This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

MobiTask: A Federated Learning-Based Task
Migration Strategy for Mobile Crowdsensing

Siyuan Yin®, Haifeng Jiang

Huaming Wu

Abstract—In mobile crowdsensing (MCS), the quality of sens-
ing is often enhanced through the rational allocation of tasks
in the initial phase. However, during task execution, some
participants may fail to complete their tasks on time, adversely
affecting the overall completion rate. Although existing studies
have introduced the concept of task migration, they lack a
comprehensive migration strategy. To address this issue, we
propose MobiTask, a federated learning (FL)-based task migra-
tion strategy for MCS. The proposed strategy consists of two
stages: task execution progress prediction and task successor
selection. In the task execution progress prediction stage, various
factors leading to task delay are considered. A long short-term
memory (LSTM) model with an attention mechanism is designed
to predict participants’ task execution progress. Based on the
predictions, participants who are unlikely to complete tasks on
time are identified and removed. In the task successor selection
stage, a multiagent reinforcement learning (MARL) algorithm
incorporating a graph attention network (GAT) is proposed to
construct a candidate pool and select appropriate task successors.
Additionally, FL is employed to train the models, mitigating the
impact of device heterogeneity while ensuring strategy security
and stability. Simulation results demonstrate that MobiTask out-
performs existing baseline strategies in terms of task completion
rate and migration cost, validating its effectiveness and feasibility.

Index Terms—Federated learning (FL), graph attention net-
work (GAN), mobile crowdsensing (MCS), multiagent reinforce-
ment learning (MARL), task migration.

1. INTRODUCTION

ITH the widespread adoption of mobile devices, such as
W smartphones and smart wearable devices, along with the
rapid development of wireless networks, mobile crowdsensing
(MCS) has emerged as a novel distributed sensing and comput-
ing paradigm, gradually demonstrating its significant value [1].
MCS leverages the extensive distribution and powerful sensing
capabilities of mobile devices such as smartphones to collect
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and process environmental information, providing convenient
services for societal development. Currently, MCS has broad
applications in areas such as social cognition [2], environmen-
tal monitoring [3], [4], and transportation [5]. Compared with
traditional sensing technologies, MCS offers more significant
advantages in terms of cost control, coverage, and flexibility.

MCS systems complete the sensing tasks by recruiting a large
number of participants who carry mobile devices to collect data.
To improve the quality of sensing services, it is necessary to
allocate tasks to participants in a reasonable way in advance.
Therefore, task allocation has become a key research topic in
MCS [6], which includes multitask allocation [7], online task
allocation [8], two-stage task allocation [9], group collaborative
task allocation [10], and cross-platform task allocation [11],
among others. While effective task allocation can improve sens-
ing quality, it often overlooks subjective awareness and interests
of participants. As a result, recent studies have focused on task
recommendation [12], [13], [14], where personalized task lists
are provided to participants based on their preferences and char-
acteristics, allowing them to select tasks to execute. Compared
with traditional task allocation, task recommendation further
enhances the quality of task completion.

Although task allocation and recommendation can improve
the quality of sensing through rational planning in the initial
phase, they are based on offline data of participants for matching
or recommendation. Various subjective and objective factors
during task execution can lead to the actual task completion
rate of MCS falling short of the expected effects of task alloca-
tion. For example, several effective task allocation frameworks
exhibit a failure rate of approximately 20% [11], [15], [16],
which may increase due to unexpected circumstances during
task execution. Various unexpected situations, such as partici-
pants being passive in task execution or lacking the ability to
perform tasks leading to task completion timeouts, can affect
the actual effectiveness of task allocation strategy. Additionally,
unexpected issues such as insufficient resources on mobile de-
vices, device damage, rugged roads, or traffic congestion can
hinder participants’ task execution progress. These factors may
result in participants failing to complete tasks on time, and task
allocation or recommendation strategies cannot anticipate these
unforeseen influencing factors in advance.

Currently, there is limited research on issues related to the
task execution phase. Jiang et al. [17] proposed a task reschedul-
ing scheme following the initial task allocation to address the
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problem where participants are unable to access computing
services provided by edge servers during task execution. During
task execution, there are also cases where participants fail to
provide services properly (e.g., failing to complete tasks on
time). To address this issue, Li et al. [18] introduced the concept
of task migration for the first time. However, their study only
designed conditions for task migration and data inheritance,
aiming to enhance the robustness of initial task allocation al-
gorithms. It did not account for the various reasons why partic-
ipants may fail to complete tasks on time, nor did it provide
a comprehensive solution for the task migration process. In
contrast to the numerous established strategies available for task
allocation [15], [19], [20], no studies have yet conducted an in-
depth analysis of the various scenarios where participants fail to
complete tasks on time during execution or proposed a complete
solution to address these issues.

To address the aforementioned challenges, this article con-
siders various scenarios in which participants fail to complete
tasks on time during execution and proposes a comprehensive
task migration strategy for MCS systems, named MobiTask.
MobiTask introduces a task migration strategy that includes
task execution progress prediction and task successor selection.
First, by predicting the task execution progress of numerous
participants and considering task deadlines, the participant set
is divided into two subsets: those who can complete the task on
time and those who cannot. Participants who cannot complete
the task on time are eliminated and their tasks are migrated.
Several successors are then selected from the pool of can-
didates who can complete the task on time, ensuring timely
completion. In the task execution progress prediction stage,
this article proposes an LSTM-attention model, enhanced by
personalized federated learning (FL) to mitigate the impact of
device heterogeneity on prediction accuracy, ensuring high pre-
cision in progress prediction. For the successor selection stage,
we introduce GAT-QMIX, a multiagent reinforcement learning
(MARL) algorithm integrated with GAT. Trained through FL,
GAT-QMIX not only ensures a high task completion rate, but
also reduces the computational load on cloud servers. Further-
more, an enhancement mechanism is incorporated into FL to
improve the security and reliability of the MobiTask strategy.
The simulation results demonstrate that the MobiTask strategy
can effectively predict participants who are unlikely to complete
tasks on time and perform timely task migration, thus improving
the task completion rate in MCS systems. Based on the above
discussion, the contributions of this article include.

