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Abstract—Generative artificial intelligence (GAI) is emerging as a
promising solution for the vehicular metaverse due to its adaptable, high-
quality, and multi-modal content generation capabilities. Particularly note-
worthy is the recent introduction of the Sora model, a Transformer-based
diffusion model, which exhibits exceptional performance in visual scenarios.
However, diffusion vision transformer (DViT) models face limitations in
terms of device resources, inference latency, and personalized requirements
at the edge, despite their practical effectiveness in clouds. In response, we
propose a DViT-enabled system to enhance vehicular metaverse services.
Our approach involves a distributed DViT inference mechanism where
road-side units (RSUs) and vehicles collaborate to execute the diffusion
process and generate personalized content within vehicles using local
prompts. Additionally, we address users’ latency-sensitive service demands
by formulating a distributed latency optimization problem that considers
bandwidth, computation power, and dynamic positioning of heterogeneous
devices. We then propose a value iteration-based distributed inference
algorithm capable of adaptively determining optimal inference strategies
within resource-constrained vehicular networks. Numerical simulations
demonstrate that our approach achieves superior performance in reducing
latency and enhancing success rates for inference tasks.

Index Terms—Distributed inference, generative artificial intelligence
(GAI), latency optimization, vehicular metaverse.

I. INTRODUCTION

The development of mixed reality (MR), artificial intelligence (AI),
and intelligent transportation systems (ITSs) has brought the concept
of the vehicular metaverse into focus [1]. The recent emergence of
generative AI (GAI) models offers flexible and high-quality content
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generation capabilities, making them promising for realizing the vehic-
ular metaverse [2]. With GAI, the vehicular metaverse is expected to
enable virtual interactions tailored to individual users while maintaining
a shared background. In this context, the diffusion model, known for
supporting multi-modal prompts and AI-generated content (AIGC), has
already shown promise in exploring metaverse applications [3], [4].

The recently released state-of-the-art diffusion model, OpenAI Sora,
has garnered significant interest from academia and industry due to its
remarkable ability to generate virtual scenarios. Sora adopts a Vision
Transformer (ViT)-based architecture, making the Transformer-based
diffusion model a promising approach for realizing the vehicular meta-
verse [5].

However, the current diffusion-ViT (DViT) model demonstrates
practical performance in cloud environments but encounters challenges
in edge scenarios like vehicular networks. First, DViT struggles with
latency-sensitive and computation-intensive content generation due to
limitations in the execution and transmission abilities of heterogeneous
vehicular devices [6]. Additionally, ensuring privacy protection for
content becomes more challenging in dynamic and multi-user vehicular
networks [7]. Finally, edge users have more personalized requirements
for AIGC generation, potentially increasing the difficulty of flexible
inference on heterogeneous vehicles [3].

To facilitate edge GAI and metaverse, the authors in [6] propose a
dynamic AIGC service provider selection scheme to achieve both effi-
cient edge network and computation resource utilization and superior
quality of generated content. In [3], the authors present a blockchain-
empowered framework to manage the lifecycle of edge AIGC products,
which implements a multi-weight subjective logic-based reputation
scheme to ensure privacy and trustworthiness. In [8], the authors
enhance the vehicular metaverse through hierarchical personalized FL,
which caters to the personalized requirements of ITS applications. How-
ever, while these solutions provide valuable insights into implementing
an intelligence-based vehicular metaverse, to our best knowledge, there
is no work that has investigated incorporating DViT into vehicular
networks and its specific mechanisms.

