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Abstract—In this article, we propose a novel mobility-aware
resource provisioning scheme for edge-assisted extended reality
(XR) services. The goal is to minimize resource consumption
while satisfying user quality of experience (QoE) requirement,
which is measured by the weighted sum of visual quality, quality
variation, and round-trip interaction latency. Specifically, we
present a mobility model to capture both user spatial movements
and XR content interaction features. Since user viewing distance
and interaction time are key model parameters that affect the
spatiotemporal service demand for XR content rendering and
delivery at the edge, we estimate user-specific model parameters
and adopt a sample average approximation (SAA) method to
model the relationship between user QoE and the consumption of
both communication and edge computing resources. We design
a coordinate descent algorithm to make resource provisioning
decisions, where a deep neural network (DNN) provides a
valuable initial point to accelerate convergence. Simulation results
demonstrate that our proposed scheme is more efficient to utilize
network resources in comparison with benchmark schemes while
satisfying user QoE requirements.

Index Terms—Extended reality (XR), mobility model, quality
of experience (QoE), resource provisioning.

I. INTRODUCTION

XTENDED reality (XR) refers to a collection of immer-

sive technologies, including augmented reality (AR),
mixed reality (MR), virtual reality (VR), and everything in
between [1]. These technologies rely on XR devices, such as
AR glasses and VR headsets, to enable real-time interaction
with virtual content. For example, in an AR museum, visitors
wearing AR headsets can explore virtual exhibits as if they
were physically present. Such immersive experiences are real-
ized by real-time XR content rendering throughout the viewing
process [2], [3]. Specifically, XR content, such as volumetric
video, is converted into video frames based on the user’s pose
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(i.e., position and orientation) and then displayed on the XR
device. To ensure an immersive user experience, both low
latency and high-quality rendering are essential [4], [5].

Standalone XR devices are typically lightweight and have
limited computing capabilities, restricting their ability to
perform both timely and high-quality rendering locally. To
address this limitation, mobile edge computing offers a
promising solution by providing computing resources on edge
servers for XR content rendering [6], [7]. Specifically, XR
devices can offload computationally intensive rendering tasks
to nearby edge servers, which then efficiently perform the
rendering and deliver the rendered video frames back to the
devices. In this way, XR devices can achieve high-quality
and low-latency rendering, thus enhancing the user quality of
experience (QoE).

To consistently guarantee user QoE, a common approach is
to proactively provision dedicated network resources, includ-
ing communication and computing resources, for XR services
[8]. However, efficient resource provisioning remains challeng-
ing due to the inherent uncertainty and dynamic nature of
future service demands [9], [10]. To address this challenge,
existing approaches for conventional services typically rely
on stochastic modeling of spatiotemporal service demands to
enable on-demand resource provisioning. Specifically, tem-
poral service demand features, such as the arrival patterns
of service requests, are commonly modeled using various
traffic models, such as the Poisson process [11] and the
on—off process [12]. For user spatial movement modeling,
mobility models such as the random waypoint (RWP) model
for mobile users [13] and the fluid-flow model for vehicles
[14] are widely adopted. By combining mobility and traffic
models, the spatiotemporal service demand can be effectively
characterized, enabling efficient resource provisioning.

In addition to the existing studies, further research is needed
to accurately capture the spatiotemporal demand dynamics of
XR services. The reasons are as follows. First, unlike tradi-
tional services, XR users exhibit distinct movement patterns,
typically alternating between two phases: a travel phase and
an interaction phase. During the travel phase, users navigate
between different virtual content and generate only minimal
rendering demand (e.g., directional cues such as arrows).
In the interaction phase, users engage with specific virtual
content (e.g., manipulating virtual exhibits), which requires
frequent and intensive rendering. Characterizing the relative
durations of the travel and interaction phases is essential for
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estimating the overall service demand for XR. Second, during
the interaction phase, the service demand is further influenced
by the viewing distance between the XR user and the virtual
content [15]. Specifically, as viewing distance increases, the
virtual content appears smaller in the user’s viewport, thus
reducing perceptual sensitivity to rendering quality. As a result,
high-quality rendering (e.g., high resolution or high frame rate)
becomes unnecessary for distant virtual content. Therefore,
capturing users’ preferred viewing distances is also crucial for
accurate service demand estimation.

In this article, we propose an efficient resource provisioning
scheme for edge-assisted XR services by explicitly considering
the unique mobility characteristics of XR users. In particular,
we present a mobility model that incorporates XR-specific
interaction features to characterize users’ spatiotemporal ser-
vice demands. Based on this model, we extract user-specific
model parameters from historical viewing trajectories. The
parameterized model serves two purposes: 1) it generates
a large number of trajectory samples for sample average
approximation (SAA), enabling statistical analysis of the rela-
tionship between QoE and resource consumption; and 2) it is
used as input, along with XR environmental parameters, to
a deep neural network (DNN) for predicting future resource
demand. Then, we design a low-complexity coordinate descent
algorithm to optimize resource provisioning, which minimizes
the weighted cost of communication and computing resources
while ensuring QoE satisfaction. The algorithm leverages
the DNN output as a high-quality initial point, significantly
improving the convergence speed of the algorithm. The main
contributions are summarized as follows.

1) We propose a mobility-aware resource provisioning
scheme for edge-assisted XR services by considering
key user mobility features, including viewing distance
and interaction time, enabling accurate estimation of
the spatiotemporal service demand and efficient resource
utilization.

2) We present a mobility model tailored for XR users that
use user-specific mobility parameters to enable both
trajectory sampling-based QoE estimation and DNN-
based resource demand prediction under user dynamics.

3) We design a low-complexity coordinate descent algo-
rithm to minimize the weighted cost of communication
and computing resources while ensuring user QoE
satisfaction. The algorithm uses DNN outputs as initial-
ization to accelerate convergence.

The remainder of this article is organized as follows.
Section II reviews the related work. Section III introduces
the system model and formulates a resource provisioning
problem. Section IV presents the proposed mobility-aware
resource provisioning scheme. Simulation results are presented
in Section V, and Section VI concludes this article.

II. RELATED WORK

Efficient resource provisioning aims to minimize network
resource consumption while satisfying the dynamic and uncer-
tain service demands of mobile users [9]. Achieving this
goal requires accurately modeling users’ spatiotemporal ser-
vice demands and establishing effective mappings from these
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demands to the required network resources. Existing research
in this area can be broadly classified into three categories:
model-based, data-driven, and hybrid methods [16].

