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Abstract—In this paper, we propose a general digital twin
edge computing network comprising multiple vehicles and a
server. Each vehicle generates multiple computing tasks within
a time slot, leading to queuing challenges when offloading tasks
to the server. The study investigates task offloading strategies,
queue stability, and resource allocation. Lyapunov optimization
is employed to transform long-term constraints into tractable
short-term decisions. To solve the resulting problem, an in-context
learning approach based on large language model (LLM) is
adopted, replacing the conventional multi-agent reinforcement
learning (MARL) framework. Experimental results demonstrate
that the LLM-based method achieves comparable or even supe-
rior performance to MARL.

Index Terms—Large language model, Digital twin, Resource
allocation, Edge computing

I. INTRODUCTION

THE growth of the Internet of things (IoT) has greatly
expanded vehicular applications, improving the driving

experience [1]–[3]. However, this also leads to the generation
of a large number of computing tasks. Vehicles’ limited com-
puting resources make independent task handling impractical
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[4]–[7]. This limitation often results in significant delays due
to the inability to process tasks promptly, thereby adversely
affecting the quality of service (QoS) of the applications.

To address this issue, vehicular edge computing (VEC)
offers a promising solution. VEC enables vehicles to offload
tasks to nearby servers by deploying VEC nodes or roadside
units along the road. These servers leverage their abundant
computing resources to process the diverse tasks generated by
vehicles and return the results efficiently [8]–[11]. However,
VEC introduces new challenges. Environmental dynamics and
vehicle mobility often create uncertainty in the volume of
tasks offloaded by each vehicle [12]–[15]. This uncertainty
leads to competition among vehicles for the server’s computing
resources, ultimately affecting the processing efficiency of
offloaded tasks [16]–[19]. As a result, effectively scheduling
task offloading and allocating server resources becomes a
critical challenge.

Digital twin enables the simulation, analysis, and optimiza-
tion of physical entities by creating digital replicas of real-
world objects [20]–[23], such as vehicles, industrial machin-
ery, and aviation engines. These digital replicas establish a
full life cycle model for their corresponding physical entities
[24]. In addition, IoT advancements have greatly enhanced
digital twin capabilities. They now support not only unidirec-
tional information mirroring but also bidirectional interaction
through intra-twin communication [25]. Vehicles in dynamic
environments can be virtually modeled by leveraging digital
twin technology. Their digital replicas capture relevant vehicle
information through intra-twin communication, enabling flexi-
ble task offloading and dynamic scheduling of server resources
[26]–[28]. In a digital twin edge computing network, a vehi-
cle may run multiple applications simultaneously, generating
diverse computational tasks within a single time slot, rather
than a single task as previously assumed. Additionally, task
offloading by multiple vehicles may impact edge server queue
stability. Therefore, developing a task offloading and resource
allocation scheme that ensures long-term queue stability be-
comes critically important.

The popular way to face the above problems is the deep
reinforcement learning (DRL). The actions taken are gradu-
ally optimized through the constant interaction of the agent
with the environment until the optimal action is obtained for
the highest long-term reward. However, this approach is not
without its drawbacks. DRL requires a lot of effort to adjust
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the model parameters in the process of training the model,
and non-optimal parameters may cause the model to fall into
a local optimum. LLM, as a novel approach, due to its strong
capability resulting from multimodal pre-training, can save
a lot of time and effort in the inference, and only need to
design the prompts for LLM. Moreover, it is possible to further
optimize the scheme obtained by MARL with the help of LLM
method.

In this paper, we construct a digital twin edge computing
network with a base station and a server1. Facing the situation
that vehicles generate multiple types of computing tasks in a
single time slot, we analyze the delay and energy consumption
of each type of task under the influence of digital twin,
and propose a in-context learning method based on LLM to
optimize the average quality of service as well as the total
energy consumption of the whole system scenario. The main
contributions of this paper are as follows:

• We propose a generic digital twin edge network scenario
and analyze the server queue backlog issue arising from
vehicles generating heterogeneous tasks within a single
time slot. Furthermore, we examine the subsequent im-
pact of these queued tasks on both the system’s average
QoS and total energy consumption. To jointly optimize
these two key metrics, we formulate and solve a corre-
sponding optimization problem.

• We apply Lyapunov optimization to the constraints in-
volving queue stability in the original problem, converting
it from a long-term stability problem to a short-term
decision problem, and consequently reconstructing the
original problem.

• We propose a MARL-guided context-based LLM ap-
proach to the problem. Specifically, the LLM is made
to output solutions by designing prompts for the LLM
and combining them with a case set provided by MARL.

II. RELATED WORK

In this section, we first review related work on digital twins
in vehicular edge network, and then survey existing studies on
large models for connected car scenarios.