1) By analyzing various situations in which participants fail
to complete tasks on time during the task execution stage
in MCS, we propose an FL-based task migration strat-
egy, named MobiTask. Compared with existing work, this
strategy is the first to design a complete task migration
process. It enables tasks that would otherwise fail to be
completed on time to be successfully finished through
two stages: task execution progress prediction and task
successor selection.

2) We introduce a task execution progress prediction model
based on LSTM with an attention layer, as well as a
MARL method integrated with GAT, to implement the
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two key stages of task execution progress prediction and
task successor selection. FL is employed to train these
two models, ensuring the security of the strategy and the
stability of the system.

3) The MobiTask is evaluated using datasets such as Geolife
and Random dataset. Experimental results demonstrate
that the proposed strategy is more effective and stable
compared with other baseline methods, particularly in
improving task completion rate and reducing migration
cost.

The remainder of this article is organized as follows. Sec-
tion II reviews related work. Section III provides the system
model. In Section IV, the design concept and algorithm flow of
the MobiTask strategy are presented in detail. Section V con-
ducts experiments to evaluate the performance of the proposed
strategy. Finally, Section VI summarizes the whole article.

II. RELATED WORK

The work in this article primarily focuses on the design of the
task migration mechanism and the use of FL. Task migration
addresses the limitations of task allocation. Consequently, we
review the development of task allocation mechanisms and the
application of FL in MCS.

A. Task Allocation

A substantial body of research has emerged on task allocation
strategies aimed at improving the quality of sensing services in
MCS. Yang et al. [21] proposed an improved genetic algorithm
(GA) to address the online task allocation problem, where par-
ticipants arrive dynamically, enabling real-time assignment of
an appropriate set of tasks to each incoming participant. Ad-
ditionally, some studies have combined both offline and online
task allocation models and introduced a two-stage task alloca-
tion strategy that jointly optimizes task allocation under a total
incentive budget constraint [15]. Hu et al. [22] considered the
quality of service (QoS)-sensitive nature of MCS and employed
a utility function-based greedy algorithm to address the task
allocation problem.

These studies primarily utilize traditional mathematical
methods and heuristic algorithms for task allocation. However,
with the widespread adoption of artificial intelligence tech-
niques, such as deep learning, an increasing number of studies
have utilized deep learning-based approaches for task alloca-
tion. For instance, Zhao et al. [23] utilized a spatiotemporal
attention network to capture the relationships between factors
such as workers’ location preferences and capabilities, thereby
improving the accuracy of task allocation.

The above studies focus on improving sensing quality in
the initial phase of MCS by assigning appropriate tasks to
participants. However, it lacks strategies to address situations in
which participants are unable to complete tasks on time during
the task execution phase.

B. FL

FL, as an emerging distributed machine learning paradigm,
has shown significant effectiveness in protecting data privacy
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TABLE 1 Task Execution Progress Prediction n Task Successor Selection
SYMBOLS AND DEFINITIONS ”
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Symbol Definition (Y‘HL;- -0 Ik |
N, M Set of tasks and set of participants in the platform Partici Lnsll"f“?' S, l 9 l
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participants : @ Tasks to be succeeded Task successors
[N/ Number of remaining uninherited tasks in set N’ oM M "
n’ Initial total number of tasks in N’ / ‘
Tg Time spent by the original participant on task j before & é
) . mlgratlon Identify participants who can and cannot :
T, To? The time for participant 7 to complete its original task and complete taske on time Sucecalt ik
the time to complete its inherited task
s ;Frz;(ve} time for participant i to reach the location of Fig. 1. MobiTask strategy design.
ask j
TJ Deadline of task j
CostAdd; Incentive cost for participant ¢
Nar Number of participants selected as task successors IV. STRATEGY DESIGN
K', Cost’ Number of newly recruited participants and the cost per . . . . . L.
new participant In this section, we will provide a detailed description of the
B Remaining budget of the MCS system design of the MobiTask strategy. First, in Section IV-A, we
Ty Task-participant type compatibility matrix will give an overview of the overall process of the MobiTask
H;, Te Historical task completion rate of participant ¢ and esti strategy. Then, in Sections IV-B and IV-C, we will delve into the
mated time to complete task j . .
di; Distance between participant i and task j two key stages of the strategy: task execution progress predic-

and reducing communication costs [24]. Due to their distributed
nature, FL. and MCS are naturally well-suited for integration.
For example, Dongare et al. [25] proposed a federated reinforce-
ment learning algorithm to address the mobile user selection
problem in MCS, while Chen et al. [26] used horizontal FL
to enhance the security of MCS, effectively preventing server
congestion caused by malicious task injection. Other studies,
such as Zhang et al. [27], have applied FL to the participant
recruitment problem in MCS, significantly improving sensing
quality.

These studies demonstrate that the application of FL in en-
suring the security of MCS, reducing cloud server load, and
minimizing communication costs has become well-established.
Therefore, this article adopts FL to make the task migration
strategy more secure and efficient.