Model-based methods utilize mathematical models and sta-
tistical information to characterize the spatiotemporal service
demand, typically by integrating traffic and user mobility
models. Specifically, traffic models describe when and how
much data are generated or requested, while mobility models
characterize where and when users or devices are present
within the network. For traditional services, widely adopted
traffic models include the Poisson process and the two-state
Markov (on—off) model [12]. In the context of emerging XR
services, traffic modeling often incorporates application-level
features (e.g., encoding modes [17], [18]) or user viewing
behaviors [19], [20]. For example, a semi-hidden Markov
model was used in [19] to characterize XR traffic patterns
generated by point cloud encoding. In terms of user mobility,
models such as the RWP model and the fluid-flow model
are commonly used to represent the movement patterns of
mobile users and high-speed moving vehicles, respectively.
Based on these traffic and mobility models, analytical tools
such as capacity theory [21] and probabilistic analysis [22]
are used to provide statistical guarantees for quality of service
(QoS) or user QoE while optimizing resource utilization.

Data-driven methods leverage advanced neural networks
to model the complex relationships between user behavior
and multidimensional resource provisioning, without the need
for explicit mathematical formulations [23], [24], [25]. In
addition, the incorporation of prediction algorithms enables
proactive analysis of user mobility and future capacity
demands, facilitating efficient resource provisioning across
network cells and edge nodes [26], [27], [28], [29]. Hybrid
methods combine the advantages of both model-based and
data-driven methods to enable enhanced robustness and adapt-
ability in dynamic network environments [30]. For example,
mathematical models are first used to characterize dynamic
service demands, while data-driven methods are then utilized
to evaluate and refine these models [31].

Benefiting from the interpretability and analyzability of
model-based methods, we present a mobility model tailored for
emerging XR services. By incorporating the unique movement
and interactive features of XR users, the presented model can
effectively characterize spatiotemporal service demands, thus
facilitating efficient resource provisioning.

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. Network Scenario

As shown in Fig. 1, we consider an edge-assisted XR
system consisting of an access point (AP), an edge server
co-located with the AP, multiple XR users, and a set of
virtual objects. Users equipped with XR devices, denoted by
set Z = {1,...,1}, can view and interact with virtual objects,
such as digital exhibits in an AR museum. Virtual objects,
denoted by set Z = {1,...,Z}, are stored on the edge server as
static or dynamic point clouds. Each object supports L discrete
density levels, denoted by set £ = {1,...,L}. Each density
level corresponds to a specific point cloud resolution, with
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Fig. 1. Illustration of the edge-assisted XR system.
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higher levels preserving finer geometric details for close-up
inspection [32].

To maintain a seamless immersive experience, each XR
device continuously tracks its pose using computer vision tech-
niques (e.g., simultaneous localization and mapping). When
the pose change exceeds a predefined threshold, the device
uploads the updated pose to the edge server as a rendering
request. Based on the pose information, the server first checks
the user’s view frustum to identify which virtual objects fall
within the user’s field of view [33]. It then selects an appropri-
ate density level and executes the rendering pipeline (including
shading, lighting, and rasterization) to generate pose-aligned
video frames. We assume that only the virtual object currently
within the user’s field of view and closest to the viewport is
rendered, such as in the case that a visitor focuses on one
exhibit at a time. Finally, the rendered frames are transmitted
back to the XR device over wireless links for display [34].

Due to the dynamic nature of user movement and interac-
tion, resource demands fluctuate over time. To continuously
guarantee user QoE while improving network resource uti-
lization, we adopt a two-timescale resource management
framework to support XR services [9], [21], [22]. Specifically,
at the large timescale, radio spectrum bandwidth and com-
puting resources are provisioned over a predefined planning
window (e.g., 30 min). This provisioning ensures a minimum
level of resources for XR services, even under significant traf-
fic fluctuations from other services. At the small timescale, the
provisioned resources are dynamically allocated among XR
devices, and rendering quality levels are adaptively selected
to maximize overall user QoE [35]. In this work, we focus
on designing an efficient large-timescale resource provisioning
scheme under a predefined small-timescale resource schedul-
ing policy.

Let a and b denote the amounts of bandwidth (in Hz) and
computing resources [in floating-point operations per second
(FLOPS)], respectively, provisioned for the entire planning
window.! The planning window is uniformly divided into T
consecutive scheduling slots, denoted by set 7 = {1,...,T}.
For each slot r € 7, we define three vectors: radio resource
allocation vector @; = [ayy,...,a7,]", computing resource

! Although a complete rendering pipeline consumes various types of com-
puting resources (e.g., GPU, CPU, and memory), we focus only on the GPU
FLOPS and assume that each allocated FLOPS unit is provisioned together
with a proportional share of other computing resources [36].
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allocation vector 8, = [Bis,....B1:]", and rendering quality
selection vector y, = [y14,....vi.]". Here, a;, and B;, denote
the radio and computing resources allocated to device i € Z,
while y;, € L represents the rendering quality level selected for
device i € Z. The per-slot scheduling decisions are determined
by a predefined mapping policy, denoted by n(:), given by

{ahﬂﬂ 7[} = 7r(a, b7 Ut) (1)

where U, = {u,-,,}{=1 denotes the real-time system state at slot
t. Bach u;; = {z;;,d;, hi,} represents the state of device i.
Specifically, the following conditions hold.

1) zi; € Z is the index of the currently viewed object, which
affects the computational complexity of the rendering
task due to the object’s intrinsic geometric complexity.

2) d;, is the viewing distance, which refers to the spatial
distance between the user’s viewpoint and the virtual
object being viewed. It influences the required rendering
quality level.

3) h;, is the instantaneous channel condition, which deter-
mines the efficiency of radio resource usage during the
transmission of rendered video frames.

The first two parameters can be inferred from the users’ real-
time pose data and the spatial layout of virtual objects [20],
while the third parameter can be estimated through techniques
such as pilot-based signal measurements [37].

B. Round-Trip Interaction Latency Analysis

According to [2] and [3], ensuring satisfactory round-trip
interaction latency, recognized as a typical QoS metric, is
essential for delivering immersive XR experiences. Excessive
latency increases the mismatch between displayed virtual
content and user expectations, which in turn reduces user
immersion [38]. Round-trip interaction latency is defined as
the time from when a user’s pose is changed to the moment
when the corresponding rendered video frame is displayed
on the XR device. Specifically, this latency consists of the
following components.

1) Pose Estimation Latency: This component refers to
the time required by the XR device to collect and process
pose data (e.g., head pose tracking). We model this latency
as a constant 7y due to the availability of dedicated local
resources.” In typical XR systems, 7y can be maintained within
20 ms with submillimeter accuracy [39].

