© 2024 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media, including reprinting/republishing this material for advertising or promotional
purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in other works. This is the author-accepted manuscript of the paper published in Proc. of
the 21st Annual IEEE International Conference on Sensing, Communication, and Networking (SECON 2024), pp. 1-9. The final published version is available at: https://doi.org/10.1109/SECON64284.2024.10934939

Scalable and Distributed Optimization of Shared 3D
Object Quality for Large-Scale Hybrid-Metaverses

Yui Maruyama

Osaka University

Osaka, Japan
y-maruyama@ist.osaka-u.ac.jp

Tatsuya Amano
Osaka University
Osaka, Japan
t-amano @ist.osaka-u.ac.jp

Hirozumi Yamaguchi
Osaka University
Osaka, Japan
h-yamagu @ist.osaka-u.ac.jp

Abstract—Hybrid-metaverses, integrating physical and virtual
spaces, face a critical challenge in managing shared 3D ob-
ject quality across multiple users with diverse preferences and
limited network resources. This paper addresses the problem
of allocating limited bandwidth for transmitting point cloud
representations while maximizing overall user satisfaction. We
propose a distributed optimization method that dynamically
adjusts 3D object quality based on contextual importance, avail-
able resources, and user preferences. Qur approach uses Input
Convex Neural Networks (ICNN) to model user utility functions
and employs the Alternating Direction Method of Multipliers
(ADMM) for distributed optimization. Key advantages include
scalability, adaptability, and improved quality of experience.
Evaluation using open dataset demonstrates significant improve-
ments in user satisfaction and resource utilization compared to
baseline approaches. Our method achieves 93-94.6 % accuracy in
modeling user utility and shows up to 60% faster convergence for
scenarios with 30 users, contributing to the balance between high-
fidelity representation and efficient data management in hybrid-
metaverses.

Index Terms—3D point cloud, hybrid-metaverse, distributed
optimization, Input Convex Neural Networks

I. INTRODUCTION

The Metaverse, an immersive virtual shared space, has
increasingly served as a critical technology for remote com-
munication, bridging the social distance caused by the pan-
demic and others. Platforms like cluster [1] utilize cutting-
edge VR/AR/XR technologies to create immersive virtual
environments that closely resemble physical spaces.

Recent advancements in 3D sensing technologies have in-
troduced a new concept: the integration of real-world spaces
into virtual environments through real-time sensing [2]-[5].
This approach, which we term a “hybrid-metaverse,” tran-
scends traditional avatar-based communication by capturing
and incorporating physical living spaces into the metaverse
in real-time. For instance, Physically Grounded Metaverse
Applications (PMAs) propose metaverse environments based
on spaces dynamically scanned by LiDAR sensors [4]. Amano
et al. [3] further explore this concept, introducing an extended
metaverse where high-resolution 3D point cloud from users’
physical environments are captured and integrated into shared
spaces in real-time, enabling more immersive hybrid experi-
ences. This hybrid approach enables more immersive experi-
ences in collaborative applications, blurring the line between
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Fig. 1: The emerging concept of hybrid-metaverse

physical and virtual realities and opening new possibilities for
remote collaboration, education, and social interaction.

In these hybrid-metaverses, users’ physical spaces are con-
tinuously captured and digitized in real-time. Typically, this
is achieved using multiple fixed RGB-D cameras or LiDAR
sensors to scan the environment, generating detailed 3D point
cloud data. A crucial aspect of these systems is their ability
to process this data at the object level. Through real-time
semantic segmentation and object tracking, the captured point
cloud is divided into separate streams for individual objects
- such as people, furniture, or handheld items. This object-
based approach allows for more efficient data management
and transmission, as well as finer control over the quality of
different elements in the shared virtual space. However, the
sheer volume of this object-level 3D data and the need for
real-time updates still present significant challenges, especially
when dealing with multiple users and diverse objects in a
bandwidth-constrained network environment.

