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ABSTRACT

In the era of 6G, featuring compelling visions
of digital twins and metaverses, Extended Reality
(XR) has emerged as a vital conduit connecting
the digital and physical realms, garnering wide-
spread interest. Ensuring a fully immersive wireless
XR experience stands as a paramount technical
necessity, demanding the liberation of XR from
the confines of wired connections. In this paper,
we first introduce the technologies applied in the
wireless XR domain, delve into their benefits and
limitations, and highlight the ongoing challenges.
We then propose a novel deployment framework
for a broad XR pipeline, termed “GeSa-XRF”,
inspired by the core philosophy of Semantic Com-
munication (SemCom) which shifts the concern
from “how” to transmit to “what” to transmit. Par-
ticularly, the framework comprises three stages:
data collection, data analysis, and data delivery.
In each stage, we integrate semantic awareness
to achieve streamlined transmission and employ
Generative Artificial Intelligence (GAI) to achieve
collaborative refinements. For the data collection
of multi-modal data with differentiated data vol-
umes and heterogeneous latency requirements,
we propose a novel SemCom paradigm based
on multi-modal fusion and separation and a GAI-
based robust superposition scheme. To perform
a comprehensive data analysis, we employ multi-
task learning to perform the prediction of field
of view and personalized attention and discuss
the possible preprocessing approaches assisted
by GAL. Lastly, for the data delivery stage, we
present a semanticaware multicast-based delivery
strategy aimed at reducing pixel level redundant
transmissions and introduce the GAI collaborative
refinement approach. The performance gain of
the proposed GeSa-XRF is preliminarily demon-
strated through a case study.

INTRODUCTION

With the compelling visions of metaverses and
digital twins, extended reality (XR), as a bridge
between the real and virtual worlds, has gar-
nered significant attention. To ensure a fully
immersive experience, eliminating the tether of

XR stands as a paramount technical imperative.
Given the inherent scarcity of radio resources,
there exists an urgent necessity for a novel
communication framework customized for XR.
Opportunely, the emergence of semantic com-
munication offers fresh insights to address this
requirement.

The pivotal concept in SemCom is shifting
from the traditional concern of “how” to trans-
mit information to the consideration of “what”
to transmit, thus streamlining the transmission
[1]. While numerous review articles highlight the
substantial benefits of SemCom to XR scenar-
ios, the comprehensive implementation methods
for the entire XR pipeline, encompassing data
collection, analysis, and delivery, have been
notably deficient [1], [2]. The existing monolithic
SemCom frameworks struggle to flexibly meet
the varying data volumes, data modalities, and
heterogeneous quality of service requirements.
Furthermore, for the most mature deep learn-
ing (DL)-based SemCom, the unavoidable error
floor during the training inevitably results in the
degradation of the user’s immersive experience
in reconstructed virtual scene at the mobile XR
devices [3].

Fortunately, the advent of generative artificial
intelligence (GAIl) has ushered in a promising
opportunity to revolutionize the SemCom frame-
work [4], [5]. In the paradigm shift from SemCom
to generative SemCom, the extraction of seman-
tic information evolves into the determination of
the PROMPT, providing enhanced flexibility in
communication system design, while alleviating
transmission burdens [6]. Furthermore, the dif-
fusion model, renowned as one of the foremost
GAl technologies due to its exceptional ability
in generating high-quality images, shows consid-
erable potential for enhancing high-definition
XR experiences. Nonetheless, this advancement
comes with the drawback of prolonged inference
latency, particularly when tasked with generating
content of substantial data volumes. Given that XR
itself is a computationally sensitive application, the
wholesale transfer of the existing generative Sem-
Com into XR undoubtedly brings more challenges
to instant virtual scene rendering. As such, the
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Simultaneously, we introduce a three-dimensional multi-user quality of experience (QoE) evaluation

metrics, encompassing weighted resolution based on tile significance, playback smoothness, and
playback synchronization to guide strategy optimization.

1 Public research suggests
that motion-to-photon
latency should be under
15-20 ms for a seamless
experience. Motion-to-sound
latency can be tolerated up
to 30 ms, while touch-to-feel
latency imposes the most
stringen requirements, often
as low as 1 ms.

strategic integration of GAl into the XR pipeline,

capitalizing on its strengths to enhance overall XR

performance while minimizing computational bur-
dens, becomes a thoughtful imperative.