2) Rendering Latency: After pose estimation, the XR
device transmits the pose data to the edge server. Given that
pose data are relatively small compared to video content, the
uplink transmission latency is considered negligible. Upon
receiving the pose data, the edge server executes the rendering
process. Let 7;7" denote the rendering latency experienced by
user i at slot ¢, given by

ren A
7ien = P (@ir- i) )
Bit

2The latency between the actual pose change and its detection by sensors
(e.g., cameras) is ignored, as it is negligible compared to the round-trip
interaction latency.
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where y(z;;,vi,) (in bits) represents the size of the rendering
data, which depends on the viewed virtual object z;, and
selected rendering quality level y;,. In (2), p™" denotes the
computational intensity (in FLOP per bit) required for point
cloud rendering.

3) Transmission Latency: After rendering, a video frame
of size y(yi,) (in bits) is generated at the edge server and
transmitted to the XR device.? Let T“‘ denote the downlink
transmission latency for user i at slot 1, given by

Ttxf _ X (Vz,t) - 3)
a;,log, (1 + ”)

where Py denotes the transmission power, h;, is the downlink
channel gain between the AP and device i at slot ¢, and o is
the average received noise power.

4) Round-Trip Interaction Latency: Let Tff, denote the
round-trip interaction latency experienced by user i at slot z,
given by

T =10 + 11 + 15 4)

C. QoE Model

To evaluate user QoE, we jointly consider three factors that
affect a user’s perceived immersion and interaction fluency
in XR applications: visual quality, quality variation, and the
round-trip interaction latency derived in Section III-B.

1) Visual Quality: The visual quality depends on both the
rendering quality and the user’s viewing distance [15] and is
modeled as

Vie = £ (dis) vie )

where {(d;,) is a nonnegative weight function that quantifies
the user’s sensitivity to visual quality as a function of viewing
distance d;,. This sensitivity decreases as the viewing distance
increases.

2) Quality Variation: Temporal fluctuations in visual qual-
ity can disrupt user immersion. The quality variation between
two successive video segments is given by

AV, = int - Vi,t—l\ (6)

where a larger AV, indicates more severe visual fluctuations,
which negatively affect user QoE [40].

3) Round-Trip Latency: To characterize the impact of
round-trip latency on user QoE, we use a sigmoid-based
utility function [41], [42]. Let T denote the latency threshold,
representing the maximum tolerable round-trip latency for
maintaining seamless immersion. The latency utility function
is given by
1

U () =

) = el (- 9]
where v is a constant parameter to control the steepness of
QoE degradation when the round-trip latency exceeds the
threshold. In particular, (7) reflects that, when Tf, < 7, the
utility is almost insensitive to any change in latency. However,
as the latency approaches or exceeds the threshold 7, the utility
begins to decrease sharply with further increases in 7.

)

3We assume that frames rendered at the same quality level have identical
resolution and data size. Hence, the object index is omitted.
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4) User QoE: The user QoE is modeled as a linear combi-
nation of the above three factors. For user i at slot ¢, the QoE
is given by

Qi = 1 Viy + maAViy + p3U (71, (®)

where y; > 0, p < 0, and 3 > O are weighting factors
that reflect the relative importance of visual quality, quality
variation, and latency utility in the user QoE.

D. Problem Formulation

At the beginning of each planning window, a resource
provisioning decision is made and remains fixed throughout
the window. Our objective is to minimize the weighted cost
of radio and computing resources while ensuring that the
expected QoE meets a minimum requirement, Qpi,. The
expected QOoE across all users and time slots, denoted by E[Q],
is given by

T

1
2[0]= 2 33 B [0u @ )] ©

=1 i=1

where U, represents the uncertain system state at slot ¢, mod-
eled as a random variable and unknown at the beginning of the
planning window. The term Eg [Q;,(a, b)] denotes the expected
QoE of user i at slot ¢, conditioned on provisioned resource
tuple (a,b) and system state U,. The resource provisioning
problem is then formulated as

P1: mibn waa + wpb (10a)
s.t. E[O] > Omin (10b)
a€[0,Anax], b €0, Braxl (10c)

where w, and wj, are positive weighting coefficients represent-
ing the costs of radio and computing resources, respectively.
Constraint (10b) ensures that the expected QoE meets the
required threshold, while constraint (10c) specifies the max-
imum resource capacities, where Ap,x and Bp.x denote the
capacity of radio and computing resources.

Solving Problem P1 requires accurately capturing the rela-
tionship between the provisioned resources and the expected
QoE. A major challenge lies in the stochastic and dynamic
nature of system state U;, which is fundamentally driven by
user mobility in XR environments. As users move and interact
with spatially distributed virtual content, their service demands
vary over time and space, leading to nonstationary and
uncertain resource-QoE relationships. Therefore, an accurate
characterization of user mobility features is critical for guiding
efficient resource provisioning. To address this challenge,
we propose a mobility-aware resource provisioning scheme
that leverages user-specific mobility parameters to effectively
capture spatiotemporal variations in service demands.

IV. RESOURCE PROVISIONING SCHEME

In this section, we present a resource provisioning scheme
to solve Problem P1. We first give an overview of the
proposed scheme, followed by detailed descriptions of its key
components.
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Fig. 2. Procedure of the resource provisioning scheme.

A. Scheme Overview

Fig. 2 illustrates the procedure of the proposed scheme.
As XR users navigate and interact with virtual objects, their
pose data are continuously uploaded to the edge server. These
data are processed by a mobility analysis module to extract
user-specific parameters. These parameters serve two pur-
poses. First, they are used to generate synthetic trajectories to
approximate future system states. Based on these trajectories,
the expected QoE under any candidate resource provisioning
pair is estimated using the SAA method (shown in dark
blue). Second, the extracted mobility parameters are combined
with real-time resource consumption data, instantaneous QoE
measurements, and XR environmental parameters to train a
lightweight DNN (shown in light blue). Finally, a coordi-
nate descent search-based algorithm is used to determine the
resource provisioning decision, where the DNN output serves
as an initial point to accelerate convergence.

B. Mobility Parameter Extraction

Based on the RWP mobility model, we present an approach
to extracting user mobility parameters that can be used to
efficiently solve P1. The RWP model is a widely used mobility
model in wireless networks to simulate the movement of
mobile users [43]. It characterizes user movement between
randomly selected waypoints and the pause time at each
waypoint. To better support XR scenarios, we present an
interactive RWP (IRWP) model customized to XR users that
incorporates viewing behaviors during user pauses at way-
points.

1) Mobility Parameters: Following the modeling approach
in [43], we assume that all users move independently and
have identical stochastic mobility properties. In the following,
we focus on the movement of a single user. Specifically, the
movement of each user is characterized by a sequence of
discrete movement periods indexed by n € N, each consisting
of two phases.

