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Abstract—Federated learning (FL) has been increasingly ap-
plied to smart city applications to enable distributed model train-
ing while preserving data privacy. However, conventional weight-
sharing FL still incurs high communication costs in bandwidth-
constrained edge environments. Recently introduced Federated
Prompt Learning (FPL) significantly reduces communication
bandwidth usage to alleviate this issue. Nevertheless, performance
degradation persists due to the coexistence of inference and
training tasks and communication overhead, defined as delays
arising from the transfer of tasks and associated data. Managing
priorities between latency-sensitive inference and delay-tolerant
training tasks is a critical challenge.

This paper models the offloading of inference and training
tasks in FPL environments using queuing theory. Compared
to the Task-Type Separation (TTS) method, we expand the
control model and propose an improved offloading scheme that
minimizes the mean sojourn time of training tasks while meeting
delay requirements for inference tasks. This scheme allows for
bidirectional offloading among multiple edge servers, reducing
inference latency while maintaining training continuity. Analyti-
cal evaluations show that the proposed method satisfies inference
delay requirements while maintaining acceptable training delays.
This provides an automatic, scalable task control mechanism for
FPL-based edge systems.

Index Terms—Federated Prompt Learning, Edge Comput-
ing, Task Offloading, Smart Cities, Queueing Theory, Priority
Scheduling

I. Introduction
In recent years, there has been a growing interest in

constructing digital twins of entire cities using large-scale
point cloud data [1]. As an increasing number of sensors
and cameras are being deployed throughout urban areas, city-
level service architectures can be envisioned. However, when
such systems are implemented in a city context, the underlying
network infrastructure is often insufficient, and the available
bandwidth is limited [2]. Even under such resource-constrained
conditions, Federated Learning (FL) remains a promising
framework for enabling distributed learning while preserving
data privacy [3]. In FL, each client device trains a local
model and transmits the updated model weights to a cloud
server, where they are aggregated to improve global perfor-
mance. However, since FL requires transmitting entire model
weights, it introduces substantial communication bandwidth
usage, which becomes a major bottleneck in bandwidth-limited
edge environments [4].

To overcome this limitation, Federated Prompt Learning
(FPL) has been proposed [5], [6]. Instead of updating and
transmitting the entire model, FPL shares only the optimized
prompts used during training. This approach drastically re-
duces the communication cost: PromptFL [5], which targets
image recognition tasks, has been reported to reduce the
communication volume to approximately one hundredth of
that in conventional FL. In contrast, FedPrompt [6], applied
to natural language processing, achieves a reduction of about
one ten-thousandth. By employing FPL, the communication
cost associated with model exchange, the dominant bottleneck
in federated learning, is significantly reduced.

However, in edge environments that handle large-scale data
(e.g. point clouds) under limited bandwidth, delays arising
from the need to transfer the task and associated data that oc-
cur during task offloading (communication overhead), remain
non-negligible [7], [8]. In addition, because latency-sensitive
inference tasks and delay-tolerant training tasks coexist, their
priority levels must be carefully considered for faireness and
progress [9]. Under such resource and operational constraints,
it is difficult to process all tasks on a single edge server, and
distributing or offloading tasks among multiple edge servers
becomes a practical solution. To rigorously evaluate the delay
characteristics of such edge environments, queueing theory is
an effective analytical tool, as it can explicitly model task
arrival rates, service times, and priority relationships [10].
Queueing-based analysis enables lightweight yet theoretically
sound performance evaluation without relying on complex
simulations or large-scale testbeds.

Most existing studies are based on this analytical framework
[11]–[14]. Representative approaches include Queueing-based
Task Assignment (QTA) [11], Delay-aware Sequential Offload-
ing (DSO) [12], and our previous work, Task-Type Separation
(TTS) [13]. Their characteristics are summarized in Table I.
QTA addresses edge and task assignment across multiple
servers without considering task heterogeneity, DSO considers
communication overhead and offloading of low-priority tasks,
while TTS handles offloading of both inference and training
tasks. However, none of these methods can jointly optimize
communication overhead and task prioritization, which re-
mains a key limitation in existing research.