To fill the research gaps, we systematically
review the currently available technologies, delve
into their benefits and limitations, and high-
light the ongoing challenges in the XR domain.
Based on this, we propose a Semantic-aware
XR Deployment Framework Enhanced by GAI,
termed “GeSa-XRF”. In contrast to the exist-
ing purely point-to-point SemCom framework,
GeSa-XRF is structured around three distinct
functional tasks, each addressing critical aspects
across the stages of data collection, analysis, and
delivery. Leveraging the innovative potential of
SemCom and GAIl, semantic awareness and GAl
techniques are seamlessly integrated into each
task. The specific contributions are outlined as
follows:

+ In the data collection stage, distinct from
the existing multi-modal SemCom approach
targeted at decision-making [7], we intro-
duce a novel SemCom paradigm centered
on multi-modal fusion and separation for
reconstructing multi-modal signals. Further-
more, rather than opting between SemCom
and traditional communication [2], we har-
ness the robustness of SemCom and pro-
pose a GAl-based superposition scheme to
manage the collection of multi-modal data
with varied data volumes and heteroge-
neous latency requirements, with a trade-off
among performance, inference latency, and
training complexity.

+ In the data analysis stage, considering the
limitations of computing resources on
mobile devices, we employ the tile-based
rendering method. Subsequently, by lever-
aging multi-task learning (MTL) techniques,
we develop a unified algorithm for atten-
tion assessment and field of view (FoV) pre-
diction. Utilizing the attention assessment
results, we assign varying degrees of seman-
tic significance to different tiles. Moreover,
we classify the tiles into foreground and
background segments based on their seman-
tic importance. For the background tiles, we
employ GAl-based proactive preprocess-
ing guided by the FoV prediction results to
enhance the overall XR performance.

+ In the data delivery stage, we incorporate
the semantic significance obtained during
the data analysis stage into the delivery strat-
egy to reduce pixel-level redundant trans-
missions. Specifically, the strategy involves
semanticcaware multicast cluster decision,
semanticaware transcoding, and seman-
ticaware scheduling for the foreground tiles.
Simultaneously, we introduce a three-dimen-
sional multi-user quality of experience (QoE)
evaluation metrics, encompassing weight-
ed resolution based on tile significance,

playback smoothness, and playback syn-
chronization to guide strategy optimiza-
tion. Furthermore, our case study delves
into semantic-aware cluster decision-making
and transcoding, primarily showcasing the
performance improvements facilitated by
GeSa-XRF.

XR DEPLOYMENT OVERVIEW AND CHALLENGES

To maintain generality, we focus on a broad
three-stage XR deployment pipeline. The available
techniques and the challenges in each stage are
discussed below:

TRIGGERING STAGE: DATA COLLECTION

The effectiveness of immersive interactions
hinges upon the integration of multi-sensory data
exhibiting in distinct modalities with varying data
volumes. For instance, data streams like audio and
video for environment mapping may require data
rates exceeding 100 Mbps. Conversely, data vol-
umes for eye tracking and haptic commands are
often just a few bytes. Furthermore, human brain
reaction times to visual, auditory, and tactile stim-
uli differ significantly.’

Given the sporadic and random nature of the
user behavior, allocating a dedicated frequency
bandwidth or semi-persistent scheduling for these
data may result in low bandwidth utilization and
the weak capability of latency guarantee. To this
end, the puncturing scheme and superposition
scheme [9] posited for scenarios with the coex-
istence of enhanced mobile broadband (eMBB)
and ultra-reliable and low-latency communications
(URLLC) traffic appears to be more suitable for
the targeted XR case. Nevertheless, the adoption
of such a joint scheduling mechanism inevitably
impacts the transmission performance of eMBB,
leading to the degradation of the quality of virtual
scene construction. Thus, efficiently orchestrating
the transmission of multi-modal data with diverse
latency requirements still stands as the foremost
challenge in enhancing the XR user experience and
realizing its success.

INTERMEDIATE STAGE: DATA ANALYSIS

Despite understanding user interactions, data
analysis can also play an essential role in enhanc
ing the XR performance. Nowadays, the FoV
prediction has evolved into an integral technology
for wireless XR transmission. However, most of
the ongoing refinements only contain eye-track-
ing data. While some advanced research has
integrated video saliency detection into FoV pre-
dictions [10], it is important to clarify that view
direction is influenced not only by the distribu-
tion of attractive objects but also by personal
preferences. Nonetheless, few studies establish
a connection between individual interests and
video content, potentially limiting the generaliz-
ability of existing models.