III. SYSTEM MODEL

In this article, the MCS model is defined as a participatory
crowdsensing paradigm, where users accept tasks assigned by
the platform and actively collect and upload data. Let the plat-
form have a task set N = {Ny, Ny, ..., N, }, where each task
can be divided into multiple task slices. The execution progress
of the task NV; is denoted as §;, §; = ;c /CE. C} represents
the total number of slices that task /N; can be divided into.
Cjc represents the number of slices that have been completed
for task N,. All tasks in the set N have been assigned to
participants for execution. The platform has a participant set
M ={M,,M,, ..., M,,}, and each participant can only exe-
cute one task at a time. Therefore, the task execution progress
for participant M; is calculated in the same manner as §;. We
summarize the key symbols used in this article in Table 1.

tion and task successor selection. Finally, in Section IV-D, we
design an FL enhancement mechanism to improve the security
and reliability of MobiTask.

A. Strategy Overview

As shown in Fig. 1, MobiTask consists of two stages: task ex-
ecution progress prediction and task successor selection. During
the task execution progress prediction stage, the determination
of whether tasks can be completed on time can be categorized
into two cases: model-based prediction (predictable tasks) and
nonmodel-based prediction (unpredictable and unnecessary-to-
predict tasks). In the first case, where participants remain in
normal working conditions but their task completion status
cannot be directly assessed, predictive models are employed, a
methodology thoroughly discussed in Sections IV-B1 to IV-B3
of this article. Additionally, there are two special cases: sit-
uations where model-based prediction is either infeasible or
unnecessary, which are examined in depth in Section IV-B4.
For the general case, the prediction of individual participants’
task progress enables the classification of participants into two
distinct sets: those unlikely to meet deadlines and those capable
of completing tasks on schedule or ahead of time. In the event of
special cases, the process directly proceeds to the task successor
selection stage without intermediate prediction steps. In the
successor selection stage, based on the results of the prediction
stage, tasks that cannot be completed on time are migrated out,
and the corresponding participants are eliminated. Participants
who can complete the task on time are combined with the
reserve participant pool of the MCS system to form a candidate
participant pool. From this pool, participants are selected to
succeed in the migrated tasks. The key issues of these two stages
are analyzed as follows.

1) Task Execution Progress Prediction: The primary chal-

lenges in this stage are how to account for the impact
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of various factors on the prediction results when con-
structing the task execution progress prediction model.
Additionally, due to the heterogeneity of participants’
terminal devices, centralized training could reduce the
accuracy of the model’s predictions. Furthermore, it is es-
sential to consider various scenarios in which participants
may fail to complete tasks on time, including unexpected
events during task execution and foreseeable potential
issues. These factors will necessitate a more comprehen-
sive assessment of whether a task should be migrated. To
address these challenges, we propose an improved LSTM
task progress prediction model with an attention layer and
utilize personalized FL for model training. The basic idea
and implementation process for this stage will be detailed
in Section IV-B.

2) Task Successor Selection: In this stage, several appro-
priate successors for the task are selected based on task
progress prediction results, considering relevant factors
such as the historical task completion rates of candidate
participants. To determine the task successor, we utilize a
MARL algorithm enhanced with GAT and utilize FL for
model training. The underlying concept and implementa-
tion details of this stage will be presented in Section I'V-C.

B. Task Execution Progress Prediction Method

According to the task execution progress ¢ calculation
method defined in Section III, each participant’s mobile termi-
nal device can calculate the task execution progress at different
time points based on local data. The task execution progress
of participant m at time point ¢ is defined as py*, and thus
participant m can obtain a task execution progress time series
o ={py", p7", ..., pp}. Therefore, predicting task execution
progress can be modeled as a time series prediction problem.
Time series prediction problems can be categorized in several
ways, including univariate/multivariate, short-term/long-term,
and stationary/non-stationary. The task execution progress pre-
diction addressed in this article can be classified as a multivari-
ate, short-term, and stationary time series prediction problem.
Currently, there is substantial research on time series prediction.
Traditional methods, such as ARIMA [28], are not suitable for
complex multivariate time series prediction tasks. In contrast,
machine learning methods, such as K-nearest neighbors (KINN)
[29] and support vector machines [30], can handle more com-
plex and larger time series prediction problems. However, deep
learning methods, such as recurrent neural networks (RNN)
[31], long short-term memory (LSTM) [32], outperform tra-
ditional methods and machine learning in terms of nonlinear
feature extraction and capturing complex temporal dependen-
cies. Among them, LSTM is particularly effective in capturing
long-term dependencies in time series, making it well-suited for
predicting task execution progress. However, LSTM still has
limitations in capturing critical information from the sequence.
To address this issue, some studies have integrated attention
mechanisms into LSTM, significantly improving prediction
performance [33]. Therefore, this article adopts the LSTM-
attention mechanism to predict task execution progress.
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Fig. 2. Structure of memory unit of LSTM.