In this paper, we focus on designing a DViT-enabled ITS and its in-
ference workflow to fill the gap between DViT and vehicular networks.
Vehicular metaverse tasks are generally characterized by multimodality,
including driving services, in-vehicle applications, and specific services
that drivers command [2]. We use the image generation process as
a typical representative to demonstrate the generic workflow of the
system. This is because (i) all of the above tasks contain requirements
for image generation, and (ii) the image-generating process is the
smallest unit that can completely demonstrate the workflow of DViT,
and other modal content generation (e.g., video and audio) can be
regarded as an overlay of this process. Specifically, the mechanism
aims to explore the distributed inference executed on rode-side units
(RSUs) and vehicles that collaborate with distributed heterogeneous
resources to reduce latency. Furthermore, the use of token embedding
and public prompts keeps both the user’s local data and the intermediate
results of inference from being leaked, while local prompts ensure that
personalized content is generated locally. On this basis, we formulate
the distributed inference latency optimization and propose a value
iteration distributed inference (VIDI) method to derive inference strate-
gies. The main contributions of this work are as follows:
� We introduce a DViT-enabled ITS and outline the DViT dis-

tributed inference workflow. We also conduct a latency analysis
and consider vehicle mobility within the system.
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Fig. 1. The DViT-enabled ITS architecture.

� We develop a distributed inference latency optimization frame-
work, taking into account bandwidth, computation power, and
vehicle positioning, to meet users’ latency-sensitive demands for
metaverse services in dynamic and resource-constrained vehicu-
lar scenarios. We then propose a VIDI algorithm that dynamically
determines optimal inference strategies.

� Numerical simulations demonstrate that our method achieves
better performance with lower latency and a higher success rate
for inference tasks.

The rest of the paper is organized as follows: Section II presents
the system architecture and workflows. Section III introduces the
distributed inference latency optimization and the VIDI algorithm.
Section IV presents simulation results and analysis. Finally, the paper
is summarized in Section V.

II. SYSTEM MODEL

In this section, we introduce the DViT-enabled ITS. Then, we of-
fer detailed descriptions of the distributed DViT inference workflow,
alongside latency and vehicle mobility analysis.

A. System Architecture

As depicted in Fig. 1, the DViT-enabled ITS consists of three main
components: vehicles, RSUs, and ITS controllers. Vehicles and RSUs,
equipped with DViT models and heterogeneous computation power,
support vehicular metaverse services such as background construc-
tion, vehicle interaction, obstacle avoidance, and traffic simulation,
achieved through DViT diffusion for generating multi-modal con-
tent including image, audio, and video [2]. In this paper, to reflect
the generalizability of the proposed methodology, we illustrate the
distributed inference process with the example of image diffusion
as the smallest unit of the DViT procedure. Moreover, we denote
the set of vehicles as D = {d1, d2, . . ., dD}, and the RSU set as
R = {r1, r2, . . ., rM}. All vehicles connected to a fixed RSU rm are
represented asV = {v1, v2, . . ., vN} ∈ D. LetW = {w1, w2, . . ., wN}
and C = {c1, c2, . . ., cN} denote the available network bandwidth and
computation power of vehicles in V , respectively. Additionally, ITS
controllers manage edge data collection to update a global status
view, providing necessary information to RSUs for devising distributed
inference strategies [9].

B. DViT Inference Workflow

1) Distributed DViT Inference: The DViT inference process
involves a reverse diffusion process p(xxxT )

∏
pt(xxxt−1|xxxt), aiming to

Fig. 2. DViT inference workflow.

approximate the original data distribution q(xxx0) with p(xxx0) from the
noise-filled data [4] as follows:

p(xxx0) =

∫ [
p(xxxT )

∏
pt (xxxt−1|xxxt)

]
dxxx1:T . (1)

Here, during diffusion steps t ∼ U(T = {1, 2, 3, . . ., T}), the diffusion
model is trained to learn the reverse process of a fixed-length Markov
chain, where xxx1 to xxxT are latent variables. Consequently, as depicted
in Fig. 2, the inference process gradually denoises a noised image from
step T to 1 and restores the real data x0 by sequential sampling from the
reverse distribution. Additionally, in the training process, the diffusion
model also involves a forward diffusion process that continuously adds
noise to the data

q (xxx1:T |xxx0) =
∏

q (xxxt |xxxt−1) . (2)

In this paper, we focus on the sampling process of reverse diffusion
associated with the inference procedure.