The core challenge in hybrid-metaverse systems is optimiz-
ing the quality of shared 3D objects while operating within
network bandwidth constraints. This optimization aims to
maximize the overall utility of all users, which we define in
this paper as the degree to which users can share their physical
space as desired with others. Ideally, all objects would be
shared at maximum quality, but network limitations make this
impossible. The complexity of this task arises from several
factors. Users have different priorities for object quality in the
shared virtual space, and these priorities change depending on
the context. For example, in a remote exercise class, the quality
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and frame rate of human avatars might be more important
than the resolution of background objects. In contrast, a virtual
cooking class might require high-resolution representations of
cooking utensils and ingredients. The importance of different
objects also varies based on the current activity within the
metaverse. During a virtual tour, the quality of architectural
details might be crucial, while a collaborative design session
would prioritize the fidelity of 3D models being manipulated.
This context-dependent nature of user utility is difficult to
capture with simple, linear models. Moreover, the available
bandwidth between users is often limited and may fluctuate,
necessitating dynamic adjustments to 3D object quality to
maintain a satisfactory experience for all users. Ultimately,
user utility is determined by how well they can share their
space according to their preferences in each specific context,
given these context-specific quality parameters and network
constraints.

To address these issues, we propose an approach that
integrates machine learning with distributed optimization tech-
niques. Our strategy employs Input Convex Neural Networks
(ICNNs) to accurately model the utility functions of users.
These neural networks are adept at grasping the intricate, non-
linear dynamics between the quality of objects, the context of
their use, and user satisfaction levels. To accommodate the
demands of large-scale metaverse environments, where cen-
tralized optimization is not feasible, we utilize a distributed op-
timization framework using the Alternating Direction Method
of Multipliers (ADMM). This method enables individual users
to optimize their personal utility functions, ensuring that each
participant can adjust the quality of the virtual objects they
interact with according to their own requirements and the
current bandwidth availability. Simultaneously, the system
maintains a balance, ensuring that the collective adjustments
adhere to the optimal network performance criteria. This setup
not only enhances user satisfaction but also promotes fairness
and efficiency in resource usage, particularly evident during
large virtual gatherings where varied object quality needs are
dynamically managed.

To validate our approach, we conducted extensive experi-
ments using three distinct physical space scenes constructed
from the SUN RGB-D dataset, simulating both online meeting
and party contexts. Our evaluation demonstrates that the
PICNN effectively models complex user utility functions while
maintaining the convexity required for ADMM optimization,
with 93-94.6% of test data falling within the 95% confidence
interval across different scenes. The distributed method shows
significant advantages over centralized approaches in terms of
scalability and efficiency. As the number of users increases,
our method exhibits better convergence speed and lower
communication overhead. Notably, for scenarios with 12 or
more users, our distributed approach consistently achieves
faster convergence than the centralized method, with up to
60% reduction in convergence time for 30 users. These results
highlight the effectiveness of our approach in managing shared
object quality for large-scale hybrid metaverse applications,
offering improved scalability and resource utilization while

maintaining high accuracy in representing user satisfaction.

II. RELATED WORK

Technologies for smooth information sharing and commu-
nication in remote spaces are rapidly advancing. In VR, tech-
niques such as 360-degree field of view expansion and multi-
user spatial sharing have been proposed and implemented.
For example, in reference [6], communication technologies for
scalable 360-degree video, such as video tiling and viewpoint-
adaptive resource allocation, are provided.

Various studies have been conducted on methods for trans-
ferring 3D volumetric streaming data, such as point clouds,
over networks [7], [8]. According to an ITU-T report sum-
marizing new services and requirements for networks in
2030 [9], it is anticipated that more immersive and rich
interactive services, such as holographic communication, tele-
haptics, and volumetric streaming, will become widespread.
The requirements of these services, such as bandwidth and
latency, suggest that addressing them solely through end-
to-end or overlay approaches is challenging, and integration
with in-network functions is necessary. Volumetric streaming
is generally intended for reception by MR or VR devices,
enabling users on the receiving end to stream 3D video with
six degrees of freedom (6DoF). In particular, point cloud
compression and streaming are areas of active interest, with
standardization efforts being led by ISO/IEC MPEG [10].
Existing research on point cloud optimization and encoding
often takes the approach of controlling the quality of point
clouds based on the viewport of the receiver, bandwidth, and
client buffering [8], [11].

A notable example of hybrid metaverse research is the work
by Amano et al. [3]. They propose an extended metaverse en-
vironment that seamlessly blends physical and virtual spaces.
Their system utilizes high-resolution 3D sensing technologies
to capture users’ physical environments in real-time and inte-
grate them into shared virtual spaces.

A key feature of their approach is the focus on visual privacy
control, allowing users to manage privacy at an object level
within the shared space. This research is closely related to
our work on 3D object quality optimization, as it addresses
the critical balance between user satisfaction and privacy
protection in hybrid metaverse environments. Both studies
contribute to the development of more immersive and secure
collaborative virtual experiences.

