

max
P (λi),y1

t̄,w,e
,y

(2)

t̄,w,e
(λi),y

(3)
w,e

:

∑
t̄∈T̄

∑
w∈W

∑
e∈E

∑
λi∈Ω

y
(2)
t̄,w,e(λi)Fw(λi)−

∑
w∈W

∑
e∈E

y(3)w,e, (46)

subject to: (43)–(45) ∑
λi∈Ω

P (λi) = 1, (47)

P ∈ D, (48)

where (47) is the basic condition of probability distribution,
and (48) indicates that the ambiguous distribution P belongs
to the confidence set D. The DRO algorithm can be solved
in two steps. In step 1, given historical data and using it as a
reference distribution P0, the problem (46) can be solved using
the GAMS script to construct the ambiguous distribution P . In
step 2, by substituting P into the objective function of inner
minimization problem (41), it is a linear programming problem,
and we also utilize the GAMS script to output the respective
decision variables. Similar to Section V-A, we also analyze the
complexity of the DRO by using the number of constraints. The
total number of constraints in both step 1 and step 2 of DRO are
2w′λ′ + e′ + 1 +Nmetric + w′e′(1 + 2t̄+ λ′). Nmetric is the
number of linear inequality and equality constraints introduced
by the adopted metric [24].

VI. PERFORMANCE EVALUATION

We consider three virtual service providers, and three edge
sensing units i.e., smartphones (model: iPhone 13 Pro Max),
e1, e2, and e3. The interest of the VSPs are “vehicles on
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Fig. 5. x-y coordinates of edge sensing units and base station (BS).

Fig. 6. Locations of the edge sensing units, such as smartphones that are used
to collect data around Singapore.

TABLE II
EXPERIMENT PARAMETERS [29]

road”, “buses and traffic lights” and “motorcyclist and mo-
torcycle”. Edge sensing devices are deployed in a rectangular
area 800 × 1000 m with three points as vertices where the
locations are randomly generated as shown in Fig. 5, (100,
100) m, (350, −100) m, and (200, −300) m. The location of
the BS is at (−100, 200, 50) m. Fig. 6 shows the locations
where the data are collected by the edge sensing units deployed
around Singapore. Fig. 7 shows the examples of data that are
collected from smartphone 1 and Fig. 8 shows the examples
of semantic data that are processed. Each smartphone’s daily
rental cost F̂ is $1.89 [45]. The other system parameters are
shown in Table II. In the simulations, we have generated the
SSQ behaviors randomly to determine γave

w,e . At the same time,
FW is also generated randomly in each demand scenario.

3) Energy Efficiency: We first compare the energy efficiency
between semantic data transmission and non-semantic data
transmission. In semantic transmission, the energy consumption
components consist of data collection, semantic data processing
(deep learning model inference), and semantic data transmis-
sion. On the other hand, the energy consumption components of
non-semantic transmission consist of data collection and data
transmission. The energy consumption for data collection is
negligible as it exists in both. The most intensive operation in
semantic data processing is YOLO object detection. According
to [46], the energy usage of YOLO is around 4.29 × 10−4 J,
which is 4.7879 × 10−4 times less than semantic data transmis-
sion. If the energy consuming of YOLO is added with the energy
consumption of semantic data transmission, the final result is
not affected after we round off to two decimal places. There-
fore, the energy consumption for the data process is negligible.
An image’s average transmitted data size is 2.2Mb, while the
average transmitted semantic data is 45Kb. The reason is that
the transmitted semantic data is precisely the region in which
the VSP is interested (demand). Hence, the energy of semantic
data transmission is 0.9 J, and the energy of non-semantic data
transmission is 44 J. The energy usage for semantic data pro-
cessing is 2.232 J/image [47]. The total energy consumption is
shown in Fig. 9. With the help of semantic data communication,
edge sensing units can reduce their power consumption during
transmission as well as storage costs, which means that they will
charge the VSPs less as the transmission cost depends on the
transmission energy. In addition, it improves the sustainability
of developments in the Metaverse.

A. Convergence of Double Dutch Auction

As shown in Fig. 10, the reward of the DQL in Section IV-A
can be maximized and converged at around 3500 epochs. In
DQL, we use the epsilon-greedy policy to select an action to bal-
ance exploration and exploitation. Exploration allows an agent
to increase its existing understanding of each action, resulting
in a long-term benefit. On the other hand, exploitation is taking
random actions to collect unknown information. In an optimal
long-term approach, it may involve some short-term sacrifices.
For example, one exploratory attempt will lead to the lowest
reward, but it is necessary to serve as an experience to avoid
doing so in the future. At around 700 and 3000 epochs, the DQL
is making random actions that lead to poor results and reduce
the overall reward.