In our DViT-enabled ITS, all vehicles and RSUs are equipped with
the same DViT model. Differing from the conventional diffusion model
with a U-Net backbone, DViT employs a ViT architecture as a back-
bone, similar to the recent state-of-the-art OpenAI Sora model [5]. For
generalization, we utilize the standard ViT structure as the backbone of
the DViT model. The distributed DViT inference process includes five
steps outlined in Fig. 1: (i) A vehicle v′n ∈ V sends a metaverse task
request with sizeDreq to its connected RSU r′m ∈ R. (ii) From the first
inference step, after each step completion, the system determines the
next execution device. Here, r′m can execute some inference steps and
then (iii) offload intermediate results to its connected vehicles in V . For
simplicity, we use setO = {o1, . . ., ok, . . ., oK} to denote the execution
device of each diffusion step, where k from 1 to K represents diffusion
index T to 1, thus |K| = |T |, ok ∈ V′ = V ∪ {r′m}, and r′m is desig-
nated as v0 in V′. We introduce a constraint ok+1 �= r′m, if ok �= r′m,
to prevent vehicles from transmitting intermediate results back to r′m.
Here,w0 and c0 represent the bandwidth and computation power of r′m,
respectively. Thus, we define W′ = W ∪ {w0} and C′ = C ∪ {c0}. (iv)
The distributed DViT inference utilizes public prompts generated by
RSU r′m to outline a background of the required content. The public
prompts are abstracted from the common features contained in a set of
local prompts via semantic analysis, which can simultaneously generate
backgrounds for similar inference tasks for efficiency [6]. (v) Finally,
the remaining steps are offloaded to the user v′n for local inference
using local prompts explicitly describing the required content, i.e.,
ok+1 = v′n, if ok = v′n. This mechanism addresses the personalized
and privacy needs of users by ensuring that the user’s personalized
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intent for generating detailed content exists only in the local prompts.
Thus, the intent is not present in the intermediate results and public
prompts used for generating the background.

2) ViT Backbone Structure: As illustrated in Fig. 2, at each
diffusion step, the ViT backbone transforms a high-dimensional im-
age (i.e., the intermediate result generated by the previous step) into
low-dimensional tokens. Specifically, ViT reshapes the input image
xt ∈ R

H×W into a sequence of flattened patches I ∈ R
n×P2

[10].
Here, (H,W ) and (P,P ) denote the resolution of the image and
patches, respectively. n = HW

P 2 denotes the number of patches (i.e.,
sequence length for the transformer layers). Subsequently, position
embeddings are added to patches, incorporating positional information
and expanding the number of tokens to n′ = n+ 1. The resulting
sequence Xl ∈ R

n′×d serves as the input to the encoder layers, where
d represents the ViT dimension.

Following sequential processing by L encoder layers, the ViT back-
bone reshapes the image xt−1 through linear and reconstruct projection
modules. Note that this process is executed once during each infer-
ence step, and we will delve into the internal computation process in
Section II-C2.

C. Distributed Inference Latency Analysis

1) Communication Model: We assume the wireless channels to
be independent and identically distributed (i.i.d.) block fading, i.e., the
channel remains static within each time slot γ but varies from one to
another. When a device ok−1 transmits intermediate results to the next
device ok, we denote pk−1 as the transmit power of ok−1 and hk−1,k as
the channel gain. Thus, the transmit rate can be represented as follows:

Bk−1,k(γ) = wk−1(γ)log2

(
1+

pk−1 ·hk−1,k(γ)

σ2 + ξ (γ)

)
, ∀ok �=ok−1, (3)

where o2 represents the noise power and ξ denotes the inter-cell in-
terference power [9]. Thus, the latency for ok to receive intermediate
results is as follows:

T comm
k =

⎧⎪⎨
⎪⎩

n′ ·μ
Br′m,k(γ)

if k = 1, ∀ok �= r′m

0 if ∀ok = ok−1
n′ ·μ

Bk−1,k(γ)
otherwise, ∀ok �= ok−1

(4)

where μ is the average size of an embedding token in Xl.
2) Computation Model: The frequent matrix multiplication

within the DViT inference results in intensive computation consumption
compared to other processes such as image flattening, normalization,
and reconstruct projection. As a fundamental mathematical principle,
the matrix multiplication between A∈R

a′×b′ and B∈R
b′×c′ costs

2a′b′c′ floating-point operations of computation power. Consequently,
we can calculate the computation cost involved in the ViT backbone
workflow depicted in Fig. 2. Note that the weight parameters used
in ViT include WQ

l ,WK
l ,WV

l ∈ R
d×da·na , Wo

l ∈ R
da ·na×d, W1 ∈

R
d×df , b1 ∈ R

df , and W2 ∈ R
df×d, b2 ∈ R

d, where da represents the
dimension of one attention head, na denotes the number of attention
heads, and df is the number of neurons in the multi-layer perception
(MLP) layer [10].

As shown in Fig. 2, for each encoder layer, the QKV linear process
involves three matrix multiplications and costs 3 × 2dn′dana computa-
tion power. Then, a softmax function is applied by the multi-head atten-
tion (MHA) mechanism, incurring a cost of 2n′2dana + 2n′2dana +
2dn′dana computation power. Finally, the MLP process is executed us-
ing two linear layers and a Gaussian error linear units (GELU) function,
with a computation cost of 2dn′df + 2dn′df . Overall, the computation

volume required by one ViT encoder layer can be calculated as follows:

D = 6dn′dana +
(
4n′2dana + 2dn′dana

)
+ 4dn′df . (5)

Given that a ViT backbone comprises L encoder layers, the compu-
tation volume required by one diffusion step is L ·D. Consequently,
we can express the computation time of the diffusion step executed on
ok as T comp

k = L·D
ck

, where ck denotes the computation power of ok.
In practical applications, it is necessary to deploy appropriate DViT
models and pre-process images to limit their size according to the
requirements of specific services and the available processing capacity
of vehicles to avoid too many layers of the model and too large a volume
of input data, resulting in an excessive computational load.

3) Queuing Model: In general ITSs, RSUs and vehicles undertake
various services simultaneously. When an inference step is scheduled
to ok, it must wait for the services already queued. We assume task
queues operate in a first-in-first-out (FIFO) manner, and the task arrival
rate βk follows a Poisson distribution while the average task execution
rate ηk follows an exponential distribution [11]. The queuing time of
ok is

T queu
k =

βk

ηk (ηk − βk)
. (6)

Above all, the latency of each inference step executed on ok can be
calculated as follows:

Tk = T comm
k + T comp

k + T queu
k . (7)

Note that each diffusion step must be completed within the maximum
one-step execution time Tmax proposed by users; otherwise, r′m will
reschedule the inference task to another device to prevent potential
prolonged congestion.

D. Vehicle Mobility Analysis

In this part, we investigate the impact of vehicle mobility on dis-
tributed DViT inference. Let p0(x

r′ , yr′) denote the location of RSU
r′m, and �vn(γ) and λn(γ) represent velocity and acceleration at time
slot γ of a vehicle vn. We define the relative speed and distance between
vn and the preceding vehicle vn−1 as Δ�vn(γ) = �vn(γ)− �vn−1(γ) and
ϕn(γ) = xn−1(γ)− xn(γ)−	n, respectively. Here, 	n represents
the length of vn. Based on the dynamic properties of vehicle mo-
tion [12], we express the mobility parameters ofvn in terms of preceding
vehicles as follows:

λn(γ)=λmax

[
1−

(
�vn(γ)

�vmax

)δ
−
(
ϕ∗(�vn(γ) ,Δ�vn(γ))

ϕn(γ)

)2
]
, (8)

where λmax denotes the maximum acceleration, �vmax represents the
vehicle velocity of steady traffic flow, and δ is the sensitivity parameter
of drivers, typically ranging from 1 to 5.ϕ∗ denotes the desired distance
and is defined as follows:

ϕ∗(�vn(γ) ,Δ�vn(γ)) = ϕmin + �vnθ +
�vn(γ)Δ�vn(γ)

2
√
ϕmaxζmax

, (9)

where ϕmin represents the safe distance, θ denotes the minimum
reaction time, and ζmax>0 is the maximum deceleration.