A. Digital Twin in VEC

There has been some literature on the utilization of DT
under VEC. In [12], Dai et al. used DT as well as deep
reinforcement learning (DRL) to optimize the offloading delay
under adaptive DT network. In [29], Zhang et al. utilized
digital twins to guide vehicles to aggregate edge services to
minimize offloading costs. In [30], Liao et al. developed a DT
model about a driver to predict his behavior in the context
of an autonomous vehicle and a human-driven vehicle. In
[31], Zhang et al. constructed a vehicle edge caching system
by DT with VEC and used DRL to formulate the optimal
scheme. In [32], Zheng et al. proposed a DT-based prediction
model to predict the waiting time for a vehicle to connect
to the network while using DRL to minimize the long-term

1The source code has been released at: https://github.com/qiongwu86/-
LLM-Based-Task-Offloading-and-Resource-Allocation-for-DTECN

delay and energy consumption. In [33], Zhao et al. input the
global information of vehicles into the DT model to assist
the clustering algorithm in reducing the task offloading range
for the purpose of offloading prediction. In [34], Li et al.
modeled DTs for roadside units(RSUs), UAVs, and vehicles
to assist in task offloading for vehicles and management of
resources for RSUs and UAVs. These literatures have used
the DRL approach or machine learning algorithms in solving
optimization problems, and no literature has yet used the large
model approach to solve the problem.

B. Large Language Model
At present, the research on LLM for Edge Computing is

still in the exploratory stage. In [35], Zhou et al. used LLM
to investigate the case of power allocation for the base station,
and the experiments show that LLM is able to avoid the tedious
model training and hyper-parameter fine-tuning of machine
learning, while achieving performance results comparable to
those of traditional DRL. In [36], Zhou et al. used generative
AI for radio resource allocation and task offloading in an
edge-cloud network to compute the content generation delay
via LLM and optimize the offloading decision using LLM.
Simulations show that the proposed context learning approach
achieves satisfactory results without specialized model training
and fine-tuning compared to traditional DRL. In [37], Lee
et al. developed an LLM-based resource allocation method
for wireless communication systems to maximize energy and
spectrum efficiency, and confirmed the applicability and fea-
sibility of the scheme through experiments. In [38], Fu et
al. proposed a hybrid Intrusion detection systems based on
LLM to solve the intrusion detection problem in the internet
of vehicles. Experiments show that the proposed method is
able to make up for the shortcomings of traditional methods
in several aspects such as classification compared to machine
learning based methods. In addition, the proposed method per-
forms well on multiple intrusion detection challenge datasets
and shows good generalized recognition ability for in-vehicle
networks of different vehicles. In [39], Liu et al. modeled
a RIS-based IoT communication system using LLM and pro-
posed an optimization strategy for wireless resource allocation,
and the simulation results demonstrate the advantages of LLM-
enhanced reconfigurable intelligent surface. In [40], Chen et al.
proposed a dual deep deterministic policy gradient framework
under the guidance of LLM to achieve efficient coordination
between connected electric vehicles and distributed networks.
Experiments show that the proposed method performs well
in scheduling tasks compared to traditional methods. All the
above literature have conducted a preliminary study on the
application of LLM in vehicular environment, but the study
on the allocation of vehicular resources and the generation
of a queue of tasks for vehicular environment has not been
addressed.

As mentioned above, the literature related to digital twin
vehicular network has not yet applied LLM whereas the
literature that has conducted a preliminary study on LLM has
not yet dealt with vehicular resource allocation. Therefore, we
try to utilize LLM to conduct research on vehicular resource
allocation in digital twin edge network.
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Fig. 1: Digital Twin Vehicle Edge Network

III. SYSTEM MODEL

Figure 1 shows a system scenario in which we construct
a digital twin vehicular networking scenario with N vehicles
traveling on the road and a base station equipped with servers.
It contains two layers, i.e., the physical layer, which consists
of N vehicles, the base station and the server in the scenario,
and the cloud digital twin layer, which includes the digital
mapping of the entities in the physical layer on the cloud, i.e.,
the constructed digital copies. Specifically, within the commu-
nication coverage of the base station, a vehicle traveling along
the road generates K types of tasks to be processed at each
time slot. For the sake of this study, we assume that the vehicle
always travels within the BS coverage area. Due to limited
vehicular resources, the twin model of the vehicle in the cloud
twin layer analyzes the specific information about the tasks
generated by the vehicle in that time slot, and issues commands
to offload each task to the server through transmission with the
base station, which has K queues, and accepts the tasks from
the vehicle. Then, it stores them in separate dedicated queues
before they are processed. In addition, the server is equipped
with NE blocks of CPU cores and has a total resource of fE
cycles per second for all CPUs.