B. Varying Time Steps

A simulation setup is used to illustrate the DRL-double dutch
auction result and it is shown in Fig. 11. This simple network
consists of two VSPs and two edge sensing units. In this simu-
lation, the buyer clock reduces from ktw,e, and the seller clock
increases from ote. The auction terminates when all the seller
clocks cross the buyer clocks. Using the match condition from
Section IV-A, seller 2 is matched with buyer 2 at t = 6, and
therefore the matched price is determined by using the clock
value from t− 1. Once buyer 2 and seller 2 are matched, they
are removed from the auction. Similarly, for buyer 1 and seller 1,
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Fig. 7. Examples of data that are collected from smartphone 1.

Fig. 8. Examples of semantic data that are processed by smartphone 1.

Fig. 9. Energy consumption of semantic data and non-semantic data.

Fig. 10. Convergence of DRL in Section IV.

Fig. 11. Illustration of DRL double dutch auction result.

Fig. 12. Relationship between the weight vw,e and the number of semantic
data required.

they are matched at t = 7 and the final trade price is determined
from t = 6.

C. SSQ Relationship

We consider the set-up similar to Section VI-A to explain the
relationship between SSQ, similarity score, and the number of
semantic data required. We set S1,1 = 0.8 and vary the number
of semantic data required. The relationship plot is shown in
Fig. 12. When the number of semantic data increases, weightv1,1
increases. An increase in v1,1 refers to a decrease in SSQ score
as the weight v1,1 is inversely proportional to the SSQ score.
However, when the number of semantic data required increases,
the weight increases at a decreasing rate. This is due to the fact
that insufficient data cause only a portion of the discomfort from
the Metaverse application. A further increase in semantic data
does not significantly decrease SSQ scores.

D. Monitoring the Tolerance Value θ1 and θ∞

In the next set-up, we monitor the relationship between the
tolerance value θ1, θ∞, and the size of historical data. The
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Fig. 13. Tolerance value θ1 plot against the historical data size I ′.

Fig. 14. Tolerance value θ∞ plot against the historical data size I ′.

Fig. 15. Monitor the confidence level β1 and β∞.

confidence level is set at 0.95, I = 2, and the relationship
curves are shown in Figs. 13 and 14. From the result, L∞ norm
metrics has a smaller tolerance value than L1 norm and it is less
conservative. This is because the confidence set will shrink as θ∞
decreases which reduces the conservativeness. As historical data
size grows, θ1 and θ∞ decrease, and more information is avail-
able, resulting in a tighter confidence set and a less conservative
output solution and, therefore, a decrease in network cost. When
I ′ increases to infinity, θ1 and θ∞ decrease to same value that
is close to zero. The reference distribution can then be utilized
as the actual true distribution after the confidence set becomes
a singleton. Then, the VSPs can purchase lesser semantic data
transmission with the reservation plan and purchase more with
the on-demand plan only when the scenario occurs. It can be
readily found that L∞ can achieve a lower network cost.

E. Monitor the Confidence Level β1 and β∞

We monitor the confidence levels β1 and β∞ by fixing the
tolerance values θ1 and θ∞ and varies the size of historical data
I ′. The confidence level is shown in Fig. 15. As the size of

TABLE III
DECISIONS OF VSPS [29]

the historical data used increases, it is more confident that the
constructed demand probability distribution contains the true
distribution. DRO that uses L∞ norm metrics can achieve a
higher confidence level than DRO that uses β1 norm metrics.
Eventually, the confidence level β1 and β∞ will reach 1, but the
L∞ norm will converge faster.