Furthermore, while accurate FoV predictions
can effectively reduce the latency experienced by
users by proactively transmission, this approach
fails to address the issues of limited radio resources
in fact, especially in multi-user scenarios. As such,
relying solely on FoV predictions proves insuffi-
cient. Drawing inspiration from the fundamental
concept of SemCom, we believe that optimizing
XR sessions should involve strategies aimed at
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Tech.

Stage Semantic Awareness < Relationship — Generative Al
Objective Fficiently orchestrating the transmission of multi-modal data with diverse QoS requirements
= Benefit - Achieving efficient multi-modal semantic compression Utilizing GAI to further enhance the active adversarial - Empowering the decoder to proactively capture and eliminate
E - Enhancing the robustness of super-position scheme capability of the robust semantic decoder in the interference caused by superposition on ongoing transmissions
':’; superposition framework
2 Approach Dl-based SemCom paradigm « GAI-basd denoising
& - The requirement to explore the explainability of semantic containers, determine the optimal location of output semantic features, and improve the performance of multimodal fusion and separation
Challenge is crucial.
- The necessity for pre-training an effective discriminator to effectively evaluate the quality of generated data is vital for enhancing the training stability during fine-tuning of GANS.
Objective Performing comprehensive data analyses (beyond FoV prediction) to reducing transmitted data
- By linking semantic features within the tiles of the FoV to the By analyzing the semantic features of FoV and - Forthe background tiles, the GA-based predictive rendering
z Benefit user's attention for each type of semantic feature, varying user's preferences, the tile can be personalized into techniques can reduce the number of tiles to be transmitted in
E importance can be assigned to individual tiles background and foreground ones for processing both the requested FoV as and the next FoV
g separately
S, Approach Joint training based MTL — Image inpainting and outpainting
- Designing the MTL neural network structure delicately to maximize the sharing of underlying features and conserve computational resources, all while ensuring prediction accuracy, presents a
Challenge significant challenge.
- The varied computing capabilities necessitate personalized trade-offs between computing latency for inpainting and outpainting, as well as transmission latency.
Obictive Jointly aptimizing transcoding, multicast, and scheduling, aiming to decrease pixel-level redundant transmissions and enhance visual experiences, playback smoothness, and the synchronization of
J multiple XR sessions
- Achieve pixel-level redundancy removal in resource- Leveraging GAl techniques to collaboratively enhance - Denoising received distorted tiles
§ Benefit constrained wireless transmission, by integrating semantic semantic-aware content delivery, incorporating - Recovering the dropped tiles exceeding latency requirements
% awareness into transcoding and multicast denoising, FoV completion, and personalized - Enabling personalized enhancements and refinement
= o enhancements
= - Combinatorial optimization - Image recovery
= Approach - Decision decomposition based on GAIl & large language model - Image inpainting
- real-time translation
Challenge - Decoupling the high-dimensional multi-constraint optimization problem on joint semantic-aware multicast cluster decision, transcoding, and scheduling poses a significant challenge.

- The optimization and offloading of computing consumption and latency for GAI-based collaborative refinements is paramount.

It should be noted that at each stage we focus only on the most significant issues. The superposition scheme for uplink data collection proposed in Stage | can also be applied to the multicast-hased downlink transmission process in Stage Il

TABLET. Summary of the role of semantic awareness and GAl in GeSa-XRF.

reducing transmitted data volume. In this sense,
there arises a need to explore reliable and com-
prehensive data analysis (beyond FoV prediction),
with the overarching objective of further reducing
transmitted data, all while maintaining the user’s
immersive experience.

FEEDBACK STAGE: DATA DELIVERY

To enhance the immersive XR environment, timely
feedback of multi-sensory data to users is crucial.
Among the multiple types of sensory data, visual
data is particularly data-intensive, which is always
perceived as a formidable obstacle for wireless
mobile VR deployments. In recent literature, the
utilization of online transcoding emerges as a
prominent technique for enhancing user experi-
ence [11]. However, the user’s attention degree
to different tiles in the requested FoV is always
neglected and all the tiles are treated uniformly.
This oversight results in existing efforts optimizing
only up to the point of ensuring video playback
smoothness and failing to optimize user experi-
ence in a personalized manner.