1) Travel Phase: This phase inherits user movement
defined in the RWP model, which is the transition from
previous waypoint D,_; to new waypoint D, at moving
velocity v,,.

2) Interaction Phase: During the pause at D,, the
user keeps changing its viewing distance, repre-
sented by a sequence of discrete viewing states,
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Sn = [Sn1sSn2,-.. Sn0,], Where O, denotes the pause
time at D,, measured in time slots.
The IRWP model is defined by a sequence of tuples
{Dy, Vn, Snnen, Where O, = |s,|, and an additional waypoint,
Dy, is needed for initialization. An illustration of the IRWP
model is given in Fig. 3.

2) Parameter Extraction: The IRWP model parameters, D,,
Vs, and O, can be determined in the same manner as in the
classical RWP model [43]. In the following, we focus on the
determination of viewing state sequence parameter s,. We
model changes in viewing distance using a Markov chain,
where the transition probabilities between discrete viewing
distance states are encoded in a Markov transition matrix.
Assume that the state transition probabilities remain constant
within a planning window but may vary across different
planning windows.

Let G = {1,...,G} denote the set of all possible discrete
viewing states. For user 7 at time slot ¢, the continuous viewing
distance, d;;, is quantized into a discrete state, ¢;;, € G,
according to

diy .
— 1, if d;; < dmax
(ﬁ,‘,t _ \\AdJ + I d;;
G, otherwise

(1)

where Ad denotes the distance interval between consecutive
discrete states, dpyax denotes the maximum threshold for dis-
tance quantization, and |-] is the floor function. For user i
currently in state g; € G, the probability of transitioning to
state g» € G in the next time slot is denoted by Pr(¢;,;4+1 =
g2 | ¢i; = g1). This transition probability is estimated based
on the empirical frequency of observed state transitions during
the previous planning window, given by

Pr(fis1 = &2 | $is = 81)
T-1
1 L (Biss1 = 82N dis = 81)
T-1
=1 I(¢i,r = gl) + €
where I(-) denotes the indicator function, which equals one if
the specified condition is satisfied and zero otherwise; and € is
a small positive constant added to avoid division by zero when
state g; has never been visited. Note that state G is defined
as the condition in which the viewing distance exceeds dpax-
While such distances often occur during the travel phase, the
travel phase itself is not considered a state in the Markov
process.

12)

C. SAA-Based QoE Estimation

Given the extracted mobility parameters, we present an
efficient approach to estimate the expected QoE in P1 using
SAA [44]. Instead of directly calculating the expectation of
a random objective function or constraint, SAA approximates
the expected value by replacing it with an empirical average
over a finite set of randomly generated samples.

1) Scenario Construction: Let €; denote the set of all
possible viewing trajectory realizations for user i. A system-
level scenario is constructed by randomly sampling a trajectory
realization w; € €); for each user and combining these
into a joint realization. Specifically, a scenario is denoted as
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Fig. 3. Illustration of the IRWP model.

& ={(wi,...,wp) | w; € Q;, Vi € T}, representing one possible
realization of the overall system state throughout the planning
window.

2) QoE Approximation: Given scenario ¢;, predefined
scheduling policy 7, and resource provisioning tuple (a, b), the
user QoE over the planning window, denoted by Q(a,b,¢)),
can be calculated using (2)—(8). The SAA-based approxima-
tion of the expected QoE is then given by

5 1 &
On (a,b) = N;Q(a,b,fj) (13)

where Oy(a, b) serves as the empirical estimate of the expected
QoE, i.e., E[Q] in constraint (10b), based on N sampled
scenarios. The value of N is predetermined to balance the
tradeoff between estimation accuracy and computational com-
plexity. The detailed procedures to estimate QoE are given in
Algorithm 1.

Algorithm 1 SAA-Based QoE Estimation
Input: Resource provisioning tuple (a,b), IRWP model
parameters;
1 Initialization: For each user i, generate a sufficiently large
set of trajectory samples €; using the IRWP model,;
2 for j=1to N do
3 Construct scenario &; by randomly selecting one tra-
jectory sample for each user &; = {w; € Q; | i € T};
4 Simulate scheduling policy m over T time slots to
determine scheduling decisions;
5 Compute QoE Q(a, b, ¢;) for scenario &; according to
(2)-(8);
6 end for
7 Calculate sample-averaged QoE On(a,b) according to
(13).
Output: Estimated QoE Oy(a, b).

3) Complexity Analysis: The computational complexity of
Algorithm 1 can be estimated as follows. In the scenario
construction phase, there are I users, each generating [C);]
viewing trajectories over T time slots. At each slot, the next
viewing state is sampled from a Markov process with G
possible states, which requires O(G) operations per transition.
Therefore, the complexity of scenario construction is at most
O(GITQmax), where Q. = maXx;e7 |Q;| denotes the maximum
number of trajectory samples across all users. In the QoE-
estimation phase, N sample scenarios are evaluated. Within
each scenario and each time slot, the scheduler generates a
resource allocation decision via policy m, followed by the
computation of instantaneous QoE for each of the [ users. Let
H denote the number of operations required to compute the
resource allocation and QoE for a single user in a single slot.
The total complexity of the QoE estimation phase is therefore
O(NITH). Combining both phases, the overall computational
complexity of Algorithm 1 is O(GITQmax + NITH).

Pausing at Do

Pausing at D,,

D. Coordinate Descent Search
By replacing E[Q] with its approximation in (13), Problem
P1 can be reformulated as

P2: mihn waa + wpb (14a)

s.t. Omin — Oy (a,b) <0
(10c) .

(14b)

Problem P2 is a constrained two-variable optimization
problem. Under certain scheduling policies, such as the
proportional-sharing policy (see the details in Appendix A),
constraint (14b) is convex with respect to both a and b (see
the proof in Appendix B). Therefore, Problem P2 can be
efficiently solved using the coordinate descent method [45].4
Coordinate descent is an iterative optimization technique in
which, at each iteration, a subset of the variables is held
fixed, while the objective function is optimized with respect to
the remaining variables. Specifically, we alternatively optimize
bandwidth and computing resource provisioning decisions.

1) Computing Resource Provisioning: At the mth iteration,
given the current bandwidth provisioning, a, we solve
Problem P2 to determine the optimal computing resource pro-
visioning, b™. Since Qn(a™, b) is a nondecreasing function
with respect to b, we can use the binary search algorithm [46]
to efficiently determine the minimum value of 5" that satisfies
the QoE constraint, i.e.,

}QN (a(m),b(m)) - Qmin| < €0

where €y is a small positive tolerance to ensure convergence.
The resulting h™ corresponds to the optimal solution for
computing resource provisioning in the current iteration of
Problem P2.