In this paper, we extend the TTS framework to propose



TABLE I: Comparison of existing works and our approach.

Considering
task

assignment

Considering
comm.

overhead

Offloading
low-priority

task

Offloading
high-priority

task

QTA [Chin+ 2020] [11] ✓ – – –
DSO [Wang+ 2025] [12] ✓ ✓ ✓ –
TTS [Miyata+ 2025] [13] ✓ – ✓ ✓
Ours ✓ ✓ ✓ ✓

a task offloading scheme that explicitly considers communi-
cation delay in Federated Prompt Learning (FPL) environ-
ments. Specifically, the objective is to minimize the mean
sojourn time of training tasks while satisfying the delay
constraint of inference tasks. The offloading control problem
is formulated based on queueing theory, from which the
optimal offloading strategy is analytically derived. Further-
more, through comparison with the Delay-aware Sequential
Offloading (DSO) method, analytical results demonstrate that
the proposed scheme completely satisfies the inference delay
constraint while keeping the training delay within an accept-
able range.

The main contributions of this paper are as follows:
• We extend the TTS framework to explicitly incorporate

communication overhead when considering an application
communicating a large amount of data (e.g. point cloud
data) and bandwidth-limited edge environments.

• We formulate the offloading control problem for infer-
ence and training tasks based on queueing theory, and
derive the optimal on/off switching strategy under delay
constraints through a simple brute-force search.

• We conduct a comprehensive performance comparison
with existing methods and demonstrate that the proposed
scheme keeps inference delay within a sustainable range
while maintaining training performance, thereby clarify-
ing the advantages and limitations of each approach.

The remainder of this paper is organized as follows. Sec-
tion II reviews related studies on task offloading in edge
environments. Section III presents the proposed extension
of the TTS framework. Section IV introduces the analytical
model based on queueing theory and evaluates task offloading
performance considering communication overhead and prior-
ity control. Section V compares the proposed method with
existing approaches. Finally, Section VI concludes the paper.

II. Related Work

Federated Learning and Federated Prompt Learn-
ing. Federated Learning (FL) has been widely adopted as
a privacy-preserving machine learning framework for dis-
tributed environments [3], [4]. However, since FL transmits
the entire model weights during aggregation, it requires sig-
nificant communication bandwidth, particularly in bandwidth-
limited edge environments. To address this issue, Federated
Prompt Learning (FPL) has been proposed. FPL drastically
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Fig. 1: System model. In Federated Prompt Learning (FPL),
only optimized prompts are exchanged between the cloud and
edge servers, making cloud–edge communication lightweight.
Since both inference and model training are performed at
edge servers, point cloud data must be exchanged between
them for distributed processing. This study focuses on the
communication overhead incurred by such inter-edge data
transfer.

reduces communication cost by sharing only the optimized
prompts [5], [6]. Nevertheless, in FPL, analytical frameworks
that account for communication delay and task prioritization
have not yet been sufficiently established.

Edge Offloading and Communication overhead. In edge
environments handling large-scale data such as point clouds,
limited bandwidth makes communication overhead during task
offloading non-negligible [7], [8]. Moreover, the coexistence
of latency-sensitive inference tasks and delay-tolerant training
tasks necessitates explicit consideration of task priorities [9].
Under these hardware, communication, and operational con-
straints, processing all tasks on a single edge server becomes
impractical, and distributing or offloading tasks among multi-
ple edge servers emerges as a necessary solution.

Queueing-Theoretic Modeling. To analytically evaluate
the delay characteristics of edge environments, many studies
have employed queueing theory [10]–[13]. Queueing-theoretic
modeling enables rigorous evaluation of system performance
with relatively low computational overhead by analytically
capturing factors such as task arrival rates, service times,
and priority levels, without relying on complex simulations
or large-scale experimental testbeds [10].