A. Digital Twin Model

The digital twin model of vehicle n in the cloud can be
represented as

MDT
n = {In,Γn(t)}, (1)

where In is configuration information for vehicle n, including
velocity vn and position ln(t), Γn(t) is the information about
Task of vehicle n in time slot t, which denotes Γn(t) =
{Dt

n,1, D
t
n,2, ..., D

t
n,k, ..., D

t
n,K}. Here, In and Γn(t) are un-

related to each other, as In is the current operational state of
the vehicle as it travels, while Γn(t) represents the vehicular
tasks at a given time slot.

B. Communication Model

Since we deploy the digital twin in the cloud, we ignore
the communication time between the twin model and the VEC
server. In this scenario, we use orthogonal frequency division
multiplexing technique for communication. Therefore, the
transmission rate between vehicle n and BS can be expressed
as

rtn = w log2(1 +
png

t
n,b

ρ2
), (2)

where w is the channel bandwidth, pn is the transmission
power of vehicle n, gtn,b is the channel gain between vehicle
n and the base station at time slot t, and ρ2 is the channel
noise between vehicle n and the base station. For the channel
gain gtn,b at the current time slot t, it can be modeled as [25]

gtn,b = |stn,b|2ht
n,b, (3)

where, ht
n,b is the large-scale fading component, which con-

sists of path fading and shadow fading, where the path
fading can be calculated as 128.1+ 37.6 log10(Dis(Vn,BS)),
and the shadow fading follows the log normal distribution.
dis(Vn,BS) is the distance between vehicle n and BS. stn,b is
the small-scale channel fading component, which follows the
circularly symmetric complex Gaussian with unit variance. To
characterize it, we use a first-order Gaussian Markov process
for this purpose. Thus, it can be updated in a way that can be
expressed as

stn,b = κst−1
n,b + etn,b, (4)

where κ is the correlation coefficient and etn,b is the channel
innovation process with distribution CN (0, 1− κ2). The cor-
relation coefficient κ can be expressed as κ = J0(2πfd∆t),
where J0(•) is the zeroth-order Bessel function, and fd is
the maximum Doppler frequency, which can be computed
as fd = (vnfc)/c, fc is the carrier frequency, and c is the
transmission rate of the electromagnetic wave.

C. Queue Model

At the beginning of time slot t, vehicle n generates K
types of computing tasks, and thus, we denote the k-th type of
them as Dt

n,k. Upon receiving the offloading policy, vehicle
n executes the offloading scheme for task k. Specifically, the
vehicle will offload the ωt

n,k|Dt
n,k| portion of task k to the

k-th queue at the VEC, |Dt
n,k| being the size of task Dt

n,k.
The cumulative amount of the k-th type of tasks arriving at
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queue k within the time interval [t1, t2) can be denoted as
Ck(t1, t2) = Σt2−1

t1 ΣN
n=1ω

t
n,k|Dt

n,k|, where t1 and t2 are two
adjacent time slots. For the tasks in the queue, the server
executes a resource allocation policy to allocate resources
to the tasks in each queue. We denote the CPU frequency
required to process per bit of data for the k-th type of tasks as
ck. Thus, the number of k-th type tasks processed by the VEC
server at time slot t can be expressed as ϕk(t) =

fEΣN
n=1α

t
n,k

ck
,

where αt
n,k denotes the proportion of resources for the k-th

task of processing vehicle n and fE is the total computing
resources of the server. Therefore, the backlog of queue k at
time slot t+ 1 can be expressed as [41], [42]

qk(t+ 1) = [qk(t) + Zk(t)− ϕk(t)]
+
, (5)

where Zk(t) = ΣN
n=1ω

t
n,k|Dt

n,k| denotes the number of tasks
of type k that arrive at queue k at time slot t. Since the
tasks generated in each time slot enter the queue, maintaining
queue stability is essential. If the queue is not kept stable, then
the tasks arriving at the queue are at risk of being discarded,
which is clearly not in line with the needs of the vehicle itself.
Therefore, we denote maintaining strong stability of queue k
as [43]

lim
t→∞

sup
1

t

t−1∑
s=0

K∑
k=1

E[qk(s)] < ∞, (6)

it is important to note that our work focuses on the long-term
stability of the queue under this network, which is manifested
by ensuring that the length of this queue is stable rather than
continuously growing as time increases.