1) LSTM-Attention Model: LSTM has powerful memory
capabilities and the ability to handle long-term dependencies,
effectively addressing the limitations of traditional RNNs in
modeling long-term dependencies. An independent LSTM unit
structure is shown in Fig. 2. Each LSTM unit consists of a
forget gate, an input gate, and an output gate, with the following
calculation equations:

fe=0(W;s - [hi—1,2¢] + by) (1)
ip=o(Wi - [he—1, 2] + b;) ()
Cy = tanh(We - [hy—1, ) + be) 3)
Ci=fi Cri + iy Cy 4
op=0(Wo - [hy—1, 2] + by) (5
hy = oy - tanh(CY) 6)

where f; is the output of the forget gate, determining how much
of the previous time step’s memory cell information is retained.
14 1s the output of the input gate, controlling the writing of new
information, while CY is the current time step’s memory cell
state, and Cy is the candidate memory cell. o; is the output of the
output gate, controlling the hidden state at the current time step,
and h; represents the current hidden state. o(-) is the sigmoid
activation function. Wy, W;, We, W, by, by, be, b, correspond
to the weight matrices and bias terms for the different gates.
However, the LSTM primarily relies on recursive computa-
tion, and in some cases, the model may not effectively focus
on the key parts of all input data. To address this issue, this
article adds an attention layer after the LSTM layer. This layer
computes the similarity between the hidden states, resulting in
a weight coefficient «; that measures the contribution of each
time step to the prediction. The calculation process is as follows:

o = softmax(w? ht) (7

where qu represents the trainable weights, and the softmax
operation is used to normalize the weights. After obtaining the
attention weights for all time steps, the model combines the
LSTM outputs into a new context vector through a weighted
sum. This context vector is further processed by a dense layer
to generate the final predicted output.

By introducing the attention mechanism, the model can dy-
namically assign different weights to the time steps in the input
sequence, allowing it to better focus on the time steps that
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Algorithm 1: Task Progress Prediction Model Trained by Per-
sonalized Federated Learning.

Input: Set of clients K, number of communication rounds 7',
number of local epochs I, learning rate n
Output: Global model w, personalized layer parameters 67

. Initialize: global parameters w, at the cloud server
: fort=0to T do
for each client k£ in K do
Download global model w;
Initialize local parameters: w}, = w’,, 0% (personalized
parameters)
for e=0to F do
hy = LSTM(w},, x1)
Attention layer computes oy = softrnax(qu ht),
L
c= Et:l athy
9: Fully connected layer predicts yg = Dense(c)
10: Personalized layer performs prediction Y =
Adapt(aiv (e)
11: Compute the loss, update local model and person-
alized layer parameters according to Eq. (9)
12: end for
13: Upload w,(fﬂ)
14:  end for
15:  Cloud server aggregates model parameters according to
Eq. (8)
16: end for
17: Return: Y, v}, 0T

AN

N

to the server, locally store 9,&”1)

contribute the most to the current prediction. This mechanism
enables the LSTM to more accurately capture important fea-
tures in the time series without significantly increasing compu-
tational complexity.

2) Personalized Federated Training: Due to the hetero-
geneity of the mobile devices held by participants, traditional
centralized training methods may result in a single global model
that fails to accurately capture the characteristics of each de-
vice, thus reducing prediction accuracy. Additionally, directly
uploading raw data to the cloud server poses privacy risks and
incurs significant communication overhead. To address these
issues, this article adopts personalized FL to train the task
progress prediction model. Based on a globally shared LSTM-
attention model, a personalized layer is added for each client to
capture local-specific patterns. The personalized layer consists
of a single-layer dense network, avoiding excessive local com-
putational burden while allowing the model to be personalized.
When aggregating the model parameters from each client, only
the parameters of the LSTM-attention model are aggregated,
and the global model parameters are computed using a weighted
average, as shown in the following equation:

why 3 Pt @®)

where w, represents the global model parameters at the

tth communication round, ny/N is the weight of client k,

A ion Dense Per
layer layer

Task data
[
e
i NEEEE
O [Lstm}s -
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|
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):

et
e
0
= -
=

t

Fig. 3. Architecture of the task execution progress prediction model.

proportional to the amount of its local data, and w}, denotes the
model parameters of client k at the /th communication round.

Each client k performs several gradient descent steps on its
local dataset to update its local model parameters

w,(;/H) —wh — NV F(w}) 9)

where w}, represents the model parameters of client k at the rth
communication round, 7 is the learning rate, and Fj, (wz) is the
local loss function of client k. The parameter updates for the
personalized layers follow the same procedure.

The algorithm flow after integrating personalized FL is
shown in Algorithm 1, and the structure of the task progress
prediction model is shown in Fig. 3.

Moreover, FL requires models to be trained locally on client
devices. To ensure the model functions properly on participants’
mobile terminals, we must analyze the computational overhead
imposed on these devices. Our analysis examines two key met-
rics: floating-point operations (FLOPs) and memory usage.

a) FLOPs: The LSTM-Attention model comprises an

LSTM layer, an attention layer, and two dense layers.
The LSTM layer primarily performs matrix operations,
with its FLOPs calculated as

FLOPs; =4 x (D; x N,, + N2) x S; x B;  (10)

where FLOPs,; denotes the FLOPs of the LSTM layer, the
factor 4 accounts for the four gates in the LSTM, and Dj,
N,, S;, and B; represent the feature dimension, number
of hidden units, time steps, and batch size of the LSTM-
attention model, respectively. The attention layer’s com-
putation is more complex, encompassing the generation
of query, key, and value vectors, dot-product attention
computation, Softmax normalization, and weighted at-
tention context. The FLOPs for the dense layers can be
computed as described in the literature [34], using the
equation

FLOPsp, = (21, — 1) x O, (11)

where I, and O, denote the input and output dimen-
sions of the LSTM-attention model, respectively. Based
on this analysis, the total FLOPs for the LSTM-attention

model is
FLOPs,, = FLOPs; + FLOPs,, 4+ FLOPsp (12)

where FLOPs,, represents the total FLOPs of the LSTM-
attention model, and FLOPs, and FLOPsp denote the
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FLOPs of the attention layer and dense layers, respec-
tively. In this study, with parameters set as D; = 8, N,, =
32,5; =5, and B; = 32, the estimated FLOPs for a single
forward pass of the LSTM-Attention model is approx-
imately 0.865 MFLOPs. The backward pass typically
requires 2-3 times the FLOPs of the forward pass. With
a batch size of 32, the total FLOPs, for the LSTM-
Attention model is approximately 83.04 MFLOPs. Given
that modern mobile devices (e.g., smartphones) have
computational capabilities of up to 20 TFLOPs per sec-
ond, they fully meet the training requirements of the
LSTM-attention model.