Meanwhile, for multi-user scenarios, despite
the distinct regions of interest for each user, there
is considerable overlap of the FoVs requested in a
session [11]. Given the inherent broadcast nature
of wireless networks, multicast presents itself as a
promising efficient transmission technology. While
this method is straightforward to implement in a

single cell, determining clusters for multicast in the
typical heterogeneous network (HetNet) becomes
challenging, which is influenced by both the avail-
able bandwidth of individual base stations (BSs)
and the user distribution. Additionally, due to the
lack of consideration for the significance of each
tile, current multicast strategies solely address the
transmission redundancy at the tile level. Hence,
there is a need to explore a strategy aiming to
decrease pixel-level redundant transmissions while
accommodating personalized visual experiences,
playback smoothness, and the synchronization of
multiple XR sessions.

EXPLORING GESA-XRF: ILLUSTRATIVE INSIGHTS

In this section, the specific implementation
details of GeSa-XRF in each stage are presented,
respectively, where the main roles of semantic
awareness and GAl are summarized in Table 1.
Meanwhile, the meanstream GAI techniques have
been presented in Fig. 1.

Mutri-MopAL DATA CoLLECTION

In this subsection, we focus on the orchestration
of the multi-modal data collection with diverse
latency requirements, which is visualized in Fig. 2.

1) Designing a Multi-modal SemCom
Framework for Large Volume Data: First, we
target sensory data with large volumes, such
as audio and video. Considering the ultra-high

2 The diagrammatic represen-
tation of the model in this fig-
ure is from https //lilianweng.
github.io/posts/2021-07-11-
diffusion-models/.
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Variational Autoencoder

Maximize variational lower bound

* Offer a principled framework for unsupervised learning and
representation learning.

* Provide a clear probabilistic interpretation of the generated
samples and latent space.

Disadvantages

o Generate blurry images due to the nature of the objective
function, which includes a reconstruction loss and a
regularization term.

o Struggle with capturing complex data distributions, especially
those with multiple modes.

&

Low image High a)<
generation computation
quality costs
Advantages Advantages

Flow-based Model

Invertible transform of distributions

* Offer a more interpretable latent space, enabling better
understanding and analysis of the data distribution.
* Tend to have more stable training dynamics compared to GANSs,
avoiding issues such as mode collapse.
Disadvantages

o Struggle with modeling complex data distributions, especially
those with high-dimensional or multimodal structures.

o Require invertible transformations, which can limit the
expressiveness of the model architecture.

Generative Adversarial Network

Adversarial training

Low inference
latency;
relatively high
generation quality

Advantages
* Be capable of generating high-quality, realistic samples, often
with sharp details.
* Do not rely on explicit likelihood estimation, allowing them to
capture complex data distributions more effectively.
Disadvantages
o Unstable training, often suffering from mode collapse or
training divergence.
o They require careful hyperparameter tuning and architectural
choices to achieve good performance.

.

0 (

Stage lll in GeSa-XRF
Stage | in GeSa-XRF Stage Il in GeSa-XRF

-

Diffusion Model

Gradually add Gaussian noise and
then reverse

Realistic image
generation noc =
P T
quality;
stable training
Advantages

* Generate high-quality samples with realistic details by gradually
adding noise to an initial sample.

¢ Offer stable training dynamics and avoid issues such as mode
collapse commonly observed in GANs.

Disadvantages

o Suffer from higher computational costs due to the iterative
nature of the generation process.

o Require careful tuning of diffusion parameters and annealing
schedules for effective training.

\

FIGURET. Summary of mainstream GAI technologies [8].
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FIGURE 2. GAl-assisted superposition transmission with heterogeneous communication paradigm for multi-modal data collection. a)
DL-based multi-modal SemCom framework. b) Robust GAl-assisted superposition scheme for heterogeneous transmission.
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latency requirements for uplink transmission, the
DL-based multi-modal SemCom stands out the
first-choice [7], which allows not only for more
efficient semantic compression by removing inter-

Considering its single forward pass characteristics and relative high generation quality, we resort to

the generative adversarial network (GAN) to further refine the joint channel and semantic decoder,
avoiding introducing much extra latency.

modal redundancies, but also for cross-modal
parsing at the XR server to enhance decoding
robustness with low inference latency.