D. Computing Model

1) QoS: Vehicle n generates tasks and then offloads them
according to the offloading policy, for the k-th type of tasks, it
will be partially offloaded according to ωt

n,k, when ωt
n,k = 0,

it will be processed directly locally, when 0 < ωt
n,k < 1,

it indicates that the task will be partially offloaded for pro-
cessing, and when ωt

n,k = 1, it will be completely offloaded
for processing. We let Dn denote the set of tasks generated
by vehicle n. For the k-th type of tasks Dt

n,k among them,
we denote it as Dt

n,k = {|Dt
n,k|, Tmax

n,k }, where Tmax
n,k is the

maximal latency limit of the k-th type of tasks generated by
vehicle n. Therefore, when the k-th type of tasks of vehicle
n is executed locally, its latency can be calculated as

tlocal
n,k =

(1− ωt
n,k)|Dt

n,k|ck
fv

, (7)

where fv is the vehicle’s own computing resources. For the
offloading part of the task, it first needs to be transmitted to the
server, and after it enters the server’s queue, the server executes
a resource allocation policy to allocate CPU frequencies to
process it. In addition, it should be noted that due to the
mapping difference between the digital twin model in the
cloud and its real physical entity, the CPU frequency allocated
by the VEC server to the k-th class task of vehicle n actually
has an estimated bias ∆fest

n,k [26], which in turn has a bias in
the latency of the final processing of the task, which is denoted

as ∆testn,k, which can be calculated as

∆test
n,k = −

ωt
n,k|Dt

n,k|ck∆f est
n,k

(αt
n,kfE)(∆f est

n,k + αt
n,kfE)

, (8)

therefore, for the delay tedge
n,k obtained after edge processing, it

can be finally represented as

tedge
n,k =

|Dt
n,k|
rtn

+
ωt
n,k|Dt

n,k|ck
αt
n,kfE

+∆test
n,k. (9)

For completing the task Dt
n,k, it needs to complete both local

and offload processing, so its final processing delay can be
expressed as

tn,k = tlocal
n,k + tedge

n,k . (10)

To measure the relationship between the delay for completing
a class k task for vehicle n and its maximum delay limit, we
express it in terms of QoS, which can be calculated as [44]

Un,k(t) = 1− tn,k
Tmax
n,k

, (11)

since the number of tasks generated by vehicle n in a single
time slot is K, the average QoS for vehicle n is expressed as

U ave
n (t) =

1

K

K∑
k=1

Un,k(t), (12)

thus, for this network, the average QoS of the whole system
can be expressed as

U sys(t) =
1

N

N∑
n=1

U ave
n (t), (13)

2) Energy: In addition to focusing on the QoS affected by
processing delay under this system, the energy consumption of
the system is equally important. Under this system, the total
energy consumption is mainly divided into local processing
energy and edge processing energy. For the local processing
energy consumption, it is mainly generated when the vehi-
cle’s own computing resources are used to process the local
computing tasks, which is calculated as follows

Elocal(t) =
N∑

n=1

K∑
k=1

fv
3κvetlocal

n,k , (14)

where κve denotes the effective switching capacitance of
the computing device on the vehicle. For the calculation of
the edge energy consumption, since it mainly involves the
consumption of the CPU power of the server, based on the
dynamic frequency regulation method that is widely used to
construct the real CPU power consumption, the edge energy
consumption is calculated as [41]

Eedge(t) = NEκ
se(

fEΣ
N
n=1Σ

K
k=1α

t
n,k

NE
)3, (15)

where κse denotes the effective switching capacitance param-
eter of the server hardware, which has the server hardware
itself to decide. For the total energy consumption of the system
under this network, it consists of the local energy consumption
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and the edge energy consumption, so we can get

Esys(t) = Elocal(t) + Eedge(t), (16)

E. Optimization Problem

Our goal is to maximize the average QoS of the system
under this network while minimizing the total energy con-
sumption of the system as much as possible, therefore, we
construct the following optimization problem:

P1 : min
(ωt

n,k,α
t
n,k)

−U sys(t) + Esys(t) (17a)

s.t. lim
t→∞

sup
1

t

t−1∑
s=0

K∑
k=1

E[qk(s)] < ∞ (17b)

tn,k ≤ Tmax
n,k (17c)

ΣN
n=1Σ

K
k=1α

t
n,kfE +∆f est

n,k ≤ fE (17d)

ωt
n,k ∈ [0, 1] (17e)

In particular, constraint (17b) indicates they need to ensure
the stability of the queue in order to avoid tasks being
discarded, constraint (17c) indicates that the latency obtained
from completing the task must not exceed the maximum
latency limit, constraint (17d) indicates that the computational
resources consumed by the offload processing portion of all
vehicle-generated tasks must not exceed the maximum amount
of resources of the VEC server itself, and constraint (17e)
indicates a range of values for the offloading policy. Note
that constraint (17b) is affected by the offloading decision,
which is interconnected with the resource allocation decision,
and both affect constraint (17c). Thus, the complexity of
this interaction makes it difficult to solve problem P1 using
traditional operations. In order to overcome this suffering,
we transformed the problem constraints and reconstructed the
problem using Lyapunov optimization.