b) Memory Usage: The memory usage of the LSTM-
attention model primarily includes storage for weights
and biases, runtime tensors such as activation values and
attention scores during forward and backward propaga-
tion, and auxiliary data storage. The estimated memory
footprint of the LSTM-attention model is approximately
51.5 MB, which is well within the capacity of modern
mobile devices, ensuring seamless operation.

3) Input and Output of the Model: The input data for multi-
variate time series prediction models typically include historical
observations and external features that influence the changes in
the observed values. In our prediction task, the observed value
is the progress of task execution. The external features selected
for this study are summarized as follows.

a) CPU Utilization, Memory Utilization, and Network La-
tency of the Terminal Device: These three features affect
the efficiency of data collection, data preprocessing, and
data uploading on the terminal device, which indirectly
impacts the task execution progress.

b) Participant Movement Speed: This feature directly influ-
ences the task execution progress.

The prediction model uncovers the implicit relationships be-

tween these factors to predict task execution progress.

4) Special Cases: The above considerations assume that
participants are able to perform tasks normally, and the model
is used to predict whether tasks can be completed on time.
However, there are two special cases where prediction via the
model is either not possible or unnecessary. For example, if a
participant suddenly stops performing a task due to an unex-
pected malfunction of the mobile terminal or other subjective
and objective reasons, such cases cannot be predicted by the
model. Additionally, if the remaining battery life of the mobile
terminal cannot support the timely completion of the task, the
task will fail. This situation can be anticipated by retrieving the
remaining battery life from the terminal device, and there is no
need to build a model for prediction. In our strategy, if either
of these two situations occurs, the task immediately enters the
task successor selection stage of the strategy. The participant is
eliminated, the task is migrated, and an appropriate successor
is selected.

C. Task Successor Selection Method

1) Problem Formulation: In this stage, for tasks that cannot
be completed on time, their remaining task slices are migrated
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from the current participant and combined into a new task.
Therefore, a new task set N'={N{,N;,...,N/,} can be
generated from the set of participants who cannot complete
tasks on time. Additionally, to avoid the problem of insuffi-
cient participants when selecting successors, this article intro-
duces a system reserve participant pool. The set of partici-
pants who can complete tasks on time is combined with the
reserve participant pool to form a candidate participant pool
M’ ={M{,M],..., M, }. Subsequently, appropriate partici-
pants are selected from the candidate participant pool to succeed
to the tasks in the new task set N’.

The goal of this article is to maximize the task completion
rate (TCR) of the MCS system under certain constraints. Based
on the results from the task execution progress prediction, tasks
that can be completed on time are not considered, and only the
completion rate of the migrated tasks needs to be focused on.
Therefore, TCR can be defined as follows:

/
Ter=1 - 2l
n

/

13)

where | N/| represents the number of remaining tasks in the task
set N’/ that have not been succeed, and n’ is the total initial
number of tasks in the task set N'.

The problem is formalized as follows:

max TCR (14)

st T+ T+ Th + T < T
Viem',jen (15)

Ny

> CostAdd; + K- Cost’ < B (16)

i=1
where max TCR represents the maximization of the task com-
pletion rate. Constraint (15) ensures that the execution and mi-
gration process of task 7 does not exceed its deadline. Constraint
(16) ensures that the incentive costs of all selected task succes-
sors, combined with the cost of recruiting new participants from
the reserve participant pool, do not exceed the migration budget
of the MCS system.

The time 7?7 required by participant i to complete task j is
calculated as follows:

TH = (1 — Ty H) T A7)
where T;; is the task-participant type consistency matrix. A
value of 1 at position (4,7) indicates that participant j has
previously completed a task of the same type as task ¢, while
0 indicates that the task has not been completed before. In this
article, it is assumed that all participants in the system’s reserve
participant pool satisfy the constraint (15). The cost of selecting
a new participant from the pool, denoted as Cost’, is set as
« times the incentive cost of the participant with the highest
incentive cost among those capable of completing the task on
time, where oo > 1.

2) Algorithm Design: Based on the above problem descrip-
tion, task successor selection can be regarded as a matching
problem between multiple tasks and multiple participants. Cur-
rently, MARL has demonstrated superior performance in many-
to-many matching scenarios such as edge computing offload-
ing and drone swarm perception [35], [36], [37]. MARL is a

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on November 28,2025 at 01:47:14 UTC from |IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

YIN et al.: MOBITASK: FEDERATED LEARNING-BASED TASK MIGRATION STRATEGY 7

branch of RL that enables agents to learn optimal policies for
solving complex decision-making problems. Currently, several
mature MARL frameworks exist, including policy-based ap-
proaches such as MADDPG [38] and DAE [39], as well as
value-function-based methods such as temporal message con-
trol (TMC) [40], value decomposition networks (VDN) [41],
and Q-MIXing network (QMIX) [42]. Policy-based frame-
works suffer from low sample efficiency and sparse reward
issues, making them unsuitable for our task successor selection
problem, which involves a large sample space. Among value-
function-based approaches, some frameworks rely on inter-
agent communication during training, introducing additional
overhead and increasing the risk of privacy data leakage. The
most widely used communication-free frameworks are VDN
and QMIX. However, VDN employs a simplistic linear de-
composition method, which can only represent limited joint
action-value functions. This severely restricts the expressive
power of centralized joint action-value functions and ignores
additional information available during training. In contrast,
QMIX introduces a mixing network to learn nonlinear rela-
tionships between joint and local action value functions while
incorporating global state information during training, offering
significant advantages over VDN.