Different from the available multi-modal
SemCom aimed at decision-making, e.g., visual
question answering, the XR server targets at the
reconstruction of multi-modal signals. To this
end, a multi-modal SemCom framework based
on multi-modal fusion and separation is pro-
posed as shown in Fig. 2(a). Inspired by the
DL-based SemCom framework designed for
uni-modal data reconstruction, the semantic
encoders and decoders herein adopt a sym-
metric structure, both of which consist of two
integral components. One corresponds to the
neural network for reconstructing individual uni-
modal data, where the encoder part acts as a
layer-structured semantic container, while the
decoder part functions as a cascading semantic
reasoner. The other relates to the multi-modal
fusion or separation module. At the transmitter,
the fusion module processes the semantic fea-
tures output by certain layers of the individual
semantic containers, facilitating semantic fusion
to eliminate redundant information. Conversely,
the separation module at the receiver takes the
fused data, parsing multiple semantic features,
and conveys them to the corresponding seman-
tic reasoners for incremental enhancement of
semantic inference layer by layer. Moreover, the
realization of an effective fusion and separation
pair necessitates the identification of appro-
priate semantic features, implying an optimal
location for output semantic features within the
semantic container.

2) Designing a GAl-assisted Superposition
Scheme for Coexistence of Multi-modal Data:
According to existing literature [3], DL-based
SemCom exhibits greater robustness compared
to conventional bit-based communications and
can achieve high-quality data reconstruction
even at low signal-to-noise ratios. Therefore, the
multi-model SemCom proposed above holds the
promise to endow the superposition with the resil-
ience to withstand inter-user interference. With
this in mind, we conceive a novel superposition
scheme for the coexistence of multi-modal sen-
sory data as shown in Fig. 2(b).

Specifically, the data with small data volume,
like haptic information, employ conventional
communications to mitigate the computational
latency, which are transmitted to the XR server by
overlaying the semantic transmission described in
the section “Designing a Multi-Modal SemCom
Framework for Large Volume Data.” Such the
superposition scheme can be identified as pow-
er-domain non-orthogonal multiple access. Due
to the end-to-end training fashion, it is important
to note that the decoding of the semantic signal
cannot involve a direct extraction from the super-
imposed semantic and bit signals [12]. In this
sense, at the destination, this scheme follows the
“bits-to-semantics successive interference cancel-
lation ordering”, as bit communications require
no prior training. Furthermore, to strengthen the
ability of SemCom to cope with superposition

interference, we can employ GAl to fine-tune
the semantic decoder, with relatively low train-
ing complexity. Considering its single forward
pass characteristics and relative high generation
quality, we resort to the generative adversarial
network (GAN) to further refine the joint chan-
nel and semantic decoder, avoiding introducing
much extra latency. Therein, the pre-trained joint
channel and semantic decoder in the section
“Designing a Multi-modal SemCom Framework
for Large Volume Data” is treated as the initial
generator in GAN. Simultaneously, to augment
the decoder’s active denoising capabilities, a dis-
criminator is introduced. The learning object of
the discriminator is to distinguish the distorted
data and the high-quality data. Against this, the
learning objective of the generator is to deceive
the discriminator to get a higher score. In other
words, the well-trained discriminator can act as
a fitting process of implicit functions used to
guide semantic decoding optimization, which
can reflect the relationship between the com-
pressed semantic information and the quality of
the reconstructed data.

MutTi-TASk DaTA ANALYSIS

In this subsection, we delve deeper into the
potential of the data analysis stage to streamline
the transmission and improve the overall perfor-
mance of the XR.

1) Joint FoV and Attention Value Prediction
based on Multi-task Learning Techniques: As
discussed in the section “Intermediate Stage:
Data Analysis,” the personalized interests of the
users are ignored in existing FoV predictions,
which causes the FoV prediction model to be
retrained for every new XR video. To address this
concern, we propose to introduce the factor of
user-object-attention (UOA) value into the FoV
prediction, which can lay the foundation for per-
sonalized video saliency prediction without the
need for retraining. Meanwhile, according to our
prior work [13], the prediction of UOA values
also holds a crucial role in assigning semantic
significance to tiles within the FoV, which assists
in optimizing transcoding, multicasting, and
personalized experience. However, our initial
approach in UOA prediction solely relies on the
user-object-attention level dataset for Metaverse
research. In fact, the shift of the FoV can also
serve as an indicator of the user’s attention to
various objects. In other words, FoV prediction
and user-object-attention prediction are intri-
cately connected tasks.