The speed and position of vn can be represented as follows:

�vn(γ) = �vn(γ − 1) + λn(γ − 1)·|γ| (10)

xn(γ)=xn(γ − 1)+�vn(γ − 1) · |γ|+ 1
2
ϕn(γ − 1) · |γ|2 . (11)

Authorized licensed use limited to: University of Waterloo. Downloaded on March 04,2025 at 21:48:19 UTC from IEEE Xplore.  Restrictions apply. 



19934 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 73, NO. 12, DECEMBER 2024

Thus, the remaining time during which vehicle vn is within the
coverage of r′m can be represented as follows:

Tn,m′(γ)=

√
d′m

2−(yr′−yn (γ))
2±

(
xr′ −xn (γ)

)
| �vn (γ)| , (12)

where d′m represents the coverage radius of the RSU r′m.
The user v′n must remain within the coverage of r′m until it receives

the required intermediate results to perform the final local inference
steps. We define the time consumption of local inference steps asT loc =∑

Tk, ∀ok = v′n, and T denotes the total latency of the distributed
inference. Therefore, we have

T − T loc ≤ Tn′,m′ . (13)

To further formulate the vehicle position model, we divide the urban
road into G grids with a fixed length g′. Each vehicle is associated with
a grid number in H = {p1, p2, . . ., pG}, indicating its current position.
Therefore, H′ = H ∪ {p0} contains the positions of all devices in V′.

III. PROBLEM FORMULATION AND SOLUTION

In this section, we formulate the distributed inference as a Markov
decision process (MDP) and propose the VIDI algorithm to minimize
inference latency.

A. Distributed DViT Inference Latency Optimization Problem

The optimization objective is to minimize the distributed inference
latency, which encompasses the time of the user sending a request to
the RSU, as well as the transmission, computation, and queuing latency
during inference as follows:

min
O

T =
Dreq

Bv′
n,r′m

+

K∑
k=1

Tk

s.t. C1 : ok+1 �= r′m, ∀ok �= r′m
C2 : ok+1 = v′n, ∀ok = v′n
C3 : Tk ≤ Tmax

C4 : T − T loc ≤ Tn′,m′

C5 : fk ∈ {0, 1}

(14)

where C1 restricts the inference tasks offloaded to vehicles from being
sent back to the RSU for processing. C2 ensures that the last remaining
inference steps are executed on the user. C3 constrains the one-step
maximum execution time to prevent potential prolonged congestion.
C4 ensures that the user remains within the coverage of the RSU until it
receives necessary feedback.C5 specifies a binary parameter indicating
the type of device executing each inference step.

B. MDP Model Formulation

In the DViT-enabled ITS, existing scheduling strategies for subtasks
with linear dependencies have significant limitations. Specifically, some
assume negligible downlink transmission overhead, which is unsuitable
for diffusion processes involving massive image and token transmis-
sion [9]. Many machine learning-based methods require extensive
prior knowledge, which is difficult to obtain in variable ITSs [13].
Additionally, some works overlook the dynamic impact of inference
models on computation and communication resources [11]. To address
the above issues, in this paper, we model the distributed DViT inference
process as an MDP for our dynamic optimization, a stochastic process
evolving over time and characterized by the state space, action space,
transition probability, and reward function [13]. On this basis, we

Algorithm 1: Value Iteration Distributed Inference Strategy.