F. Lyapunov Optimization

In this section, we will use Lyapunov optimization to
pair transform the long-run stability problem of the queue
into a short-run problem. Let ∆Q(t) denote the conditional
Lyapunov shift at time slot t, which is represented as

∆Q(t)
△
= E{L(Q(t+ 1))− L(Q(t))|Q(t)}, (18)

where Q(t) = [q1(t), q2(t), ..., qK(t)] is the backlog of the
queue at time slot t. Let L(Q(t)) denote the Lyapunov function
used to measure the average queue backlog, which is denoted
as L(Q(t)) = 1

2Σ
K
k=1(qk(t))

2. Squaring both sides of Eq. (5)
and bringing the Lyapunov function Eq. (18), then

∆Q(t) ≤1

2
E{ΣK

k=1(Zk(t)− ϕk(t))
2|Q(t)}+

E{ΣK
k=1qk(t)(Zk(t)− ϕk(t))|Q(t)},

(19)

Let Zmax
k serves as an upper bound for Zk(t), then Zk(t) ≤

Zmax
k can be obtained. Moreover, since ΣN

n=1α
t
n,k ≤ 1 in

ϕk(t) =
fEΣN

n=1α
t
n,k

ck
, according to the drift plus penalty bound

[45], the first term on the right-hand side of Eq. (19) can be
upper bounded by

1

2
E{ΣK

k=1(Zk(t)− ϕk(t))
2|Q(t)} ≤

1

2
E{ΣK

k=1(Zk(t)
2 − ϕk(t)

2)|Q(t)}

=
1

2
E{ΣK

k=1(Z
max
k )2 − (

fE
ck

)2|Q(t)}

= B

. (20)

Bringing the result into Eq. (19), then

∆Q(t) ≤

B + E{ΣK
k=1qk(t)(Zk(t)−

fEΣ
N
n=1α

t
n,k

ck
)|Q(t)}

. (21)

We then employ the opportunistic minimization of expecta-
tions technique for the second term on the right-hand side of
Eq. (21), after which we obtain the following result

∆Q(t) ≤ B − ΣK
k=1qk(t)(

fEΣ
N
n=1α

t
n,k

ck
− Zk(t)). (22)

Let
fEΣN

n=1α
t
n,k

ck
− Zk(t) be denoted by ϵ, so we finally

rewrite Eq. (22) as ∆Q(t) ≤ B − ϵΣK
k=1qk(t). According to

conditional Lyapunov shift theory, if the upper bound on the
Lyapunov shift ∆Q(t) is B − ϵΣK

k=1qk(t) for each time slot
t, we can rewrite the constraints(16b) in Problem 1 as

lim
t→∞

sup
1

t

t−1∑
s=0

K∑
k=1

E[qk(s)] ≤
B

ϵ
. (23)

In this scenario, to maintain the stability of the queue, it is
sufficient to ensure that the conditional Lyapunov shift has a
minimal tight upper bound, i.e., there exists an optimal an,k(t)
to minimize the right-hand side of Eq. (22). Combining this
short-term decision problem with problem P1, we get problem
P2:

P2 : min
(ωt

n,k,α
t
n,k)

βΣK
k=1qk(t)(Zk(t)−

fEΣ
N
n=1α

t
n,k

ck
)

+(−U sys(t) + Esys(t))

(24a)

tn,k ≤ Tmax
n,k (24b)

ΣN
n=1Σ

K
k=1α

t
n,kfE +∆f est

n,k ≤ fE (24c)

ωt
n,k ∈ [0, 1] (24d)

where β is a non-negative tradeoff factor.
The reconstructed problem P2 solves the long-run decision-

making problem, but the problem is still a complex opti-
mization problem. We choose to utilize LLM-based in-context
learning to solve the problem, but before we can do so, we
need to obtain a example set which got after training through
the MARL method.

IV. PROPOSED SOLUTION

To address the optimization problem, we first employ
MARL to obtain an initial set of cases, and then utilize LLM
to optimize the actions learned from this case set.
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Task description

Task goal: You need to output the action based on the 

dataset and in the given state, and only the action and no 

other information.

Task definition: You need to predict actions for a given 

state. The following is a dataset you can use for prediction. 

{dataset}

You need to predict the action matrix for the last given 

state matrix based on the dataset. Now, state is {s}, then 

action is

Rules: output offloading decision and resource allocation 

ratios from 0 to 1.

Example1:  s : state is [8544, 9584, ] ,  a : action is [0.091, 

0.196, 0.271, ] ,  r : reward is ... 

Example1:  s : state is [11968, 10552, ] ,  a : action is [0.1, 

0.223, 0.108, ] ,  r : reward is ... 

Example1:  s : state is [9224, 9008, ] ,  a : action is [0.341, 

0.119, 0.099, ] ,  r : reward is ... 