For these reasons, this article adopts the QMIX framework,
which avoids policy oscillations associated with independent
learning, performance degradation in centralized methods, and
the overhead of communication-based learning, making it well-
suited for the successor selection scenario in MCS. However,
in our scenario, both tasks and participants possess complex
attributes, making it difficult for traditional QMIX’s mono-
tonic mixing network to capture intricate dependencies between
them. Recent studies [43] have introduced strategies such as
graph attention networks (GAT) to address MCS task allocation
problems that can be abstracted as graph structures. GAT effec-
tively captures task-participant dependencies through attention
weights.

Since this article employs FL for distributed model training,
participants do not share their data with the cloud server or other
participants. Consequently, each participant can only access
global task information and their own relevant data (e.g., histor-
ical task completion rates, geographic coordinates). Addition-
ally, each participant makes decisions independently based on
their local observations. Therefore, the task successor selection
problem can be modeled as a decentralized partially observ-
able Markov decision process (Dec-POMDP), represented by
a seven-tuple (C, S, A, P, R, O,~). Here, C denotes the finite
set of agents, S represents the finite state space, and A is the
joint action space. O is the joint local observation space, where
0; € O is the local observation of agent ¢, and agent 7 executes
action a; € A based on its local observation o;. P is the state
transition function, R is the reward function, and v € [0, 1] is
the discount factor. We provide specific definitions for the key
elements of this seven-tuple as follows.

a) State Space: The state space consists of information re-
lated to tasks and participants, including the number of
remaining tasks in N/ at a given time slot ¢, as well as
task-related features, such as the number of task slices,

task type, etc. Additionally, it includes the number of
candidate participants in M’ at time ¢, and participant-
related information, such as task completion rates, incen-
tive responsiveness, etc. Therefore, the state set is defined
as Sy = {N;, M,}, where N, represents the remaining
task set at time ¢, and M, represents the candidate partic-
ipant set at time ¢.

b) Action Space: The action of agent ¢ is whether candidate
participant ¢ inherits task j in the current state, defined as
a; € {O, 1}

c) Agents and Joint Action: In this multiagent task, each
candidate participant in the set M’ involved in MCS
is regarded as an agent, capable of observing all task
information and their own attributes. The joint action
is the collection of actions from all agents, defined as
A.={ai,aa,...,an },representing the successor selec-
tion results for all tasks.

d) Observation: The observation of agent ¢ at time slot ¢ is
denoted as o = {0} |, 0} ,,0} 3}, Where o |, 0} ,, and 0 5
represent the candidate participant’s own state informa-
tion, global task information, and the remaining budget
of the MCS system, respectively.

e) Reward: The reward consists of a base reward value and
the matching degree between tasks and participants. The
base reward value R; is determined by whether the se-
lected successor satisfies the constraints (15) and (16). If
the constraints are satisfied, a positive reward is given;
otherwise, a penalty is applied. The matching degree
between tasks and participants is determined by the par-
ticipant’s historical task completion rate, the geographical
consistency between the task and the participant, and
whether the participant has previously completed a task
of the same type. The matching degree .S, is calculated

as follows:
1
Sm=T;; +H; + —. (18)
The reward function can be set to
isfy (1 1
. Ry + S, Satlby(. 5),(16) (19)
—Ry, Not Satisty (15), (16).

3) Federated Training: Due to QMIX’s centralized training
and decentralized execution characteristics, when applied to
MCS scenarios, both the agents’ Q-networks and the mixing
network are trained on the cloud server. This requires partic-
ipants to upload their raw data to the cloud server for model
training, which poses a significant risk of privacy leakage and
imposes a substantial computational burden on the server. To
address these limitations, the MobiTask strategy incorporates
FL for model training. In this strategy, models are trained lo-
cally on individual devices, with only model parameters being
transmitted to the cloud server for aggregation. This approach
eliminates the need for raw data sharing, thereby enhancing
privacy protection and data security while significantly reducing
computational overhead on the server. The complete algorithm
workflow is presented in Algorithm 2.
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Algorithm 2: Task Successor Selection Algorithm.
Input: Set of clients K, number of communication rounds 7',
number of local epochs F, learning rate n
Output: Global Q-network O'G, TCR
1: Initialize: The cloud server initializes the global Q-
network f¢ and the mixing network ¢¢.

2: forr=1to R do
3:  Each candidate participant client executes in paral-
lel:

4: Download the global models 6.

5: Initialize the local Q-network 67..

6: Initialize the local experience replay D < ().

7. fore=1to E do

8: Initialize time slot t = 0.

9: for each n € N’ do

10: Construct the state Sy = { Ny, M, }.

11: Select the action a; using the e-Greedy algo-

rithm.
12: Calculate the reward value R,,.
13: Store (s, a, $441, Ry into the experience re-
play D.

14: end for

15: Upload updated local Q-network 6}, parameters and
Q-values to cloud server.

16: Compute the global Q-value (); using the mixing
network.

17: Update each agent’s Q-network using the global
Q-value.

18:  end for

19:  Server-Side processing:

20: computes global Q-value using mixing network and
perform global model aggregation using Equations (8).
Finally, update 6 with Q.