2) Bandwidth Resource Provisioning: Given the tightly
satisfied constraint Qn(a™, b') ~ Quin, we define an implicit
function, b = @(a'™), through the equality condition

QN (a(m),‘p (a(m))) = Omin-

For brevity, we omit the iteration index m in the following
derivations. By differentiating (16), we have

90x (a,¢ (a)) n 90w (a, ¢ (a))
da b

where ¢’(a) denotes the derivative of ¢(a) with respect to a.
We further have

5)

(16)

¢ (a)=0 a7

~ ~ -1
& (@) = _ 00y (a,¢(a)) [OQN (a, ¢ (a))] ' (18)

da ob

Next, we define a cost function, F(a), along the constraint

boundary, given by
F(a) = w,a + wpp (a). (19)

“Note that the convexity is not guaranteed under all scheduling policies. In
such cases, the coordinate descent method is treated as a heuristic method.
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Let VF(a) represent the gradient of the cost function with
respect to a, given by

. 90 (a.p(@) [aQN (@@

VF(a) = w, - P b ] . (20)

Since the partial derivatives in (20) cannot be computed
analytically, we approximate them using finite differences [45].
Specifically, the partial derivatives of Qy(a, b) with respect to
the bandwidth and computing resource values are estimated as

00y (a,¢ (@)  QOn(a+6,b)— Oy (a—5,b)
~ (21)
5 Oa y 26 y
90y (a,¢(a))  On(a,b+06)—On(a,b—0) 22)
b b 26

where 0 is a small positive constant used to perturb the
current bandwidth or computing resource value for numerical
differentiation. Note that the evaluations of Oy(a £ 6,b) and
On(a, b+ ) are carried out by executing Algorithm 1.

Given the gradient of the cost function evaluated at the
mth iteration, denoted by VF(a(’")), the bandwidth resource
is updated via gradient descent

a™tV = Py (@™ = n™VF (a™)) (23)

where P4(x) = max(0, min(x, Ap,x)) projects the updated value
onto feasible bandwidth range [0, Apac] and 7™ > 0 denotes
the step size at the mth iteration. To improve convergence
stability near the optimum, we adopt an adaptive step size
that decreases with the number of iterations, given by 7™ =
no/(1 + m), where ng is the initial step size. The coordinate
descent search algorithm is given in Algorithm 2.

3) Complexity Analysis: In iteration m of Algorithm 2, the
computational complexity is dominated by two components:
the binary search for computing »™ (line 3) and the gradient
calculation (lines 4-6). The binary search requires approxi-
mately O(log,(Bmax/€p)) iterations. In each iteration, the SAA-
based QoE estimation is performed once. Therefore, the total
complexity of the binary search is O(NITH log,(Bmax/€p)).
The gradient computation involves four SAA-based QoE
evaluations for finite difference approximation, incurring a
complexity of O(4NITH). Since log,(Bmax/€p) is typically
much larger than 4, the overall computational complexity of
Algorithm 2 is given by O(CNITH log, (Bmax/€p)), where C
denotes the number of coordinate descent iterations.

E. Learning-Assisted Method

In this section, we use a supervised learning-based DNN
model [47] to learn the mapping from user viewing behavior
and XR environment deployment to the required resource
consumption under a given QoE requirement. Specifically, at
the end of each planning window, we collect relevant system
data and retrain the DNN model. Simultaneously, the trained
model is used to predict the resource consumption required
for the upcoming planning window. The DNN output is then
used as the initial input for Algorithm 2. In the following, we
describe how the collected data are processed as inputs and
outputs for the DNN training and inference.

2337

Algorithm 2 Coordinate Descent Search for Resource Provi-
sioning

Input: QoE requirement Q.,, convergence tolerances e, €,
cost weights w,, wp;
1 Initialization: Set iteration index m = 0, initial resource
provisioning (a'?, b©);
2 repeat
3 Given a™, solve Problem P2 using the binary search
algorithm to obtain optimal h?™;
4 Compute partial derivatives using (21) and (22), then
estimate the gradient via (20);
5 Update a”™*P according to the gradient descent rule in
(23);
6 Increment iteration index: m <« m + 1;
7 until [a"” — a™ V| < ¢, and [F™ — F" D] < ¢
8 Set a* « a'™, b* « pm;
Output: Final resource provisioning decision (a*, b*).

1) Long-Term User Viewing Parameter: Let K ={1,..., K}
denote the set of considered planning windows and 7; = {(k—
)T + 1,...,kT} denote the set of time slots within planning
window k. We define the long-term viewing parameter vector
for user i during planning window k as flong = [135.d)5),
where A7;¥ denotes the average interaction proportion and
d, kg represents the average viewing distance. Average inter-
action proportion /1,, "¢ quantifies the fraction of time slots
during which user i is within the valid viewing distance (i.e.,
di; < dmay) for virtual content interaction. It is given by

avg
AE = 21 diy < dinay) -
167;

(24)

Average viewing distance d,° captures the mean viewing
distance at which user i observes virtual content within the
valid viewing distance during the kth planning window and is
given by

(25)

2) XR Environmental Parameter: For environmental infor-
mation, we mainly consider the density and overall rendering
complexity of virtual objects located within each user’s activ-
ity region. Let (x;;,y;,) denote the coordinates of user i at time
slot #. The activity region of user i during planning window k
is characterized by a bounding box, B;, defined as

— min min max max
B, = [( Xik »Yik ) ( ik > Yik )] (26)
where

min max
x5 =minx;,;, x5 = maxx; 27
ik = X, ik max i (27)

max
M — minvy;,, T = max y;,. 28
yz,k e Yigs  Vik - Vit (28)

To predict the environmental information for the planning
window k, we first estimate the user’s future activity region by
forecasting the bounding box based on historical observations.
For user i, the predicted activity region during planning
window k, denoted by IAS;,k, is given by

A

Bix = A (Big—1.Bis—2, ... Bixour) (29)
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TABLE I
SIMULATION PARAMETERS

Parameter Value Parameter Value
1 30 T 5000
T0 20 ms T 80 ms

pren 0.85 GFLOPs/bit Py 30 dBm

1 1 2 —0.5

u3 8 v 0.03

wa 1 wp 0.5
dmax 2.1m Ad 0.3 m

L 7 G 8

N 30 Qmin 6.5

1o 40 o 1

€Q 0.01 M 2
Amax 320 MHz Bmax 857 GFLOPS.

where A(-) represents the prediction function and M denotes
the number of historical planning windows used for prediction.
The prediction can be performed using either linear regression
models (e.g., the vector autoregressive model) or neural net-
works (e.g., the long short-term memory network) [48], [49].