III. Method
A. Problem Setup

Assuming system. This study targets edge environments
that process large-scale point cloud and video data in real time,
such as those used for digital twin construction and safety
monitoring in urban areas. In such environments, numerous
IoT cameras and LiDAR sensors continuously generate data.
As illustrated in Fig. 1, only lightweight prompt exchanges oc-
cur between the cloud and edge servers in FPL, so cloud–edge
communication cost is negligible. In contrast, when inference
and model training are performed at edge servers, point
cloud data must be exchanged between them for distributed



processing. Because the inter-edge link is bandwidth-limited,
offloading tasks between edge servers incurs non-negligible
communication overhead [15]. Therefore, an efficient inter-
edge task distribution and offloading mechanism is essential.
Furthermore, although each edge server is equipped with a
GPU, it cannot execute multiple tasks simultaneously. Thus,
inference and training tasks cannot be processed in parallel.
To address this constraint, this study proposes an inter-edge of-
floading scheme that enables dynamic task allocation between
edge servers. For analytical simplicity, we assume that both
inference and training tasks arrive independently at each edge
server (ES1 and ES2), and their characteristics are summarized
as follows.

• Inference tasks take an image as input and output an esti-
mated label. They have extremely short service time (e.g.,
a few milliseconds), very high occurrence frequency, and
strict latency requirements.

• Training tasks take images with ground-truth (GT) class
labels as input and output the trained prompts. They
have extremely long service time, very low occurrence
frequency, and relatively low latency requirements.

• A single edge server (with one GPU) can execute only
one task at a time.

Modeling Communication overhead. Incorporating com-
munication overhead into queueing-theoretic analysis of task
offloading is generally non-trivial. Wang et al. [12] approxi-
mated the communication overhead as the total time required
to transfer all task data and simply added it to the queueing and
service delays. This is a reasonable assumption for inference
tasks, since processing cannot begin until a complete image
or input sample has been received.

However, assuming that training tasks wait for all data
to be transmitted, potentially hundreds of megabytes, before
any processing begins is unrealistic. In practice, training is
typically performed in a mini-batch manner, where data are
fetched and processed sequentially. As a result, the effective
communication overhead for the training task can be approx-
imated not by the total transmission time proportional to the
data size, but by the time until the first mini-batch arrives and
processing can begin, which is on the same order as that for
an inference task.

Consequently, in this study, we uniformly model the com-
munication overhead during task offloading as an initial trans-
mission delay before task execution begins. After this delay,
data transfer and computation are assumed to proceed in
parallel. This assumption maintains analytical simplicity while
providing a sufficiently accurate approximation of real system
latency.

B. Objective Function
The objective of this study is to minimize the mean sojourn

time of training tasks while satisfying the delay constraint of
inference tasks. For inference tasks, a tolerable delay threshold
𝑊th is introduced, and the maximum mean sojourn time over
two edge servers E[𝑊infer] := max𝑘 E[𝑊infer,k] is required to
remain below this threshold.

TABLE II: Symbols and definitions.

Symbol Definition

𝑗 Index of task class ( 𝑗 ∈ T := {infer, train})
𝜆 𝑗 Arrival rate of class 𝑗 tasks [tasks/s]
𝑏 𝑗 Average service time for class 𝑗 tasks [s]
𝑏
(2)
𝑗

Second moment of service time for class 𝑗

[s2]
𝑘 Index of edge server (𝑘 ∈ E := {1, 2})
𝑟 Proportion parameter used in 𝜌infer = 𝑟𝜌,

𝜌train = (1 − 𝑟)𝜌
E[𝑊 𝑗 ,𝑘] Mean sojourn time of class 𝑗 tasks processed

at ES𝑘

E[𝑊 𝑗 ] Mean sojourn time of class 𝑗 tasks ,defined
as the maximum average delay over two edge
servers (max𝑘 E[𝑊 𝑗 ,𝑘])