Consequently, we resort to the utilization of
MTL techniques [14] to train a model capable
of simultaneously performing both prediction
tasks, leveraging shared information to enhance
overall prediction performance as shown in Fig.
3(a). To establish a suitable dataset, a mapping
that delineates the correspondence between
objects and tiles within the FoV needs to be
created. This enables the fusion of the two
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FIGURE 3. Multi-task learning based on beyond FoV prediction for GAl-based preprocessing and semantic significance mapping. a) Joint
FoV prediction and attention assessment based on MTL. b) Preprocessing for background and foreground tiles.

datasets dedicated to each prediction task,
facilitating multi-task training. Additionally, to
recognize potential shared underlying patterns
between the two tasks, the neural network
architecture should incorporate shared layers
to extract low-level common features, which is
followed by two task-specific blocks for each
prediction task capturing unique patterns related
to individual tasks. To maintain an overall opti-
mization objective, we propose the creation of
a joint loss function that combines losses from
both tasks. The expansion on how the prediction
results enhance XR session performance will be
explored in the section “Semantic signification
based GAl-assisted preprocess and multi-user tile
significance mapping.”

2) Semantic signification based GAl-assisted
preprocess and multi-user tile significance map-
ping: Based on the inclusion or exclusion of
objects of interest to the user, we propose to cat-
egorize tiles into two types for separate processes
as shown in Fig. 3(b).

+ Background tile: Background tiles used to
create the backdrop or distant scenery. Due
to substantial overlap between adjacent
FoVs, devices can employ advanced GAI
techniques to conduct outpainting for pre-
dictive rendering of background information
in the unit of tile in advance. Considering the
more relaxed downlink latency requirements
resulting from proactive pre-processing, we
favour the choice of the diffusion model, e.g.,
the stable diffusion given its excellent image
generation details. Herein, the XR server
only needs to transmit the FoV prediction
results to the users, which can enhance the
smoothness of user experiences during FoV
transitions without consuming extra compu-
tational and transmission resources for the
XR server. Similarly, within the requested
FoV, background tiles can also be proactively
dropped, since they can be rendered at the
XR device using diffusion-based inpainting
techniques based on received surrounding
tiles. However, for specific scenarios, given
the differentiated computing capabilities of
the devices, a trade-off between the com-
puting latency and the transmission latency
should be carefully studied.

+ Foreground tile: Foreground tiles are used
to represent interactive elements or objects
that are closer to the player’s viewpoint. Con-
cerning the foreground tiles with objects of
interest to users, our focus lies in generating
a significance map of the tiles based on the
user requests. This map serves as a guide for
semanticaware delivery, as discussed in the
section “Multi-User Data Delivery.” Given
that users exhibit varying levels of attention
to the same object and different levels of
attention to distinct objects, we first pro-
pose the derivation of a personalized signif-
icance map. This map relies on the matrix
product of UOA values across all semantic
features and the distribution of semantic fea-
tures within each tile in the requested FoV
[13]. Meanwhile, in a multicasting scenario,
tiles requested by a greater number of users
should also receive higher significance, given
that the loss of them may affect multiple
users at the same time. Thus, the ultimate
significance map for all transmitted tiles is
derived through the Hadamard product of
the aggregated multi-user significance map
corresponding to their requested FoV and
the overlapping degree of the FoV requested
by all users. The implications of the multi-us-
er tile significance map on semantic-aware
delivery are further explored in the section
“Multi-User Data Delivery.”

Mutri-USER DATA DELIVERY

In this subsection, we propose to integrate seman-
tic awareness into the online transcoding strategy
as well as multicast delivery, to diminish pixel-level
redundancy.

1) Designing a semantic-aware multicast
delivery scheme for enhancing experience and
playback synchronization: In this work, we con-
sider a typical HetNet architecture with one
macro BS (MBS) and several small BSs (SBSs) as
shown in Fig. 4(a). All the BSs assume a synchro-
nized discrete-time system with slots. In HetNet,
the SBSs generally share the same segment of
frequency bandwidth and the MBS operates at
a different frequency bandwidth. Meanwhile, all
the SBSs can be covered by the MBS, and there
is no overlap between SBSs. In the considered
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multicast system, the resource allocation targets
are no longer users but rather tiles requested in
individual BSs. In this context, we define a multi-
cast transmission about a tile as a cluster, which
is specified by the associated BS, the transcoded
resolution, and the transmission slot as shown in

Fig. 4(b). During the delivery, the following three

types of constraints are considered.