Given predicted activity region ﬁi,k, the environmental
parameter vector is defined as fj} = [pi,k,cﬁg], where p;x
denotes the virtual object density, defined as the number
of virtual objects per square meter within region ]:’v,;k, and
c;}S represents the average rendering complexity, measured in
FLOPs required per virtual object within B, ;. These parame-
ters are given by

pix =D (Biy),

where D(-) and C(-) represent the density and complexity
extraction functions, respectively, which are determined by
the spatial distribution and deployment characteristics of XR
virtual objects.

3) DNN Training and Inference: Based on the extracted
user viewing parameters, environmental parameters, collected
user QoE, and resource consumption data, we train a DNN
model, denoted by Fpnn(-), to assist with future resource
demand estimation. Specifically, for user i in planning window
k, the input vector to the DNN model consists of long-term
user viewing parameters fiing, environmental parameters f7,
and QoE requirement Q. The DNN inference process is
then given by

A

i = C (Bix) (30)

[k Bix] = Fonn (f ﬁng, ik Qmin) (31)
where &;; and [5’,-,;{ denote the predicted average bandwidth and
computing resource consumption for user i during planning
window k, respectively. The total estimated resource consump-
tion is then given by a\” = Y. @ix and b = 3. . Bis,
which are used to initialize Algorithm 2.

V. PERFORMANCE EVALUATION

In this section, we conduct extensive simulations to eval-
vate the performance of the proposed mobility model and
resource provisioning scheme using the real-world user tra-
jectory datasets [50]. Simulations are conducted in MATLAB
R2023b on a computer equipped with an Intel Core 17-12700H
CPU (2.3 GHz) and 16-GB RAM, running 64-bit Windows 11.
The main simulation parameters are given in Table I.
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Fig. 4. Spatial deployment of XR exhibits and user trajectory for user ID 12.

TABLE 11
SENSITIVITY WEIGHT {(d; )

dis(m) | (0,031 (0.3,0.6] (0.6,09] (0.9, 12]
¢ 1 0.85 0.7 0.55
dis(m) | (1.2, 1.5] (1.5, 1.8] (1.8,2.1] (2.1, 00)
¢ 0.4 0.15 0.05 0

A. Simulation Setup

The dataset provided in [50] contains the trajectories of
ten museum visitors tracked via an ultrawideband localization
system, along with the corresponding layout of the museum
space. We use the “in vivo” trajectories, in which visitors
moved freely within the study area. The trajectories span
approximately 31 min and contain 22340 time slots, each
with a duration of approximately 84 ms. For evaluation, we
divide the first 20 000 time slots into four consecutive planning
windows, each consisting of 5000 time slots. The service
area and virtual object layout are kept consistent with those
in the dataset, where the service area is 25 X 15 m and
contains 35 exhibits. Fig. 4 shows the spatial distribution of
XR exhibits and depicts the trajectory of user ID 12> To
simulate a large-scale XR scenario, we augment the original
dataset by generating 20 additional synthetic user trajectories.
Specifically, for each original user, we extract a segment of
their later trajectory and shift it to earlier time slots to simulate
additional users.

One AP is placed at the center of the service area. At each
time slot, the viewing distance is computed as the Euclidean
distance between the user’s coordinate and the center of the
exhibit being viewed. A virtual object is rendered for a user
only when the viewing distance is less than 2.1 m. Each physi-
cal exhibit is treated as a virtual object and is represented by a
point cloud with seven available density versions. Rendering
complexity c(z;;) for each point cloud is randomly sampled
from a uniform distribution over [0, 1]. We set the rendering
data size as ¥(zis, vis) = c(zig)visbo, where ¥y = 28.8 MB
denotes the base rendering data size. The transmission data
size for rendered video frames is set as x(yi;) = ¥iryo, With
Xo = 24 MB representing the base transmission data size.
For the QoE model, viewing distance sensitivity weight {(d;,)
used in visual quality evaluation is provided in Table II. Note
that the values of {(d;;) are determined following the same

SUser ID 12 refers to the original identifier from the dataset, not sequential
user numbering.
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Fig. 5. User viewing behavior analysis when k = 2. (a) Normalized frequency distribution over viewing distance. (b) Cumulative probability distribution over

viewing distance. (c) Average interaction proportion.

trend as in [15] but are adjusted accordingly to accommodate
the different distance range in our dataset. In addition, the
values of u;—us3 are empirically determined by balancing the
contributions of visual quality, quality variation, and latency
utility in our experiments.

Since the real-world dataset was collected in a relatively
simple environment and over a short duration, we only use
it to evaluate the performance of the proposed IRWP model
and the SAA-based QoE estimation method. For evaluating the
resource provisioning scheme, since the dataset is insufficient
to train the DNN on certain input factors (e.g., virtual object
density), we generate a simulated dataset with an expanded
XR service environment, increased user numbers, and longer
viewing trajectories. The details are provided in Section V-D.

B. Performance of IRWP Model

We first evaluate the accuracy of the proposed mobility
model in characterizing user viewing behavior by analyzing
viewing distance distribution and the average interaction pro-
portion, and comparing these metrics with ground truth data.
The following benchmark models are considered.

1) RW With Poisson: User mobility follows a random walk
model, and rendering requests are generated based on a
Poisson process.

2) RWP With On—Off: User mobility follows the RWP
model, and rendering requests are modeled as an on—off
process.

3) Ground Truth: The actual viewing trajectories for the
next planning window are used.

The synthetic user trajectories for the benchmark models are
generated as follows. First, historical viewing distance data
from the previous planning window are discretized into integer
levels (0-7) for the Poisson process or binary states (ON/OFF)
for the on—off model. For example, distances exceeding 2.1 m
are discretized to 0 (Poisson) or OFF (on—off). In the Poisson
model, shorter distances correspond to higher integers, reflect-
ing increased rendering intensity. Based on these discretized
sequences, the Poisson arrival rates and ON/OFF state transition
probabilities are derived using MATLAB’s statistical fitting
tools. These parameters are then used to generate future
discrete rendering demands or states, which are subsequently
mapped back to continuous viewing distances. For each time
slot, if the user has a valid viewing distance, we randomly
select a viewed object for that user.