III. SYSTEM OVERVIEW AND PROBLEM FORMULATION
A. System Overview

The hybrid-metaverse system we propose in this paper aims
to seamlessly integrate multiple physical spaces into a shared
virtual environment, enabling rich, immersive interactions
between remote users. This system leverages advanced 3D
sensing technologies and real-time data processing to create a
dynamic, object-based representation of each user’s physical
surroundings within the shared virtual space.

At its core, our hybrid-metaverse system consists of three
main components: 1) real-time 3D capture and segmentation of



physical spaces, 2) efficient data transmission and management
across the network, and 3) adaptive quality control for shared
objects. These components work together to create a flexible,
scalable platform that can accommodate multiple users while
optimizing the use of available network resources.

Each user’s physical space is continuously scanned by
fixed RGB-D cameras, generating a detailed 3D point cloud
representation of the user and their surroundings. This raw
data undergoes real-time semantic segmentation and tracking
on the transmission side, effectively dividing the captured
environment into discrete object-based point cloud streams.

This object-level approach to data management offers sev-
eral advantages. It allows for selective sharing of objects
within the metaverse, giving users control over which ele-
ments of their physical space they wish to make visible to
others. Furthermore, it enables fine-grained control over the
quality parameters of each shared object. These parameters
include point cloud resolution, transmission frame rate, and
compression method, all of which can be dynamically adjusted
based on factors such as user preferences, current context, and
available network bandwidth.

In multi-user scenarios, the system employs a hybrid archi-
tecture for data transmission and management. A central server
aggregates and manages object attribute information, including
object types and their spatial placement within the shared
virtual space. However, to reduce server load and minimize
latency, the actual point cloud streams are transmitted directly
between users in a peer-to-peer fashion. This approach strikes
a balance between centralized coordination and distributed
data transfer.

On the receiving end, users obtain both the point cloud
streams and the associated attribute and placement infor-
mation. Their local systems then reconstruct these objects
within the shared metaverse space, creating a cohesive virtual
environment that integrates elements from multiple physical
locations.

A critical aspect of this system is its need for adaptive
quality management. Given the substantial data rates associ-
ated with high-quality point cloud transmission, the sending
side must continuously adjust the quality of each shared
object to adhere to the capacity constraints of the inter-
user communication channels. This dynamic quality control
is essential for maintaining system performance and ensuring
a smooth user experience within the bandwidth limitations of
the network.

B. Problem Formulation

Figure 2 illustrates the object quality optimization problem
in our hybrid-metaverse system.

In the formulation, each physical space contains a single
user. We denote the total number of users as N (> 1), with
the set of users represented as U = {uy, ..., u;, ..., un }. Each
user u; shares M; (> 1) objects in the metaverse, forming the
set O; = {0;.1,..-,041, ..., 0;, 1, ;. These objects are visible to
all other users in the shared virtual environment.
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Fig. 2: Problem Formulation

The quality of each shared object o;; is represented by
2,1, with z; denoting the quality vector for all objects shared
by user u;. While in practice, object quality is determined
by multiple parameters such as point cloud resolution and
transmission frame rate, we simplify this to a single parameter
x;; € [0,1] for our model. The communication capacity
required to share o, ; at quality z; ; is given by x; ;-w; ;, where
w;,; is a predefined capacity coefficient for each object. We
assume bidirectional communication channels between users,
with the capacity limit between users u; and u; denoted by
bi,j-
The user utility function f;(z;,c¢) quantifies the satisfac-
tion that user u; derives from the quality of shared objects
x; = (z1,..,%iMm;), Where ¢ € C' represents the current
context or communication scenario from a set of predefined
contexts C' = {cy, ¢a, ..., cx }. Each element of C corresponds
to a specific type of virtual interaction or activity. For instance,
c1 might represent an “online meeting” context, and c; a
“virtual social gathering” context. This context variable allows
the utility function to adapt to different situations, where
the importance of different objects may vary significantly.
For example, in an online meeting context (c;), high-quality
representation of participants’ faces and any shared documents
might be prioritized. In contrast, in a virtual social gathering
context (c2), the quality of full-body avatars and surrounding
environmental objects might take precedence. Importantly,
even when the same physical objects are shared across dif-
ferent time, their contribution to user utility may change
dramatically based on the current context. A higher value of
fi(x;, c) indicates greater user satisfaction within the given
context.