𝑆infer
(1→2) , 𝑆

train
(2→1) Offloading control variables for inference

(ES1→ES2) and training (ES2→ES1) tasks
𝑺 =

(
𝑆infer
(1→2) , 𝑆

train
(2→1)

)
Offloading strategy vector

𝑺∗ Optimal offloading strategy minimizing
E[𝑊train] under E[𝑊infer] ≤𝑊th

𝑑comm communication overhead [s]
𝑊th Tolerable inference tasks delay threshold [s]

Accordingly, the optimization problem can be formulated as
follows:

𝑺∗ := arg min
𝑺

E[𝑊train] s.t. E[𝑊infer] ≤ 𝑊th, (1)

Here,

𝑺 =

(
𝑆infer
(1→2) , 𝑆

train
(2→1)

)
, 𝑺∗ =

(
𝑆infer∗
(1→2) , 𝑆

train∗
(2→1)

)
,

where
• 𝑆infer

(1→2) ∈ {0, 1}: a control variable indicating whether
edge server ES1 offloads inference tasks to ES2. When
𝑆infer
(1→2) = 1, offloading is performed; when 𝑆infer

(1→2) = 0,
local processing is executed.

• 𝑆train
(2→1) ∈ {0, 1}: a control variable indicating whether

edge server ES2 offloads training tasks to ES1. When
𝑆train
(2→1) = 1, offloading is performed; when 𝑆train

(2→1) = 0,
local processing is executed.

Note that these offloading strategy variables are applied as
a blanket policy for each traffic steady state, rather than being
determined individually for each task.

In general, each edge server is denoted by ES𝑘 (𝑘 ∈ {1, 2}).
Based on the objective and constraint defined in Eq. (1), all

possible combinations of the strategy vector,

𝑺 =

(
𝑆infer
(1→2) , 𝑆

train
(2→1)

)
∈ {0, 1}2,

the mean sojourn times E[𝑊infer] and E[𝑊train] are computed
for each strategy. Among the candidates satisfying E[𝑊infer] ≤
𝑊th, the strategy that minimizes E[𝑊train] is selected as the
optimal strategy 𝑺∗.



C. Modeling by using queueing theory
In this section, we employ queueing theory to analytically

evaluate the impact of edge server behavior on the mean
sojourn time of each task. Queueing theory enables the the-
oretical performance evaluation of systems without resorting
to complex simulations, by probabilistically formulating task
arrival rates, service times, and priority structures. This prop-
erty makes it particularly effective for distributed systems such
as federated prompt learning (FPL) environments, where het-
erogeneous tasks coexist and lightweight yet reliable analysis
is required.

In this study, the system is modeled as an M/G/1 queue [16]
and handles two types of tasks, inference and training. Since
inference tasks require real-time responsiveness, they are as-
signed higher priority than training tasks.

Task arrivals are assumed to follow a Poisson process. For
each class 𝑗 ( 𝑗 ∈ {infer, train}), the mean arrival rate, mean
service time, and second moment of the service time are
denoted by 𝜆 𝑗 [tasks/s], 𝑏 𝑗 [s], and 𝑏

(2)
𝑗

[s2], respectively.
The traffic intensity for class 𝑗 is defined as 𝜌 𝑗 = 𝜆 𝑗𝑏 𝑗 .

This control mechanism allows the service of a training task
to be temporarily preempted when an inference task arrives,
so that the inference task can be processed immediately. This
assumption reflects a realistic behavior in FPL environments,
where real-time responsiveness must be guaranteed when
inference requests occur.

Under this priority control, the theoretical expressions for
the mean sojourn time of each task are derived in the following
subsection.

D. Communication-Aware Task Offloading Model
Based on the preemptive-resume priority control described

earlier, we now analytically derive the mean sojourn time of
tasks under inter-edge offloading. For all strategy vectors, the
mean sojourn times of inference and training tasks at each
edge server ES𝑘 are evaluated.