» To avoid redundant transmission, a tile with-
in a given BS can only be transmitted at
most once.

+  For tiles requested by the user only covered
by the MBS, the cluster should be served by
MBS. For tiles requested by users covered
by SBSs, the cluster is either served only by
the MBS or by each of the relevant SBSs
separately.

» In each slot, the available resources at
each BS should be able to support the
transmission.

For guiding the delivery optimization as
illustrated in Fig. 4(d), we propose a three-di-
mensional experience evaluation metric, as
depicted in Fig. 4(c). The first is the weighted
resolution based on the tile semantic signifi-
cance acquired in Stage Il. The second is the
playback smoothness, which is jointly deter-
mined by transmission and computing latency.
The last is playback synchronization, which can

Another feature of MBS is its capability of simultaneous transmission to users covered by different

SBSs, which suggests that the clusters relate to the tiles requested in different SBSs

minimize the time-shift between multiple users
to ensure an immersive viewing experience for
all the users in the virtual world. However, in
achieving the optimal experience, the sched-
uling, transcoding, and multicast decisions are
coupled with each other, which makes the opti-
mization problem intractable. Therefore, we
propose a possible way to decouple the high-di-
mensional optimization problem, which can
unfold along three steps:

+ Decoupling of Multicast: The reason for
starting with this lies in two distinctive
roles of MBS in HetNet. One is the only
choice for users uncovered by SBSs, which
restricts the clusters associated with these
users to be served by MBS in priority.
Another feature of MBS is its capability
of simultaneous transmission to users cov-
ered by different SBSs, which suggests that
the clusters relate to the tiles requested in
different SBSs. In addition, it is desirable
to balance the ratio of total significance
scores to available bandwidth between BSs
in order to keep the tiles with the same
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significance in different BSs to be transcod-

ed into a similar resolution level.

+ Decoupling of Transcoding: After Step 1,
the coupling between BSs in the resource
allocation is released. Then, the online
transcoding can performed within each BS
separately based on their significance map.
With the objective of the total weighted
resolution, a natural idea is to give higher
resolution level to the more important tile.
However, specific decision-making scenar-
ios still need to be determined taking into
account the resources available at the BS.

+ Decoupling of Scheduling: At last, sched-
uling decisions can be determined by
jointly considering the significance map
and the transmission progress of the tiles
requested by individual users, with the
aim of guaranteeing the playback synchro-
nization between multiple users. More-
over, for scenarios with a high degree of
dynamic change in wireless resources, the
available resources for each time slot also
need to be considered in the design of the
algorithm.

2) Advancing experience with GAl-assisted
denoising, FoV Completion and personalized
enhancement: During wireless transmission, trans-
mitted data are susceptible to noise interference,
resulting in distorted data that compromises the
immersive experience. Furthermore, resource
limitation may occasionally prevent the success-
ful transmission of all the requested tiles to the
user before playback, leading to playback lag or
incomplete construction of virtual scenes. Con-
sequently, exploring corresponding remedies
becomes imperative.

Given diffusion powerful generation capabil-
ities and flexible deployment, it emerges as the
primary choice for enhancing experience. The
forward process of the diffusion model initiates
with an input data sample and progressively
introduces noise, mirroring the interference expe-
rienced by data transmitted in a wireless channel.
Conversely, in the reserve process, starting with
the noisiest data version, the model iteratively
denoises the data, aiming to recover the original
data, with a parallel objective to the denoising
process in communication systems. While the lit-
erature showcases notable denoising capabilities
for images [15], the determination of the minimal
number of required denoising steps for specific
noisy data warrants further investigation to reduce
computing latency. Simultaneously, thanks to the
success of inpainting techniques, the lost tile can
be recovered. Considering the dual factors of
computational latency and generation of tile fidel-
ity, GAN and diffusion model can be chosen on
a case-by-case basis to make a trade-off between
the both factors. In addition to the compensation
for transmission losses, GAl can open avenues
for personalized user experiences, such as real-
time voice translation and personalized ambiance
rendering.

CASE STUDY: STREAMLINED MULTICAST-BASED DATA
DELIVERY IN GESA-XRF

In this case study, we focus on the implemen-
tation of semantic-aware multicast-based image

delivery process in GeSa-XRF, specifically con-
cerning semantic-aware multicast decision and
semanticaware transcoding, which determines
the source content to be transmitted as well as
the transmission bandwidth. The multi-modal Sem-
Com can be implemented following the results of
the strategy.