 

Provide the prompt

Data synchronization

Decisions

Execute decisions

Results return

1

4

2

3 3

5

1

2

3

4

5

6

4

If better than before

No 6

Iterate

Yes

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

train

MARL

Fig. 2: Overall design of LLM-based context learning

A. MARL-Based Case Set

The framework required for MARL, i.e. state, action, reward
function, needs to be constructed.

1) State: In this setting, we let the state consist of the task
Γn(t), vehicle position ln(t), vehicle speed vn, channel gain
gtn,b, i.e.

sn(t) = {Γn(t), ln(t), vn, g
t
n,b}, (25)

therefore, the environment state is S(t) = {sn(t)}N .
2) Action: We take the offloading ratio ωt

n,k and the re-
source ratio atn,k as the actions executed by the agent n after
obtaining the observation, i.e.

an(t) = {ωt
n,k, α

t
n,k}, (26)

after that, we can get the overall action, which is represented
as A(t) = {an(t)}N .

3) Reward: After considering various constraints, the re-
ward function is expressed as

rn(t) = Uave
n − η(fE − (ΣN

n=1Σ
K
k=1a

t
n,kfE +∆f est

n,k)), (27)

where η is a weight parameter used to keep the two terms on
the right-hand side of the equation to an order of magnitude.
Then, the long-term discount reward is Rn(t) = Σt

t0γnrn(t),
where t0 is the previous time, γn is the discount factor. We
can achieve the optimal action by maximizing the long-term
discount reward of each agent.

The algorithm procedure follows the implementation in
[26]. Among the neural networks involved in the algorithm
are the actor network, critic network and their respective target
networks. Their specific structure is as follows:

Actor: We categorize the actor network into three layers:
the input layer, the fully connected layer, and the output layer.
The fully connected layer consists of three hidden layers and
a softmax layer. The first two hidden layers use the rectified
linear unit (ReLu) function as an activation function and the
third hidden layer uses the tangent (tanh) function as an
activation function. Since the actor network is divided into
two parts, we will explain the estimated actor network and
the target actor network separately.

The input is the current state for the estimated actor
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network, including the computing tasks generated by the
vehicle, the vehicle position, the vehicle speed and the channel
gain. The current state is passed through three hidden layers
after outputting the probability of possible actions. Then after
passing through the softmax layer, the total probability of all
actions is set to 1. Finally, agent n randomly selects one of
the outputs.

Critic: The structure of the critic network also includes
an input layer, a fully connected layer and an output layer.
The difference is that there is no softmax layer in the fully
connected layer, only three hidden layers, and their activation
functions are Relu, Relu and Tanh respectively.

The inputs to the estimation critique network are the states
and actions of all agents at the current epoch, and the output
is the Q value.

After the case set obtained through MARL training we use
the LLM based on in-context learning to learn the case set and
then complete the decision-making for the randomly arriving
real-world situations.

B. In-context Learning-based Approach

In-context learning means that LLM can learn from human
characters, such as task descriptions and task solution cases, in
order to improve the performance of the target task. Context
learning can be defined as [35]

Dtask × ϵtexample × st × LLM ⇒ At, (28)

where Dtask is the task description, ϵtexample is a collection
of some cases under time slot t, st is the environment state
under the current time slot t, which is related to the target task,
LLM is the LLM model, as well as At is the output result
of LLM. Specifically, by inputting a description Dtask of the
task we need to solve to the LLM, the LLM learns from the
set of cases ϵtexample, and then makes a decision At on the
target task under the current time slot t based on the current
state of the environment st. In the following, we will make a
decision At on the task description Dtask and the set of cases
ϵtexample are described.

1) Task Description: Dtask is important for LLM to pro-
vide key information about the problem to be solved. Typi-
cally, a task description Dtask consists of three parts, which
are task goal, task definition, and additional rules. Below is
the prompt we designed to inspire the LLM, which contains
a specific description of the task.

User: You are a mathematical tool to predict some models.
You need to predict actions for a given state. The following
is a dataset you can use for prediction. You need to predict
the action matrix for the last given state matrix based on
the dataset. Please output the action matrix directly without
any other information. (data set)

LLM: [[0.091, 0.196, 0.271, 0.038, 0.038, 0.038], [0.1,
0.223, 0.108, 0.038, 0.038, 0.038], [0.203, 0.101, 0.109,
0.038, 0.0325, 0.038], [0.208, 0.113, 0.144, 0.0225, 0.038,
0.038], [0.01, 0.01, 0.99, 0.011, 0.005, 0.005], [0.01, 0.99,
0.01, 0.0065, 0.005, 0.005], [0.162, 0.08, 0.074, 0.038,
0.038, 0.038], [0.105, 0.117, 0.247, 0.038, 0.038, 0.0365],
[0.341, 0.119, 0.099, 0.038, 0.038, 0.038], [0.01, 0.01, 0.01,
0.0085, 0.038, 0.005]]