The global optimization problem for our hybrid-metaverse
system is formulated in Eqn. (1). Here, ¢ is a constant pa-
rameter representing the fixed context, and the optimization is
performed over the variables x; for all users u;. The objective
is to maximize the average utility across all users, which we
express as a minimization problem by inverting the sign of the
utility scores.
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While this problem could theoretically be solved using
centralized optimization if all utility functions f; were ag-
gregated at a central server, such an approach is impractical
in our context. The utility functions in our research require
representation by neural networks with substantial model
capacities. Furthermore, the dynamic nature of multi-user
metaverse environments, with frequent user entries and exits,
would necessitate constant updates to the centralized model.

Given these constraints, we propose a distributed optimiza-
tion method that does not require the sharing of individual
utility functions f;. This approach is better suited to the scal-
able and dynamic nature of hybrid-metaverse environments.

IV. PROPOSED METHOD

Our approach employs the Alternating Direction Method
of Multipliers (ADMM) to solve the optimization problem
defined in Eqn. (1) in a distributed manner, where each user’s
utility f; is represented by a neural network. ADMM is an al-
gorithm capable of solving constrained optimization problems
by decomposing the objective function into separable parts,
alternately optimizing each subproblem under global con-
straints, and sharing Lagrange multiplier information across
subproblems to find the overall solution.

A. ADMM-based distributed optimization

For simplification, we express the capacity constraint be-
tween users u; and u; using g; ;j(z;,z;), as defined in Eqn.
(3). The context ¢ is assumed to be consistent and fixed
during a given optimization process. Therefore, for the sake
of simplicity in this section, we denote the utility function
fi(xi,c) simply as f;(xz;), with the understanding that ¢
remains constant throughout the optimization.
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If the constraint is satisfied, g; ;(z;, ;) takes a value of O
or less, and if not satisfied, it takes a positive value.

In this context, the subproblem for user u; is expressed by
Eqn. (4). In the original problem (1), each variable x;; is
given independently according to each user’s utility function.
Therefore, the subproblem involves maximizing the local

utility function f; for user u; under the capacity constraints of
all communication channels between user u; and other users.
For this section, we assume that the utility functions f; for
each user have already been obtained.
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To facilitate optimization, we introduce slack variables
si,;(> 0) for the inequality constraints related to g; ;(z;, ;)
and convert them into equality constraints. The constraints
defined in Eqn. (2) can be rewritten as follows:

hij(xi,xj,85) =0, )
where,

hij (i, x5, 8i,5) = 9i,5(Ti, T5) + i

si,j 2 0

The augmented Lagrangian function L for the system-wide
optimization problem is given by Eqn. (6). Here, u; ; repre-
sents the Lagrangian multipliers for the capacity constraints
between user u; and u;. Additionally, p is a constant penalty
parameter used in the optimization process.
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Similarly, the augmented Lagrangian function L, for the
subproblem of user u; is given by Eqn. (7).
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In the ADMM framework, global optimization under the
overall constraints is achieved by alternately minimizing the
augmented Lagrangian function L; for each subproblem and
updating the slack variables and Lagrange multipliers. The
update formulas for these parameters in this problem are given
by Eqn. (8).
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Here, k represents the step number in the optimization
process. The initial values for all parameters are assumed to
be shared among all users. Each user performs the aforemen-
tioned steps individually, updating the parameters sequentially
from top to bottom in the equations.

At each step, user u; determines the optimal x; by mini-
mizing the augmented Lagrangian function, while keeping all
parameters other than their own objective function variables
x; fixed. During this process, the constraints on z; (i.e.,
x; € [0,1]) are considered.

Under the optimal value z; obtained, user u; sends the
value of Zl<l<Mi w;, 125, from Eqn. (3) to all other users.
This represents the total communication capacity used by user
u; in that step. Similarly, user u; calculates g; ;(z;, ;) and
h;; independently based on this information received from
other users, and uses these to update the slack variables and
Lagrangian multipliers according to Eqn. (8).

Based on the updated parameters, the next update step is
performed. Through this independent optimization of sub-
problems and communication of constraint-related information
between users, convergence to the solution of the overall
optimization problem is achieved.

In the ADMM framework, it is known that if the objective
function f; in the subproblems is a convex function, conver-
gence is achieved in a finite number of steps.