SCENARIO SETUP

Without loss of generality, we consider a HetNet
with one MBS, two SBSs, and five users. Specif-
ically, each SBS covers two users and one user
is only covered by the MBS. For a given XR ses-
sion, we develop the delivery strategy based on
the image of real scenes, Jewel Changi Airport,
shown in Fig. 5(a). According to the overlap of
the FoVs and the common semantic feature that
people have across FoVs, we derive the seman-
tic significance maps for each BS, respectively.
The tiles highlighted in the three maps refer to
the tiles requested by the covered users. The
darker the color of the tile, the more important
it is. To ensure the playback smoothness, all the
requested tiles should be delivered to the users
within an allowable latency. In the subsequent
development of the strategy, we assume the
available bandwidth for the MBS SBS 1, and SBS
2 to be 200 Mbps, 150 Mbps, and 100 Mbps,
respectively.

STRATEGY DEVELOPMENT AND PERFORMANCE ANALYSIS

Following the decoupling steps outlined in the
section “Multi-User Data Delivery,” we begin by
identifying the cluster associated tiles requested
by user 3 (covered solely by the MBS), designat-
ing them to be served by the MBS. To validate
our proposed framework, we introduce two clus-
ter grouping methods: semantic-aware multicast
and conventional multicast. In the conventional
approach, our goal is to achieve load balance,
that is, making the ratio of the number of tiles
to be sent to each BS to the available bandwidth
as equal as possible. Conversely, in the seman-
ticaware approach, we strive for the similar ratio
of the total importance score of the tiles to be
sent and the available bandwidth across differ-
ent BSs, to ensure that the tiles with the same
significance to be transcoded into the similar
resolution level. The semanticcaware multicast
decision results can be found in Fig. 5(b). Both
the approaches can be implemented based
on conditional linear programming with con-
straints. After the cluster decision, we perform
the transcoding strategy for each BS, respec-
tively. Similarly, we consider the two methods:
semanticaware and conventional transcoding. In
semanticaware transcoding, we aim to optimize
the total resolution level weighted by the signifi-
cance value, while in conventional transcoding,
we just optimize the total resolution, regard-
less of the significance. To solve the above
two combinatorial optimization problems, we
adopt the genetic algorithm. Fig. 5(c) indicates
that average resolution levels by significance
under semanticaware transcoding are generally
higher than those under conventional transcod-
ing. The metrics of PSNR and LPIPS achieved
by the semantic-aware and semantic-unaware
transcoding are 29.175 dB and 28.934 dB, 0.379
and 0.421, respectively. Visual comparisons of

3
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FIGURE 5. Implementation of semantic-aware multicast-based delivery strategy in case study. a) Image of real scenes, Jewel Changi
Airport and significance map. b) Results of semantic-aware multicast decision. c) Performance comparison under semantic-aware
and conventional multicast with semantic-aware and conventional transcoding. d) Visual comparison of semantic- aware and con-

ventional transcoding optimization, where /5 to /1 represent the original resolution, 75%, 50%, 25% and 15% original resolution,

respectively.

the two transcoding optimization methods are
presented in Fig. 5(d). Furthermore, through a
comparison of simulation results between seman-
ticaware multicast and conventional multicast,
we observe a higher similarity in average reso-
lution levels by significance across the three
BSs in semantic-aware multicast. This observa-
tion establishes a basis for rationalizing multicast
distribution of XR content in heterogeneous net-
works with multi-BS cooperation.

ConcLusion AND FuTURE WORK

In this paper, we have conducted a thorough
exploration of efficient wireless XR transmission
technologies. Specifically, we have seamlessly
integrated semantic awareness to optimize data
transmission, leveraging GAl for collaborative
refinements and proposed a novel framework
called GeSa-XRF. In the future work, in the data
collection stage, we intend to involve a more
in-depth exploration about the integration of the
cutting-edge technologies in 6G, e.g., massive
MIMO, in the superposition scheme. During the
data analysis stage, our focus will be on optimizing
the number of proactively rendered and dropped
tiles , taking into account the communication
and computational resources at cloud-edge-end
architecture in 6G. In data delivery stage, we will
explore the optimal transmission strategy, concur-
rently considering three key experience evaluation
metrics. Additionally, we aim to investigate more
efficient decoupling strategies for high-dimen-
sional optimization problems leveraging the task
reasoning capabilities of large language model
techniques.
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