For the task goal, it specifically refers to “you need to
output the action based on the dataset and in the given
state, and only the action and no other information”. Then
we set the task definition to output dimension-specific actions
in a given environment state, e.g., when the number of vehicles
in the environment changes, the LLM must take this situation
into account. After that the case set is represented as “Here
is a dataset you can use for prediction”. Finally, we set up
additional response rules. That is ”an offloading decision and
resource allocation task”, where the goal is to output offloading
decision and resource allocation ratios from 0 to 1, because the
former requires LLM to focus on the decision-making process,
while the latter facilitates subsequent data extraction.

The above task description provides a template for the
definition of optimization tasks through formatted natural
language, which avoids the complexity that would arise from
dedicating a specific model for this purpose. Moreover, it is
also user-friendly, as the operator only needs to make simple
additions or deletions to the task descriptions without any
specialized knowledge of optimization.

Overall, the design of prompt requires the abstraction of the
optimization problem into natural language. The body of the
prompt to address the context of the optimization problem,
then the purpose of the cue needs to be designed, in addition
to adding some guiding words in order to allow LLM to
understand the problem to be solved in the context of the
case set.

2) Case Set: Examples are also critical for LLM in contex-
tual learning, so the selection of cases must be careful. This
is because on the one hand cases are an important factor in
LLM decision making, and LLM relies on cases to justify its
decisions, and on the other hand because the invocation of
LLM models usually has a token limitation, which means that
it is not possible for us to send a large number of examples.
Moreover, since the state of the environment in the scenario
of this paper is continuous, which means that the number of
cases is infinite, picking the most relevant and functional cases
is challenging. We choose the set of examples converged by
MARL training in the previous section. It should be noted
that the case set obtained by MARL is only preliminary, and
it needs to be further optimized by LLM based on the cases
in it.

3) LLM-based context learning: Figure 2 shows the general
design of LLM-based context learning. Specifically, when a
vehicle in the physical layer generates a class K task at
time slot t, it means that the information of the vehicle has
changed, and therefore, it will synchronize the information
to the twin model in the cloud digital twin layer via intra-
twin communication. Then, the twin model will invoke the
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LLM, i.e., it will input the prompt into the LLM and the
LLM will make a decision for the new task state based on
the historical dataset and it will make two types of decisions,
i.e., task offloading decision and resource allocation decision.
After making the decisions, the cloud will return these two
types of decisions to the vehicle and the server respectively.
After receiving the offloading decision, the vehicle will offload
the generated task to the server’s queue. The server, on the
other hand, will calculate and process the resource allocation
for the tasks in the queue according to the resource allocation
decision, and the result of the processing will be returned to
the vehicle. At the same time, it will be added to the dataset
as a new example.

V. SIMULATION RESULTS

TABLE I: Environmental parameters

Parameter Value Parameter Value
w 20MHZ pn 200mW
ρ2 -110mdB fc 2GHZ
fv 5GHZ vn [10,15]m/s
c 3× 108m/s fE 400GHZ

|Dt
n,k| [1000, 1500]Byte ck 0.25MHZ/Byte

κve 10−28 κse 1
(400GHZ)3

NE 10 β 1
γn 0.95 λ 0.01

A. Experimental Setup

The simulation environment in this paper is implemented
under Python 3.11.0 and the LLM model used is Llama 3.1-
8b. In terms of the environment setup, the parameters are set
as shown in Table 1. Specifically, the bandwidth w is set to
20 MHZ, the transmission power pn is 200 mW, the channel
noise ρ2 is -110 mdB, and the carrier frequencyfc is 2 GHZ. In
addition, the amount of the vehicle’s own computing resources
fv is 5 GHZ, the velocity of the vehicle vn is randomly chose
in [10, 15]m/s, the transmission rate of the electromagnetic
is 3 × 108m/s and the total amount of resources of the edge
serversfE is 400 GHZ. The task size |Dt

n,k| is randomly chose
in [1000,1500]Byte and the frequency required per bit of the
data ck is 0.25MHZ/Byte. The effective switching capacity of
the vehicle’s vehicular devices κve is 10−28, and that of the
servers hardware has an effective switching capacity κse of

1
(400GHZ)3 , and the number of CPUs on the server NE is 10.
In the experimental part, we set the non-negative coefficient
β in Problem 2 to 1. The discount factor γn is 0.95 and the
updated rate λ is 0.01.