Strategy S=(0,0): Neither task is offloaded When no
offloading is performed, all tasks are processed locally at each
edge server. Therefore, the mean sojourn time is identical
to the expression used in conventional preemptive-resume
priority control. That is, the mean sojourn times of inference
and training tasks at edge servers ES1 and ES2 are given by
the following equations.

E[𝑊infer,𝑘] =
𝜆infer𝑏

(2)
infer

2(1 − 𝜌infer)
+ 𝑏infer, (2)

E[𝑊train,𝑘] =

∑︁
𝑗∈T

𝜆 𝑗𝑏
(2)
𝑗

2(1 − 𝜌infer) (1 − 𝜌infer − 𝜌train)
+ 𝑏train

1 − 𝜌infer
.

(3)

Here, E[𝑊infer,𝑘] and E[𝑊train,𝑘] denote the mean sojourn
times of inference and training tasks, respectively, at edge
server ES𝑘 .

Strategy S=(1,1): Both inference and training tasks are
offloaded

time
ES2

time
ES1

Inference task Training taskOffloaded
Inference task

Offloaded
Training task

Fig. 2: The derivation of the third and fourth terms in
Eq. (5). In addition to queueing delay (corresponding to the
first and second terms in the equation), the processing time
of inference task is 𝑑infer with probability (1 − 𝜌train), and
𝑑infer + 𝑑comm, which includes the communication overhead
caused by offloading, with probability 𝜌train.

When bidirectional offloading is performed between edge
servers, ES1 primarily processes training tasks and handles
inference tasks only when it is idle. Conversely, ES2 only
processes inference tasks, since all training tasks are offloaded
to ES1.

The mean sojourn time of inference task at ES1 is same as
Eq. (2). The mean sojourn time of training task is expressed
as follows.

E[𝑊train,1] =
𝜆infer𝑏

(2)
infer + 2𝜆train𝑏

(2)
train

2(1 − 𝜌infer) (1 − 𝜌infer − 2𝜌train)

+ 𝑏train +
𝑑comm

2
. (4)

Here, 𝑑comm represents the average communication overhead
required before a task begins execution. Since training tasks
can start learning sequentially before receiving all the data,
their communication overhead can also be regarded as being
approximately 𝑑comm. Moreover, in this setting, since half
of the training tasks are offloaded from ES2 and the other
half arrive originally at ES1, the communication overhead is
deterministically reduced by a factor 1

2 .
ES2 must handle not only its local inference tasks but also

those offloaded from ES1. The probability of the latter case
equals the probability that an inference task arrives at ES1, i.e.,
1/2, multiplied by the probability that a training task is being
executed at that time (including offloaded ones), i.e., 2𝜌train.
Therefore, the probability becomes 𝜌train. This derivation is
also illustrated in Fig. 2. The overall mean sojourn time can
be approximated as follows.

E[𝑊infer,2] = (1 − 2𝜌train)
𝜆infer𝑏

(2)
infer

1 − 𝜌infer
+ 2𝜌train

2𝜆infer𝑏
(2)
infer

1 − 2𝜌infer
+ 𝑏infer + 𝜌train𝑑comm. (5)

In this strategy, inference and training are processed in
parallel on separate servers, enabling both real-time respon-
siveness for inference and continuity for training. However, if



the communication overhead 𝑑trans is large, the benefits of
offloading may be offset.

Strategy S=(0,1) or S=(1,0): One type of task is offloaded
In strategy S = (0, 1), training tasks are offloaded to

ES1, concentrating the load on a single server. As the mean
sojourn time of low-priority tasks in a preemptive-resume
𝑀/𝐺/1 queue is a convex and increasing function of the
total load, this concentration increases the maximum training
delay, and communication overhead 𝑑comm further worsens it.
In strategy S = (1, 0), inference tasks are offloaded to ES2,
increasing its inference load and interrupting training more
frequently. The convex load–delay relationship again leads
to a larger maximum delay, and 𝑑comm degrades E[𝑊infer].
Overall, single-type offloading creates unbalanced load and
amplifies delay through convexity, so only strategy S = (0, 0)
and S = (1, 1) are effective in this framework.