B. Utility Function Modeling with Input Convex Neural Net-
works

User satisfaction (utility) in shared spaces with varying ob-
ject quality is complex and challenging to model simply. This
study employs neural networks to represent the utility function
fi- For the ADMM algorithm to guarantee convergence, each
subproblem’s objective function must be convex. Therefore,
we aim to model the user’s utility as a convex function using
a specialized neural network architecture. While a basic neural
network can be made convex by using non-negative weights
and convex activation functions, this approach significantly
reduces the network’s expressive power.

To overcome this limitation, we adopt the Partially Input
Convex Neural Network (PICNN) [12]. The PICNN architec-
ture, illustrated in Fig. 3, maintains high expressiveness while
ensuring convexity with respect to specific inputs.

The PICNN takes inputs = and y, guaranteeing convexity
only with respect to y. Each hidden layer k is divided into
a convex part z; and a non-convex part ug. The network’s
output is defined by the following recursive equations:

zivn =gi(W (2 0 (W + b7]4)+
W (y o (Wi + ) + W u; + by)
f(z,y;0) =2z, u0 = x
In this formulation, z;41 comprises three components: the
relationship between the non-convex part u; and the convex
part z;, the interaction between the non-convex part u; and
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Fig. 3: Architecture of PICNN

the input y, and information solely from the non-convex part.
The non-convex part u; plays a crucial role in enhancing
the expressive power of the network, allowing the PICNN to
capture complex, non-convex relationships in the input data,
which are then transformed into convex representations.

The PICNN architecture incorporates several key features.
Only the weights Wi(z) in each layer are constrained to be non-
negative, as only z; needs to be a convex function for each <.
The activation functions g; for the convex parts are selected
to be convex functions. Passthrough connections Wi(y) (for
i = 1,2,....k — 1) apply weights directly to the network’s
input and pass it through to subsequent hidden layers, starting
from the second hidden layer onwards. These passthrough
connections help overcome the difficulty of training identity
mappings in deep networks, especially under the non-negative
weight constraint of PICNNs. Additionally, weight parameters
Wi(u) transmit information from the non-convex parts of each
layer to the convex parts. This combination of features allows
the PICNN to maintain both expressiveness and the required
convexity properties.

As a result, the output becomes a convex function of the
input y, while generally remaining non-convex with respect to
x. This partial convexity allows the network to model complex
utility functions that may have non-convex dependencies on
certain inputs, while still maintaining the convexity properties
required for optimization with respect to the key variables.

In our application, the input x represents the context, while
y represents the object quality parameters. The PICNN ensures
that the output (user utility) is convex with respect to y for
any given z. This property guarantees that, for any fixed
context, the utility function is convex with respect to the
quality parameters we aim to optimize.

By adopting the PICNN, we can accurately represent com-
plex user preferences that may change significantly across
different contexts, while ensuring that the optimization prob-
lem remains tractable within the ADMM framework. This
approach provides a flexible and powerful way to model user
satisfaction in dynamic, shared virtual environments, where
the impact of object quality on user utility may vary greatly
depending on the context, but the optimization process requires
convexity with respect to these quality parameters.



V. EVALUATION
A. Experimental Setup

To evaluate the effectiveness of our proposed method in
large-scale hybrid metaverse scenarios, we constructed a com-
prehensive experimental environment using open-source 3D
point cloud datasets. We built three distinct physical space
scenes (Scene A to C) using point cloud data, as illustrated in
Fig. 4. These scenes were constructed from the SUN RGB-D
dataset [13]-[15], which provides both point cloud data and
bounding box information for object segmentation.

We considered two distinct contexts for each scene in
our hybrid metaverse setting: online meetings and online
parties. For each context, we comprehensively set the quality
parameters (resolution and frame rate) for each object shared
by the users. To determine the true user utility, we employed a
multi-step process that accurately reflects the user’s perception
of shared objects in the virtual space.

For each shared object, we created a video sequence from
the user’s perspective in the virtual space, showing the object
at various quality levels with different resolutions and frame
rates. We then utilized VMAF (Video Multimethod Assess-
ment Fusion), a perceptual video quality assessment algorithm
developed by Netflix, to evaluate these video sequences.
VMATF provides a score that closely approximates human
perception of video quality, making it particularly suitable for
our hybrid metaverse scenario.

The true user utility is defined as the weighted sum of
VMAF scores for all objects shared by that user. We predefined
the weights for each object according to the context, reflecting
the varying importance of different objects in various scenar-
ios. This approach allows us to capture the nuanced differences
in object importance between, for example, an online meeting
and an online party.