F. Decision of VSPs

We consider a simple case using L∞ norm with three VSPs,
three edge sensing units, and two scenarios |λi| = 2 to show the
decisions of the VSPs. There are three time slots representing
1: morning, 2: noon, and 3: afternoon. In λ1, the VSPs require
semantic data that are relevant to the vehicles driving on the road.
While in λ2, the VSPs require semantic data relevant to buses and
traffic lights. The decisions of VSPs are shown in Table III. Each
VSP subscribes to an edge sensing unit by using the reservation
plan due to the low cost. Each edge sensing unit charges VSP
with a different reservation cost, and the VSP subscribes to the
edge sensing unit with the lowest cost. When the VSP has a
demand and additional semantic data is required by using the
on-demand plan, the VSP subscribes to the edge sensing unit
according to the auction result. For example, in λ1, VSP 1 is
matched with edge sensing unit 1, VSP 2 is matched with edge
sensing unit 3, and VSP 3 is matched with edge sensing unit 2.
Both VSPs 1 and 2 request to transmit semantic data from time
slot 1 as time slot 1 is morning, at the peak hour, and there are
more vehicles on the road compared to other time slots.

G. Comparison With Other Schemes

We use a similar setting as in Section VI-D and set ne = 150
and compare the DRO schemes (using L1 and L∞ norms) with
deterministic optimization [24], random, and SIP [10] schemes.
The deterministic optimization scheme uses the average SSQ
scores, the number of semantic data required, and the similarity
score Sw,e to optimize the resource allocation. In the random
scheme, the values of the decision variables are randomly gener-
ated. SIP uses historical data to perform the resource allocation,
which can be solved by using (28)–(33). We use two types of
scenarios |Ω‖ = 2. The VSPs have demand in both scenarios
λ1 and λ2. However, the cost of the on-demand plan in λ2 is
higher than λ1 as the users in λ2 are faced with a lower QoE,
i.e., the users in λ1 have lower user demand than the users in λ2.
We compare the schemes with three types of SIP, i) uniform
case, i.e., P (λ1) = 0.5 and P (λ2) = 0.5, ii) extreme case 1
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Fig. 16. Compare DRO with deterministic, random, SIP (uniform), SIP (ex-
treme1) schemes.

Fig. 17. Compare DRO with deterministic, random, SIP (uniform), SIP
(extreme2) schemes.

TABLE IV
COMPARING SIP WITH DRO

(high probability of higher user demand), i.e., P (λ1) = 0.3 and
P (λ2) = 0.7, and iii) extreme case 2 (low probability of higher
user demand), i.e., P (λ1) = 0.7 and P (λ2) = 0.3.

Fig. 16 compares the aforementioned schemes for extreme
case 1 and Fig. 17 considers extreme case 2. As shown in the
results, the deterministic and random schemes cannot adapt to
the changes, so their costs are high. The SIP with a uniform case
has a lower cost as compared to both DRO schemes. This is due
to the fact that DRO uses the uniform distribution as a reference
distribution to obtain the true distribution but the DRO is more
conservative than SIP (uniform). This means that DRO offers
higher system reliability (user satisfaction) at the expense of
higher overall network costs. Table IV shows the comparison
result between SIP (uniform) and DRO solutions. DRO with
L∞ has a tighter confidence set than that of L1. Therefore, L∞
has a lower difference in accuracy and computation efficiency
as compared to L1 norm. As an illustration, we also plot the SIP
results (with extreme cases 1 and 2 known as the true distribu-
tion). For extreme case 1, the DRO with L1 norm constructs a
relatively close probability distribution of demand compared to
DRO with L∞ norm and SSP (uniform). The reason is that it is
more conservative, therefore catering to extreme cases of higher
user demand. However, for SIP (with extreme case 2 as the true
distribution), we observe that the DRO results are further off due
to conservativeness.

VII. CONCLUSION

In conclusion, we have proposed a two-phase stochastic
semantic resource allocation (SSRA) scheme to allocate the
semantic data captured by the edge sensing units. We have
shown that energy consumption can be reduced by transmitting
semantic data as compared to non-semantic data. Besides se-
mantic communications, we further reduce the network’s energy
consumption by implementing the SSRA scheme. We have
first formulated the SSRA scheme as a double dutch auction
to match the VSP and the edge sensing unit. The matching is
dynamic and depends on the quality of experience (QoE) from
the Metaverse users and the semantic data transmission cost from
the edge sensing unit. Then, we formulated DRO to minimize
the expected operation cost (energy consumption) of the VSPs
as not only is the demand of the VSPs uncertain, but the demand
probability distribution is also unknown. Therefore, compared
to the random and deterministic the SSRA scheme can achieve
the best solution as it can adapt to changes in the probability
distribution of VSPs’ demands. If extreme case 1 is the actual
distribution, then DRO with L1 norm is better than L∞ norm
when constructing the probability distribution of demand. On
the other hand, it is the other way around if extreme case 2 is the
actual distribution.
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