IV. Experiments
In this section, the performance of the proposed method

is analytically evaluated based on the queuing model formu-
lated in Section III. All results are derived from closed-form
solutions, and neither simulations nor implementation experi-
ments are used. We assume an FPL-based setting, where the
communication overhead of model exchange can be ignored.
Task-switching overhead on the GPU is also not considered.

A. Experimental Setup
OpenAI’s CLIP is used as the vision–language model, and

PromptFL [5] is employed for the implementation of Federated
Prompt Learning. The mean service time of inference tasks
(class 𝑗 = infer) is set to 𝑏infer = 3 [ms] with a standard
deviation of 1 [ms], while the mean service time of training
tasks (class 𝑗 = train) is set to 𝑏train = 1 [hour] with a standard
deviation of 0.5 [hour].

The overall system traffic intensity is fixed at 𝜌, and using
a proportional coefficient 𝑟 ∈ [0, 1], the traffic intensities for
each class are defined as follows, 𝜌infer = 𝑟𝜌 and 𝜌train =

(1 − 𝑟)𝜌. To maintain system stability, the condition 2𝑟𝜌 < 1
must hold.

In this setting, the arrival rate 𝜆 𝑗 for each class is automat-
ically determined by 𝜆 𝑗 = 𝜌 𝑗/𝑏 𝑗 . For example, when 𝜌 = 0.3
and 𝑟 = 0.9, inference tasks arrive every 1/𝜆infer = 0.01 [s],
while training tasks arrive every 1/𝜆train = 33.33 [hours].

As a baseline for comparison, we adopt the method pro-
posed by Wang et al. [12]. Both approaches share the same
objective of minimizing the mean sojourn time of low-priority
tasks (i.e., training tasks in this study), but differ in several
assumptions. Wang et al. assume an environment with three
or more edge servers (ESs), where an ongoing training task
can be interrupted and migrated to another ES upon the arrival
of an inference task. They also do not consider offloading of
inference tasks. However, such mid-execution migration can
increase the overall delay when inference task arrivals are
frequent. Therefore, this study does not assume such migration.

It should be noted that in all existing methods, once of-
floading is permitted, both inference and training tasks tend to

0 20 40 60 80 100

Communication overhead dcomm [ms]

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

T
ra

ff
ic

 i
n
te

n
s
it

y
 ρ

Infeasible

Offloading strategy (0,0) is optimal

Offloading strategy (1,1) is optimal

Fig. 3: Visualization of the boundary between different optimal
offloading strategies.

be offloaded simultaneously. In other words, they consistently
adopt the strategy corresponding to (𝑆infer

(1→2) , 𝑆
train
(2→1) ) = (1, 1).

When comparisons are made within this region, the method
of Wang et al. tends to exceed the allowable delay threshold
𝑊th for inference tasks, whereas the proposed method in this
study maintains superiority in that respect.

A key feature of this study is that it derives the optimal
offloading strategy 𝑺∗ that strictly satisfies the delay constraint
for inference tasks, E[𝑊infer] ≤ 𝑊th, while minimizing the
mean sojourn time of training tasks, E[𝑊train].

B. Result

We evaluate performance using mean sojourn time. As
shown in Fig. 3, the optimal strategy switches depending on
the network delay 𝑑comm and the traffic intensity 𝜌. When
𝑑comm is small, bidirectional offloading 𝑺 = (1, 1) is effective,
allowing the constraint on inference tasks, E[𝑊infer] ≤ 𝑊th, to
be satisfied while significantly reducing the mean sojourn time
of training tasks, E[𝑊train]. Conversely, as 𝑑comm increases, the
communication overhead due to offloading becomes dominant,
and local processing 𝑺 = (0, 0) becomes optimal.