21: Compute the task completion rate (TCR) for the joint
action A..
22: end for

23: Return: TC'R, the final global Q-network O,G.

The training process initiates with the cloud server initial-
izing QMIX’s mixing network and global Q-network. Each
agent (mobile device) downloads the initial Q-network param-
eters from the cloud server and maintains a local Q-network.
During local training, agents observe environmental states as
Q-network inputs to compute action-specific Q-values. To avoid
local optima, agents employ an e-greedy policy that proba-
bilistically balances exploration and exploitation. The e-greedy
strategy selects the current optimal action with probability 1 — €
for exploitation, while randomly choosing any valid action
with probability e to maintain exploration. Postexecution, the
environment returns rewards and new states, with transition
tuples (state, action, new state, and reward) stored in experi-
ence replay. During parameter updates, agents randomly sam-
ple mini-batches from their experience replay to compute tar-
get Q-values, then upload both their updated local network
parameters and corresponding Q-values to the cloud server.

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

The cloud server aggregates the parameters of all agents using
(8) and updates the global Q-network, generating parameters
wt,. Concurrently, the mixing network is updated using the
local Q-values uploaded by all agents. Upon receiving the set
of local Q-values, the mixing network computes the global
Q-value @), which reflects the collaborative effect among mul-
tiple agents. QMIX optimizes the behavior of individual agents
by maximizing the global Q-value Q.

While conventional QMIX improves upon VDN’s linear
value decomposition through its mixing network, it remains
inadequate for modeling complex interdependencies in MCS
scenarios. To enhance the expressive capability of the joint
action-value function, the MobiTask strategy integrates a GAT
layer into the mixing network of the traditional QMIX frame-
work. In this approach, tasks and participants are modeled
as nodes within a graph structure, with edges between task-
participant pairs representing potential assignment relation-
ships. By computing attention weights, the GAT prioritizes
participant features highly relevant to the task, such as historical
task completion rates and geographical location compatibility,
thereby improving the overall effectiveness of the joint action-
value function. The mixing network updates via TD-error
minimization

LO) =3 | (v}~ Quls,0:0))°] 20)

i=1

where b is the batch size sampled from the experience re-
play buffer, y! =7 4+ ymaxy Q:(s',a’;07), Qi(s',a’;07) is
the target network, 6~ represents the target network parameters,
and +y is the discount factor.

In the MobiTask strategy, we employ the global Q-value @,
to refine the federated global Q-network, which serves as a
centralized representation of the decentralized local Q-networks
maintained by individual agents, effectively embedding global
coordination objectives into local decision-making processes.
The updated global Q-network parameters are subsequently
distributed across the agent population to synchronize local
Q-network updates, completing a full cycle of federated train-
ing. This approach transforms QMIX’s conventional centralized
training paradigm into a distributed framework while preserv-
ing its core advantage of agent coordination through the mixing
network, simultaneously mitigating both privacy leakage risks
and computational burdens on cloud servers. The complete
architecture of our task successor selection model is illustrated
in Fig. 4.

Similar to the task execution progress prediction model, the
computational overhead of the task successor selection model
on end devices is analyzed from the perspectives of FLOPs and
memory usage.

a) FLOPs: We need to estimate the computational overhead
of the local Q-network running on participants’ mobile
terminals. This local Q-network, which consists of two
dense layers forming a compact neural network, is re-
sponsible for making task-matching decisions. The local
Q-network, responsible for task matching decisions, con-
sists of two dense layers, forming a small-scale neural
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Fig. 4. Architecture of the successor selection model for migrated tasks.

network. According to the literature [34], the FLOPs for
a dense layer are calculated as:

FLOPsp = (21, — 1)O,. 1)

where FLOPs p/ represents the FLOPs of the dense layer,
and I; and Oy denote the input and output dimen-
sions of the Q-network, respectively. Based on the state
space, action space, batch size, and the relationship be-
tween FLOPs for forward and backward propagation, the
FLOPs for each batch of the local Q-network are esti-
mated to be approximately 12.3 MFLOPs. The compu-
tational capabilities of current mobile devices fully meet
the training requirements of this model.

b) Memory Usage: Regarding memory usage, as analyzed
in Section IV-B2, the memory consumption during model
training includes model parameters, intermediate tensors,
and auxiliary data such as optimizer states. By calculating
the model parameters and accounting for the memory
occupied by the experience replay and gradient storage,
the memory footprint of the locally running Q-network
is approximately 20 MB, enabling normal operation on
mobile devices.

D. FL Enhancement Mechanism

As introduced in Sections IV-B and I'V-C, the proposed Mo-
biTask strategy employs FL for model training, with the training
paradigm illustrated in Fig. 5. However, conventional FL still
exhibits limitations in participant privacy protection and train-
ing reliability. To address these challenges, this section designs
an FL enhancement mechanism to improve the security and
robustness of the MobiTask strategy.

1) Privacy Protection: The MobiTask strategy incorporates
FL to enhance security and stability. While FL provides fun-
damental privacy protection by aggregating model parameters
instead of sharing raw data, the uploaded parameters may
still leak sensitive information through reverse engineering.
To strengthen privacy guarantees, we propose integrating local
differential privacy (LDP) into the FL framework.

Fig. 5.

FL architecture of MobiTask framework.