Input: ρ, S , A, P , and a small positive number φ
Output: Optimal strategy π∗

1: Initialize parameter i = 0 and v0(s) = 0
2: for s ∈ S do
3: for a ∈ A do
4: vi+1(s)=mina∈A{F (s, a)+ρ

∑
s′∈SP(s′ |s, a)vi(s′)}

5: end for
6: end for
7: if |vi+1(s)− vi(s)| > φ then
8: i = i+ 1, and go to line 2
9: Check for conflicts with constraints

10: else
11: π∗ = argmina∈A{v(s)}
12: end if
13: return π∗

solve the optimization problem using the VIDI algorithm tailored for
distributed inference processes. VIDI explores optimal solutions in
dynamic environments in a stochastic process that is well adapted to
the dynamics of computation and communication resources and the
time-varying nature of network topologies in ITSs. On the other hand,
VIDI does not require prior knowledge from ITSs, nor does it need to
ignore the downstream transmission process of the system, making it
easy and practical to deploy.

1) State Space: The successive decision epochs are represented
by the sequence k ∈ {1, 2, . . .,K}. Within the MDP, a state comprises
the bandwidth, computation power, and position grid. We define the
total possible states as follows:

S = W′ × C′ × H′, (15)

where ‘×’ is the Cartesian product. At each decision epoch, the current
state is denoted by s = (wn, cn, pg), s ∈ S .

2) Action Space: The action space defines all the possible actions.
We denoteA as the action set containing all actions that may be selected
for each inference step, as follows:

A = {a = (a1, a2, . . ., an, . . ., aN )} , (16)

where an ∈ {0, 1}. Here, an = 1 denotes the action that selects the
device vn to perform an inference step, while an = 0 otherwise.
Therefore, at each decision epoch, the RSU r′m will determine an action
a based on the current state s.

3) Transition Probability: The transition probability denotes the
probability that the current state s could transition to the next state s′

by action a, and is derived as follows:

P (s′ |s, a) = P (w′
n |wn, a)P (c′n |cn, a)P

(
p′g |pg, a

)
, (17)

where each P (·) is defined as the reciprocal of the total number
of possible values that can be varied from the current value of the
corresponding state parameter by action a.

4) Reward Function: The reward function F (s, a) reflects the
immediate reward when performing an action at the current state. Here,
we define F (s, a) = Tk(a) according to (7).

C. Distributed Inference Strategy Determining

The value iteration-based inference strategy, i.e., the VIDI algorithm,
is shown in Algorithm 1, to solve the latency optimization issue. The
value function vπ(s) denotes the expected rewards. A policy function
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is represented by π, and Π is the set of all π that can be explored. Thus,
we define vπ(s) as follows:

vπ(s) = E

[
K∑

k=1

ρk−1Fk(s, a)

]
, (18)

where E[·] denotes the expected value, ρ ∈ (0, 1] is the discount factor,
and Fk(s, a) represents the immediate reward.

Our objective is to minimize the distributed DViT inference latency
by selecting the optimal devices as follows:

v(s) = min
π∈Π

vπ(s). (19)

The optimization problem can converge into a Bellman optimality
equation expressed by [13]

v(s) = min
a∈A

{
F(s, a) + ρ

∑
s′∈S

P(s′ |s, a) v(s′)
}
. (20)

Algorithm 1 involves calculating rewards for all actions that can
be taken for each state in each iteration until convergence, resulting
in a polynomial time complexity O(|S| · |A| ·Δ), where Δ denotes
the maximum number of iterations. Considering the limited number of
vehicles served simultaneously by r′m and its restricted coverage, the
iteration number and dimensions of the state space and action space are
also significantly restricted. Thus, we consider the complexity of the
VIDI algorithm acceptable for distributed DViT inference.

IV. SIMULATION RESULTS

This section presents numerical simulations to evaluate the effective-
ness of our proposed method. We first provide details on the simulation
settings. The image resolution remains at 512× 512, with patches of 16
× 16. The DViT models maintain a dimension of 512, and the default
encoder layer number is 6. Each DViT model incorporates 8 attention
heads, along with an MLP dimension of 2048. RSUs are positioned
statically, equipped with computation power ranging from 15 to 20
GFLOPs and bandwidth from 100 to 200MHz. The coverage radius
of an RSU remains at 500 meters, and the road grid length is fixed
at 25 meters. Vehicles are randomly located in the urban area, with
computation power ranging from 5 to 10 GFLOPs and bandwidth from
50 to 80MHz. The default number of vehicles and inference steps is
20 and 50, respectively. The user latency requirement is set at 0.8s per
step, while the noise power remains at −100 dBm.