Mathematically, we express the utility function for a user u
in context c as:

U(u,c) = Z w;(c) - VMAF(Vi(rs, fi))
i€0,

Where N is the number of objects in the scene, w;(c) is the
context-dependent weight for object ¢, r; is the downsampling
rate of object 4, f; is the frame rate of object i (for moving
objects), and V' (r;, f;) is the Video Multimethod Assessment
Fusion score. In this equation, O,, represents the set of objects
shared by user u, w;(c) is the predefined context-dependent
weight for object ¢, V;(r;, f;) is the video sequence of object
i as seen from the user’s perspective with resolution r; and
frame rate f;, and VMAF(V;(r;, f;)) is the VMAF score for
this video sequence.

The context-dependent weights play a crucial role in repre-
senting the relative importance of objects in different scenar-
ios. Table I shows the weights assigned to various objects in
our scenes for both contexts. For instance, in an online meeting
context, a laptop might have a higher weight compared to
its weight in an online party context, reflecting its increased
importance in a professional setting.

As shown in Tab. I, objects like “person_2” have sig-
nificantly higher weights in the online party context (0.8)
compared to the online meeting context (0.1). Conversely, the
“laptop” has a higher weight in the online meeting context
(0.6) than in the party context (0.3).

To simulate a more realistic environment, we introduced
two moving objects in each scene. One represents the space
owner, while the other simulates a potentially distracting
element, such as another person or a pet. For these dynamic
objects, both downsampling rate and frame rate affect their
VMAF scores and, consequently, the overall utility. This
comprehensive setup allows us to realistically simulate di-
verse metaverse environments and user scenarios, accurately
model user satisfaction across various object qualities and
contexts, and validate the scalability and adaptability of our
distributed optimization approach. In the following sections,
we will describe how we used this experimental setup to
train our PICNN model and evaluate our proposed distributed
optimization method.

B. Training Utility Function with PICNN

We train each scene’s user utility function as a separate
PICNN. Each model takes two types of inputs: the context
(1 for meeting or 2 for party) as the non-convex input z,
and all object quality parameters (resolution and frame rate)
as the convex input y. While frame rate parameters exist for
both moving and stationary objects, they only affect utility for
moving objects.

For each scene, we generated a dataset of 10,000 training
and 2,000 test samples by randomly sampling context and
object parameters, then calculating their corresponding utility
scores. All object parameters were normalized to [0, 1]. The
PICNN architecture was augmented with an output layer to
convert the final convex layer output z; into a single utility
score. The hyper-parameters in the training are shown in
Tab.Il. The activation function used is ReLU, and the optimizer
used is Adam. With this setup, training on Mac Book Air with
Apple M1 CPU and 24 GB Memory, took approximately 15
minutes.

To solve each optimization step in our proposed method, we
leverage PyTorch’s automatic differentiation to minimize the
Lagrangian function containing the neural network, updating
parameters through the Adam optimizer.

C. Performance of Trained Utility Function with PICNN

We evaluate how accurately the PICNN was able to learn
the utility function. Figure 5 shows the accuracy on the test
data for each of the three scene models. The x-axis of each
point represents the true utility, while the y-axis represents
the utility predicted by the model. The red line represents the
theoretical value with the line y = x, and the green lines
indicate the lower and upper bounds of the 95% confidence
interval, respectively.

Table III shows the proportion of data within the 95%
confidence interval for each scene. From these results, it can be
seen that the model has been able to learn the utility reasonably



(a) Scene A

(b) Scene B

(c) Scene 3

Fig. 4: Physical Scenes for the Evaluation

[ Object name |

| Max capacity (KB) | Weight for context 1 | Weight for context 2 |

bag 926.20 0.1 0.1
fridge 1179.61 0.1 0.1
laptop 433.92 0.6 0.3

shelf 2247.28 0.2 0.2

table 3030.14 0.4 0.4
chair 1376.95 0.7 0.7

person_2 436.31 0.1 0.8
person_1 457.59 1.0 1.0
bulletin_board 1170.47 0.1 0.2
bag_2 E 115.17 0.1 0.1
plastic_container n 365.48 0.1 0.3

TABLE I: Object table with image, max capacity, and weights for two contexts

name value

learning rate 0.01

number of epoch 1000
batch size (training data) 128
batch size (test data) 64
number of node (z;) 100
number of node (u;) 10
number of hidden_layers (k) 2

TABLE II: Hyperparameter for learning PICNN

well, despite the constraint that it must be a convex function
with respect to the parameters.