B. Baseline Algorithm

We compared with current popular deep reinforcement
learning algorithms, i.e. multi-agent or single-agent reinforce-
ment learning (SARL). For MARL, the number of hidden
layers as well as the activation function are the same as
described in Section IV.B. For SARL, the number of hidden
layers is the same but the activation function of the neural
network is ReLu function.

(a) overall comparison

(b) Comparison between LLM and MARL

(c) Comparison of LLM under different estimation biases

Fig. 3: Comparison of system energy consumption between
LLM, SARL and MARL with different estimation bias.

C. Performance Evaluation

Fig. 3 shows the system energy consumption of LLM,
MARL, and SARL for different twin mappings. In Fig. 3(a),
it can be seen that for all the discussed methods, the system
energy consumption increases with the number of vehicles,
where SARL has the highest energy consumption while LLM
is able to achieve similar results as MARL. The energy
consumption of SARL is higher since making decisions based
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Fig. 4: Comparison of task processing latency for LLM,
SARL, and MARL with different estimation biases.

Fig. 5: Comparison of QoS of LLM, SARL and MARL with
different estimation biases.

on local information, having relatively weak capability for task
offloading and resource scheduling. In order to be able to make
a more specific comparison, we can get through Fig.3.b that
the energy consumption achieved by MARL is higher than
that obtained through LLM. On the other hand, in order to
compare the situation under different estimation biases, we see
through Fig.3.c that the energy consumption achieved by LLM
is lower when the bias is positive than when it is negative. This
is because, when the bias is positive, the amount of resources
estimated by the digital twin will be higher, and therefore, less
resources will be subsequently invested, but on the contrary,
more resources will be invested.

Figure 4 compares the task processing latency of LLM,
SARL, and MARL for different estimation biases. It can be
seen that the task processing delay increases with the number
of vehicles. In addition, SARL, as mentioned in the previous
section, makes decisions based on local information and thus
fails to obtain the optimal scheduling plan, i.e., SARL cannot
adapt to the environment of intense competition for resources.
In contrast, LLM achieves better results than MARL because
LLM performs comprehensive learning of the environment

(a) ∆f = 0.5

(b) ∆f = −0.5

Fig. 6: Comparison of Edge Energy and Resource Ratios for
LLM, SARL, and MARL with Different Estimation Biases.

based on a typical set of cases and makes smart inference
decisions on new cases. On the other hand, the delay when
the bias is positive is lower than when it is negative. This
is due to the fact that, as mentioned earlier, the amount of
resources estimated by the digital twin is higher when the
bias is positive, which naturally leads to lower latency.

Fig. 5 shows the comparison of LLM, SARL and MARL in
terms of QoS. We can get that QoS decreases as the number
of vehicles increases. In this case, the negative value of QoS
for SARL is due to the fact that SARL’s task processing
delay is higher than the maximum delay tolerance due to poor
scheduling scheme in case of higher number of vehicles as
shown in Fig. 4. On the other hand, even though the QoS is
also decreasing, the performance achieved by LLM is better
than MARL.

Fig. 6 compares the edge energy and resource ratios of
LLM, SARL, and MARL for different estimation biases. It
can be seen that SARL achieves the lowest edge energy
consumption, which is due to its relatively weak ability to
schedule resources as well as offload tasks, as mentioned ear-
lier. In addition, LLM is higher than MARL in terms of edge
consumption and resource share, regardless of whether the
deviation is positive or negative. This is because, as illustrated
in Fig. 4, LLM occupies more computing resources in order to
get lower processing latency, which leads to an increase in the
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resource share, and occupying more computational resources
leads to higher edge energy consumption.

VI. CONCLUSIONS

In this paper, we considered the problem of generating
multiple tasks by vehicles in a single time slot and queuing
of tasks in the server under digital twin edge networks, while
constructing a preliminary optimization problem by analyzing
this situation. Since the preliminary constructed problem has
a long term decision constraint that is difficult to solve, we
used Lyapunov optimization to transform this condition into
a short term decision. After constructing the new problem,
we utilized the LLM method, which is not widely used in
the field of IoT today, to solve the problem. Experimental
results have shown that the LLM-based In-context learning
method can achieve similar or even better performance than
the widely popular MARL. However, the method proposed in
this paper also has limitations, such as the speed of operation
of LLM is dependent on the performance of the hardware
deployed. Therefore, there is a requirement for the deployment
cost. In addition, overly complex optimization problem is a
challenge for LLM. Therefore, in the future work, we will try
to decompose the complex problem into several sub-problems
and hand them over to LLM for processing. At the same
time, we will also consider lightweight models to minimize
deployment costs. We summarize them as follows:

• The LLM can understand the tasks to be accomplished
and the objectives of the tasks to be achieved through the
cue words we designed.

• The LLM is able to learn the characteristics of the task
to be accomplished from a typical case set and can make
reasoned decisions for new tasks.
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