To comprehensively assess the performance of our method, we com-
pare it with several benchmark methods in simulations: (i) Minimum
distance distributed inference (MDDI), which selects vehicles gathered
around the RSU in advance; (ii) Maximum bandwidth distributed
inference (MBDI), which prioritizes devices with a higher available
bandwidth for inference; (iii) Maximum computation power distributed
inference (MCPDI), which prioritizes devices based on their computa-
tion power; (iv) Vehicular local inference (VLI), which leverages the
vehicle with optimal computation power to perform all the inference
steps without RSU participation; (v) Stochastically distributed infer-
ence (SDI).

Fig. 3 illustrates the latency performance across varying numbers
of vehicles participating in distributed inference. MBDI, leveraging
devices with superior communication conditions, and MDDI, offload-
ing tasks to nearby vehicles, outperform SDI. MDDI selects vehicles
in close proximity to each other for distributed inference, where the
communication distance between vehicles is shorter and they are in
RSU coverage for a longer period of time, but their computation ability

Fig. 3. Inference latency under different numbers of vehicles.

Fig. 4. Inference latency under different numbers of inference steps.

Fig. 5. Inference latency under different numbers of DViT encoders.

cannot be guaranteed, leading to higher latency. In contrast, MCPDI no-
tably reduces latency, showcasing the computational intensity of DViT
inference in dynamic and device-intensive edge scenarios. VLI scheme
that utilizes only the vehicle’s processing power can overcome some
communication bottlenecks, but the loss of the RSU’s computation
power makes its processing performance less impressive. This demon-
strates the importance of joint vehicle-RSU processing for inference
tasks. Notably, VIDI optimizes both communication and computation
adaptively, reduces latency as the vehicle number increases until it
stabilizes, and achieves superior performance across all methods.

Similar trends can be observed in Figs. 4 and 5. In Fig. 4, as the
number of inference steps grows, the advantages of VIDI become
increasingly pronounced. Meanwhile, in Fig. 5, with the number of
encoder layers within the DViT model increasing from 6 layers, as in
a conventional transformer encoder, to 48 layers, as in the large-scale
ViT-22B model [14], VIDI consistently achieves significantly lower
latency, showcasing its capability to dynamically adapt to resource-
constrained vehicular environments.

Fig. 6 assesses the stability of performance across all methods with
the success rate, defined as the ratio of the tasks meeting both the
user’s latency requirements and RSU’s coverage limits to the total
tasks. Remarkably, both MBDI and MDDI methods demonstrate low
and unstable inference success rates due to poor computation. VLI
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Fig. 6. Inference success rate under different numbers of vehicles.

proves that the instability in latency embodied in local inference makes
it difficult to meet the needs of DViT-based services. While MCPDI
aims to alleviate this issue, occasional harsh channel conditions pose
challenges, leading to occasional failures. In contrast, VIDI adopts
a comprehensive approach considering bandwidth, computation, and
vehicle mobility, improving success rates as the vehicle number in-
creases until it approaches 1 in dynamic and device-intensive vehicular
networks.

V. CONCLUSION

In this paper, we have studied the implementation of DViT models
in vehicular metaverse scenarios. Specifically, we have introduced the
DViT-enabled ITS and its internal inference workflow and conducted
latency and mobility analysis. Furthermore, we have formulated the
distributed inference latency optimization problem and proposed the
VIDI method, which considers bandwidth, computation power, and
dynamic device positioning to address this challenge. Simulation results
have demonstrated the effectiveness and efficiency of our approach in
reducing latency and improving success rates.
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