TABLE III
PERFORMANCE COMPARISON IN TERMS OF KL DIVERGENCE AND MSE

Models k=2 k=3 k=4
KL Divergence (nats)

RW with Poisson 0.4827 1.0134 0.2641
RWP with on-off 0.7380 1.2356 0.4610
Proposed IRWP 0.2431 0.8063 0.0292
MSE

RW with Poisson  0.010796  0.009851  0.008614
RWP with on-off  0.017064  0.014412  0.013462
Proposed IRWP 0.000528  0.000925  0.000396

Fig. 5 shows the user viewing behavior during planning
window index 2. Specifically, Fig. 5(a) and (b) shows the
normalized frequency and cumulative distribution over dis-
cretized viewing distances, respectively. Fig. 5(c) shows the
average interaction proportion. From these figures, we observe
that the proposed IRWP model closely aligns with the ground
truth across all metrics, demonstrating its effectiveness in
capturing user viewing behavior. In contrast, the Poisson
model exhibits substantial discrepancies in both the viewing
distance distribution and the interaction proportion. This is
because the Poisson model reflects long-term statistical char-
acteristics but fails to capture short-term dynamics, such as
ON/OFF transitions and rapid fluctuations in viewing distance.
Similarly, the RWP model shows significant inaccuracies in
modeling the viewing distance, as it lacks the ability to reflect
users’ fine-grained viewing preferences. However, it achieves a
comparable average interaction proportion to the IRWP model.
This is because the RWP model’s use of mobility pauses (e.g.,
waypoints), which partially mimics the ON/OFF interaction
patterns observed in real-world user behavior.

We also evaluate the Kullback—Leibler (KL) divergence
and mean squared error (MSE) of various models against the
ground truth across different planning windows.® The results
are presented in Table III, which shows that the proposed
IRWP model not only achieves a better fit to the overall
distribution but also maintains consistently low errors across
all windows. Note that when k = 3, both the KL divergence
and MSE increase sharply. This surge occurs because, during
that planning window, users take a break and then return to

SUser data from the first planning window are used for model parameter
extraction. Therefore, the performance evaluation starts from the second
planning window.
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Fig. 6. Estimated QoE value versus number of samples when a = 192 MHz
and b = 103 GFLOPS.

the museum, resulting in discontinuous behavior that adversely
affects the model’s characterization of user trajectories.

C. Performance of SAA-Based QoE Estimation

We next evaluate the effectiveness of the SAA-based QoE
estimation method supported by the IRWP model. Fig. 6 illus-
trates the estimated QoE value versus the number of samples.
From the figure, we have the following observations. First,
the estimated QoE becomes stable as the number of samples
increases. Second, the estimation closely approximates the
ground truth, with an average deviation of approximately
3.58%, which validates the accuracy of the proposed mobility
model and the effectiveness of the estimation method. Third,
even with a sufficiently large number of samples, a small gap
remains between the estimated and ground truth QoE values.
This error is due to the inherent variability in user mobility
and interaction behaviors across different time windows, which
cannot be fully captured through trajectory sampling.

We further analyze the impact of resource capacity on
the accuracy of the SAA-based QoE estimation, with results
shown in Fig. 7(a) and (b). As shown in both figures, as
bandwidth and computing resources are sufficiently provi-
sioned, the SAA-based method tends to underestimate user
QoE, with accuracy gaps of approximately 6.14% and 5.68%,
respectively. This underestimation is probably due to the
IRWP model slightly overestimating the rendering demand
in certain time slots, which in turn leads to a conservative
QoE estimate given the resource provisioning value. This
hypothesis is supported by the observations in Fig. 5(a), where
the IRWP model slightly overestimates the probability of users
experiencing shorter viewing distances compared to the ground
truth.

D. Performance of Resource Provisioning

In this section, we evaluate the performance of the proposed
resource provisioning scheme. As previously mentioned, the
dataset released in [50] is not sufficient for this part of the
analysis due to its limited scale and diversity. Therefore, we
generate a synthetic dataset for simulation. To be specific,
we simulate an XR service area of 200 x 200 m, in which
Z = 200 virtual objects are nonuniformly distributed. Tra-
jectories are generated for I/ = 100 XR users over K = 10
planning windows. To create the training dataset for the DNN
model, we vary system parameters such as resource capacity,
rendering complexity, and object distributions, followed by
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Fig. 7. QoE performance versus resource capacity. (a) Bandwidth.
(b) Computing resource.

generating the corresponding QoE values. A total of 95100
data samples are collected. For model training, we use the
neural network fitting function (fitnet) in MATLAB, which is
designed for regression tasks. The network consists of a two-
layer feedforward structure with two hidden neurons using the
tansig activation, followed by a linear output layer. The model
is trained using the Levenberg—Marquardt algorithm, where
the MSE is used as the performance function. The maximum
epoch is set to 1000, and the training terminates once the
gradient falls below 1077, The dataset is randomly split into
70% for training, 15% for validation, and 15% for testing.
For environmental information prediction, we adopt a vector
autoregression model of order 2 to do estimation. A sliding
window of 250 slots is used, and the prediction is iteratively
performed until the information for all 7 = 5000 future slots
is estimated.

We first evaluate the convergence performance of the pro-
posed coordinate descent search algorithm, which utilizes
a pretrained DNN to provide an initial search point. For
benchmark, we consider the randomized initialization (RI)
approach, where the initial values of ¢® and »© are ran-
domly selected from the feasible sets [0, Apmax] and [0, Byax],
respectively. Fig. 8 compares the convergence trajectories of
computing resource consumption and weighted resource cost
with respect to the number of iterations. Key observations are
as follows. The proposed algorithm (blue curves) converges
in substantially fewer iterations than RI. This acceleration
is due to the DNN’s ability to provide high-quality initial
points that are close to the optimal solution, thereby reducing
the search space. In contrast, the RI method exhibits slower
convergence due to its uninformed initialization, which results
in unnecessary exploration of suboptimal regions.

Authorized licensed use limited to: University of Waterloo. Downloaded on February 18,2026 at 00:15:45 UTC from IEEE Xplore. Restrictions apply.



PEI et al.: MOBILITY-AWARE RESOURCE PROVISIONING FOR EDGE-ASSISTED EXTENDED REALITY SERVICES

& 500

%) T T
o —-A--Proposed: With DNN
9 - 8 —Randomized Initialization
L L
9400 Gl I v ——"
8 e
= 'l
3300 K
=) ! e
2200 & ! o=
E o
3 =
£ =2
8 100 1 I ) L
0 10 20 30 40 50

Number of Iteration
(a)

2341

1000 T T
- —-A-—Proposed: With DNN
<3 - 8 —Randomized Initialization
% 800 f

4

g ? a0
a \ N\
2 600f® = Ac-BA-de-A-A |
o b _— 300
° .| 7 2 4 6
2 He _—
5 400 £ — —,Dn/gg
o 4
= —_—

200 L 1 1 1 1

0 10 20 30 40 50

Number of Iteration
(b)

Fig. 8. Convergence of the algorithm. (a) Computing resource provisioning. (b) Weighted resource cost.