As shown in the numerical results in Table III, when
𝑑comm = 5 ms, the optimal strategy is 𝑺 = (1, 1), whereas
when 𝑑comm = 60 ms, E[𝑊infer] > 𝑊th, and 𝑺 = (0, 0) becomes
the superior option. Therefore, the boundary curve represents
the trade-off between satisfying the inference delay constraint
and minimizing the training delay.

Table IV compares the average performance of the base-
line method (DSO) [12] and the proposed method. Here,
Ē[𝑊infer] and Ē[𝑊train] denote the mean values of E[𝑊infer]
and E[𝑊train], respectively, averaged over the feasible pa-
rameter region of 𝜌 and 𝑑comm shown in Fig. 3. As shown
in Table IV, the proposed method fully satisfies the delay
constraint for inference tasks (achieving 100% compliance
with ≤ 𝑊th) while maintaining the mean sojourn time of
training tasks, E[𝑊train], at an almost equivalent level to that
of Wang et al. [12].



TABLE III: Mean sojourn times. The mean sojourn times
of inference and training tasks are denoted as E[𝑊infer] and
E[𝑊train], respectively, with 𝑊th = 0.004 s. Bold values
indicate those obtained with the optimal strategy. Underlined
values denote violations of the tolerable delay threshold 𝑊th.

𝑑comm = 0.005 s 𝑑comm = 0.060 s
Offloading strategy E[𝑊infer] E[𝑊train] E[𝑊infer] E[𝑊train]
ES1: 𝑺 = (1, 1) 0.0036 3876 0.0036 3876
ES2: 𝑺 = (1, 1) 0.0038 – 0.0055 –

ES1,2: 𝑺 = (0, 0) 0.0036 5064 0.0036 5064

TABLE IV: Comparison results. The achievement rate of the
tolerable delay for inference tasks (≤ 𝑊th) [%], and the mean
sojourn times of inference and training tasks, E[𝑊infer] and
E[𝑊train] averaged over the feasible parameter region of 𝜌 and
𝑑comm. 𝑊th = 0.004 s.

Method ≤ 𝑊th [%] Ē[𝑊infer] Ē[𝑊train]
DSO: Wang et al. [12] 34 0.0047 3813
Ours (𝑺∗) 100 0.0036 4564

In contrast, the method of Wang et al. satisfies the inference
delay constraint in only 34% of cases, and the mean delay for
inference tasks, Ē[𝑊infer] = 0.0047 s, exceeds the threshold.
This is because their model does not account for inference
offloading and ignores the communication delay caused by in-
terruptions of training tasks. By contrast, the proposed method
achieves more practical scheduling through the combination of
bidirectional offloading and strict delay constraint satisfaction.

V. Conclusions
In this paper, we have explored the use of queuing theory as

a lightweight evaluation mechanism for automatic task offload-
ing of inference and training tasks in federated prompt learning
at the edge. Motivated by the use case of smart cities, where
FPL is used to evaluate video streams to capture dynamic,
region-specific, or anomalous behavior. In FPL, the primary
bottleneck shifts from model exchange communication to the
efficient coexistence of training and inference at the edge.
We have presented the problem encoding in queuing theory.
Initial experimental results are presented where the approach
is compared to non-preemptive and preemptive scheduling
approaches on two edge servers. Results show that queuing
theory combines the advantages of both approaches with less
overhead.

Future work will seek to expand both the scale and com-
plexity of the evaluation to explore the limits of queuing
theory in this context. We will consider expanding this method
to multiple edge servers by applying existing research that
has proposed algorithms using game theory to determine the
amount of offloading [17] or using kmeans++ to model it [18].
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[4] J. Konečný, H. B. McMahan, F. X. Yu, P. Richtárik, A. T. Suresh, and
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