D. Communication cost of proposed method

We evaluate the communication cost of the proposed
method in comparison with the centralized method. In the pro-
posed method, information about the parameters of other users
is required to compute the constraints, and this information
needs to be exchanged with other users at each step.

On the other hand, in the centralized optimization method,
all users must send their models and constraint conditions
(such as the capacity of communication channels with other
users) to the server. After all the information has been trans-
mitted to the server, there is no further data to send. Under
this assumption, we evaluate the total communication cost of
the system for both the centralized method and the proposed
method. As an additional assumption, we consider that all
numerical values are 32-bit (i.e., 4 bytes), and the size of the
model is based on the file size used to store the model.

Figure 6 shows the communication overhead until con-
vergence for both the centralized method and the proposed
method, with the number of users ranging from 5 to 30. The
convergence condition is the same as that described later in
Fig. 8. In the centralized method, the communication overhead
increases linearly as the number of users grows, since only the
utility neural network model is shared. On the other hand, in
the proposed method, communication occurs between pairs of
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scene scene A

scene B | scene C

rate(%) 93.0

94.1 94.6

TABLE III: Percentage of evaluation data points sampled from the true utility function that fall within the 95% confidence
interval, as assessed using the trained PICNN model for each scene.
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Fig. 6: Comparison of communication overhead until conver-
gence between the centralized algorithm and the proposed
method. While the centralized method requires transmission
of large neural network models from each user to the server,
the proposed method only exchanges small parameter values
between users, resulting in lower total communication over-
head for the shown range of users (5-30).

users at each step, leading to an increase in communication
overhead proportional to the square of the number of users.
However, because the communication per step is minimal,
the proposed method demonstrates superior performance in
terms of communication overhead compared to the centralized
method within the range shown in Figure 6.

E. Execution time of proposed method

We compared our proposed distributed method against a
centralized baseline that simultaneously optimizes parameters
for all uesrs by solving Eqn. (1). The centralized method

uses the same extended Lagrangian function with Lagrange
multipliers p and slack variables s, following the parameter
update procedure in Eqn. (8).

Figure 7 shows the transition of scores for the centralized
method and the proposed method when the number of users
is 5, 15, and 30. The horizontal axis represents time, and the
vertical axis represents the score at that time.

The time is based on the time taken for the optimization
part of each step. In the centralized method, communication
delays during the initial model sharing and Lagrange multiplier
updates at each step are considered. On the other hand,
in the proposed method, communication delays for sharing
information and delay for parameter update about constraints
are taken into account. The communication and parameter
update delay is assumed to follow a normal distribution with
a mean of 100 ms and a standard deviation of 10.

We set convergence conditions and examined the time
required for both the centralized method and the proposed
method to converge for each number of users. The results are
shown in Fig. 8. The convergence condition was set such that
the error between the moving average recorded at each step
and that of the previous step was less than 10~%. The step size
of the moving average was 128 for the centralized method and
32 for the proposed method. In the proposed method, inference
is performed four times for the optimization of each user, so
the design ensures that the number of inferences within the
window is equal.

From these figures, it is observed that the proposed method
shows a slower increase in convergence time as the number
of users grows compared to the centralized method. Under
this study’s convergence conditions, the proposed method
converges faster than the centralized method when there are
12 or more users.
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Fig. 8: Convergence time for centralized and proposed method

VI. CONCLUSION

This paper introduced a distributed optimization method for
managing shared object quality in hybrid-metaverse environ-
ments. Our approach combines Input Convex Neural Networks
for modeling user utility and the Alternating Direction Method
of Multipliers for distributed optimization. We evaluated our
method using three distinct physical space scenes constructed
from the SUN RGB-D dataset, considering both online meet-
ing and party contexts. Experiments demonstrate that our
PICNN models accurately represent user utility, with over 93%
of test data falling within the 95% confidence interval. Com-
pared to traditional centralized optimization method, our ap-
proach shows better scalability, faster convergence, and lower
communication overhead as the number of users increases.
For scenarios with 12 or more users, our method converges
faster than the centralized approach. This work contributes to
the field by offering an efficient, adaptive solution for quality
management in large-scale hybrid-metaverse applications.
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