600 T T
- —e— Proposed scheme
& 500 | |——RWP with on-off
< ——RW with Poisson
© 400 Optimal
=
2
@ 300
[an
°
2200
=
p=y
Q -
= 100

20 30 40 50 60 70 80 90 100
Number of Users

Fig. 9. Weighted resource cost versus number of users.

We then evaluate the effectiveness of the proposed resource
provisioning scheme. We consider benchmark schemes that
use different traffic or mobility models while sharing the same
resource provisioning algorithm as ours. Fig. 9 shows the
weighted resource cost under different numbers of users. The
result indicates that the proposed scheme consistently achieves
performance closest to that of the optimal scheme. Specifically,
when the number of users reaches 100, the proposed scheme
reduces the weighted resource cost by up to 72.7% and 9.1%
compared to the schemes based on RW with Poisson and
RWP with on—off models, respectively. This performance gain
is attributed to the proposed IRWP model, which effectively
captures key mobility and interaction characteristics of XR
users. As a result, the generated viewing trajectories are
more representative in estimating users’ spatiotemporal service
demands, enabling more accurate QoE estimation and more
efficient resource provisioning.

Finally, we evaluate the actual runtime of the proposed
resource provisioning algorithm to demonstrate its feasibility
in practice. Fig. 10(a)—(c) shows the actual runtime of Algo-
rithm 2 with respect to the number of samples considered in
the QoE estimation, the computing resource capacity, and the
convergence tolerance, respectively. The 95% confidence inter-
val error bars, based on 100 experimental runs, are included.
We observe that the actual runtime is feasible in practice when
compared to the planning window timescale. Moreover, the
runtime increases approximately linearly with the number of
samples, as well as with the logarithm of B, and 1/€gp, which
aligns well with the complexity analysis discussed in Section
IV-D3. We also evaluate the actual runtime of the proportional-
sharing scheduling policy used in this work. As shown in
Fig. 10(d), the actual runtime increases almost linearly with
the number of users, which is consistent with the algorithmic
complexity analysis.

VI. CONCLUSION

In this article, we have proposed an efficient resource pro-
visioning scheme for edge-assisted XR services. Specifically,
we have presented a mobility model tailored for XR users
that incorporates their interactive viewing behaviors to enable
accurate characterization of dynamic service demands. Then,
we have designed a user trajectory sampling-based algorithm
that efficiently determines the minimum required network
resources for user QoE satisfaction. The proposed scheme
allows flexible network resource provisioning for XR services,
thereby reducing long-term operational costs. For future work,
we will develop an analytical framework to study the impact of
mobility model parameters on both effective network capacity
and user QoE.

APPENDIX A
PROPORTIONAL-SHARING SCHEDULING PoOLICY

The proportional-sharing scheduling policy allocates both
radio bandwidth and computing resources to users in pro-
portion to their instantaneous transmission and rendering
workloads. Additionally, the rendering quality assigned to each
user depends only on the user’s current viewing distance.
Specifically, for user i at slot ¢, the quality level is determined
by

d;,L

Yo = max %0, L- { A’d J}, if di; < dimax
0, otherwise

(32)

where L is the highest possible quality level. This rule ensures
that users with larger viewing distances are assigned lower
rendering quality levels.

The bandwidth allocated to user i at slot ¢ is given by
iy
W 33
Zj:l W.t/?,(t 9
where wt", = x(vir)/log,(1 + POG,'h,»,,/O'Z) denotes the trans-
mission weight, which reflects the effective data rate of each
user. Similarly, the computing resource allocated to user i at
slot ¢ is given by

w
Qi =a X

7 .
Zj:l ¥ (Zj,tJ’j,t)
This resource allocation policy ensures that, at each time slot,

the rendering and transmission latency experienced by all users
is approximately equal.

Bis=b (34)
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APPENDIX B
CONVEXITY PROOF

Proving the convexity of (14b) with respect to both a and b
is equivalent to proving the concavity of Q;,(a,b). Since both
Vi, and AV;, depend only on rendering quality vy;,, which in
turn is determined by the user’s viewing distance, they are
independent of a and b. Therefore, we focus on analyzing the
concavity of U(7}(a,b)). We begin by computing the first-
order partial derivative of U (T \(a, b)) with respect to a, given
by

U(d@b) | venl(s-1) o)
da [1+exp (v (e, - %))]2 da
__vexp(v (v (7 - 1)) y ot} (a) 35)

[ +exp(v (@ -2)] 9
where (35) follows by excluding terms that are independent of

a. Given the proportional-sharing scheduling policy described
in (33) and (34), the transmission latency can be given by

1 !

tx _ tx

7 (@) = P Z Wi,
J=1

Thus, the first-order derivative of 7j}(a) with respect to a is

given by
Z wh

Next, we derive the second-order partial derivative of
U (‘r;"t(a, b)) with respect to a. Since b is independent of a,
we treat it as constant during differentiation. For convenience,
we define f(a) = exp[v(‘rf.ft — 7)]. The second-order partial
derivative, denoted by 9*U/da?, is then given by

ég_(ww%bl[ 1 2f@ }
o~ \ da = @0+ f@) (+f(@)

Viel. (36)

07“‘ (a)

VieT. (37)

2f(a) Lo
(1 + f(a))? as) x U]X:l: Wii (38)
The first-order derivative of f(a) is given by
9 I
J(;Eza) - ‘“Zwﬂ f;f) (39)

j=1

Substituting (39) into (38), we obtain

f(a)
(1+ f(@) a

1

P U .
G = TV

=

[ 2f (a) 40)

2
[+ fa )%

To determine the sign of the second-order derivative in (40),
we only need to examine the expression within the parenthe-
ses. Substituting (36) into the under-braced term in (40), we
obtain

2
”T’(“)( 1+f<a>1)

UTE; @l1-

1
tx -1
v Wj,ta
j=1

2
1+exp[-v (7

i (a,b) = 7)]
2
Y (@+To+7 (0) - 7)]

x o)1=
UTl,l (a) 1-|-exp [_ (

(41)

The expression in (41) is a nonincreasing function of T?f‘t(a).
Specifically, as 77;(a) — 0, the value inside the parentheses in
(41) tends to zero. Conversely, as Tz‘t(a) — o0, it approaches
positive infinity. Therefore, the quantity inside the parentheses
in (40) is always greater than 2, regardless of the value
of T “(a). As a result, the second-order derivative satisfies
o*U /6a < 0 for all a. This completes the proof.
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