In LDP, clients perturb private data locally before trans-
mitting it to the cloud server, which processes the obfuscated
data to produce outputs. Formally, a randomized mechanism F’
satisfies e-LDP if for any two adjacent input datasets D and D’

Pr[F(D) € O] < e - Pr[F(D') € O] (22)

where O denotes an arbitrary output subset, and e represents
the privacy budget, where the value of e influences the degree
of privacy protection. A smaller € corresponds to a higher
level of privacy protection, while a larger e results in weaker
privacy protection but enhances the performance of the model.
This ensures statistically indistinguishable outputs regardless
of whether a specific individual’s data is included, preventing
adversaries from inferring personal information from observed
results. Given the low-dimensional input features of our model
and the limited computational resources of edge devices, we
adopt the Laplace mechanism for LDP implementation. During
local training, each client k& adds Laplace noise to the gradient
V Fj,(w}) of the current batch ¢

VFi(w},) = VF;(w},) + Lap(Af/e)

where Af denotes the gradient sensitivity, and Lap(\) repre-
sents Laplace-distributed noise with scale parameter \.

By injecting Laplace noise during client-side gradient com-
putation, the uploaded parameters satisfy rigorous e-LDP guar-
antees, effectively shielding sensitive user data (e.g., move-
ment trajectories and task behaviors) from reverse-engineering
attacks.

2) Asynchronous Training: In MCS, MobiTask strategy em-
ploys FL for distributed model training. While infrastructure
networks generally provide sufficient coverage to sustain fed-
erated training, participant mobility inevitably introduces sig-
nificant latency or temporary disconnections between mobile
devices and the cloud server due to distance constraints. This
necessitates handling cases where participants fail to submit
local model parameters within the current training round.

When a participant misses several rounds before reconnect-
ing, their submitted model parameters become outdated com-
pared with other devices’ versions, potentially degrading global
model quality. Thus, (8) cannot directly compute contributions

(23)
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from delayed submissions. To address this, we introduce a dy-
namic decay mechanism to penalize delayed parameter updates.
The modified global model aggregation formula becomes
K . RATE

Wy ; L ]6 wh, 24)
where A7, represents the number of delayed rounds for mo-
bile device k, and 3 (8 < 1) is the decay factor. This formula
dynamically adjusts the contribution weight of a device based
on its delay.

While this mechanism mitigates negative impacts from de-
layed submissions, devices experiencing prolonged disconnec-
tions may generate parameters too obsolete for meaningful
contributions. Therefore, we enforce a validity threshold (e.g.,
7 = 3 rounds) to discard excessively outdated parameters. This
asynchronous training mechanism enhances the reliability of
federated training in MCS, ensuring stable operation even in the
presence of network instability caused by participant mobility.

V. EXPERIMENT

In this section, we evaluate MobiTask using the Geolife
dataset and random dataset, comparing it with baselines on task
completion rate and migration cost.

A. Experimental Settings

We conducted simulation experiments using the World Vac-
cine Progress dataset, the Geolife trajectory dataset, and a ran-
domly generated dataset. The World Vaccine Progress dataset
contains updated daily data on vaccination progress across
countries, which are used to simulate the changes in task ex-
ecution progress. In the World Vaccine Progress dataset, daily
vaccination doses, after standardization, serve as a proxy for the
task execution progress p;*, representing the proportion of task
slices completed at a given time step. This mapping approach
effectively captures the dynamic changes in task execution,
while the varying vaccination rates across different countries
in the dataset can simulate the behavioral heterogeneity of par-
ticipants in MCS. Furthermore, the time-series characteristics
of the dataset and its rich external features, such as administered
doses and the proportion of fully vaccinated populations, align
closely with the multivariate nature of task execution progress
in MCS, facilitating the training of the LSTM-Attention model.
The Geolife trajectory dataset, encompassing the trajectories of
182 users in Beijing from April 2007 to August 2012, fulfills
the requirements for simulating geographical distances between
participants and tasks.

To ensure the reliability and statistical significance of the
experimental results, all experiments, including ablation and
comparative studies, were conducted independently 10 times,
with results averaged. In Figs. 6-11, 95% confidence intervals
are used as error bars to reflect the precision of the mean
estimates. The experimental parameter settings are shown in
Table II. The experiments are conducted on a laptop equipped
with an Intel(R) Core(TM) i7-155H 16-core CPU and 32GB of
memory. The operating system used is Windows 11, and the
experimental environment is Python 3.8.
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B. Ablation Experiment

This section conducts an ablation experiment to validate the
necessity of key components in the MobiTask strategy by sys-
tematically removing its core modules. As MobiTask primarily
consists of two critical stages—task execution progress predic-
tion and task successor selection—we compare the full strategy
against three ablated variants.
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TABLE II
PARAMETERS SETTINGS

Setting

20,40,60,80,100
20,40,60,80,100

Experiment Parameter

Number of tasks N
Number of candidate participants M

Task deadline [30, 100]
Remaining time of participant’s own tasks [0, 40]
Historical task completion rate of participants [0.5, 1]
Distance between participants and tasks [5, 50]
Movement speed of participants [5, 10]

Task migration budget B [1000, 3000]
Cost of selecting each participant as a successor [10, 200]
Recruitment cost multiplier a 3

1) Baseline: No intervention is applied. Participants execute
tasks under their original conditions without any system-
level adjustments.

2) No Progress Prediction: The task execution progress pre-
diction stage is removed. A random subset of participants
is eliminated, and their tasks are migrated arbitrarily.

3) No Successor Selection: The task successor selection
stage is removed. After eliminating participants unable to
complete tasks on time, other participants are randomly
selected to reexecute the tasks.

Experiments are conducted on the three datasets introduced
in Section V-A, with parameters set as N = 100, M = 100,
and B = 2000. We took the average of 10 independent runs.
To evaluate scenarios without task migration, we use the global
task completion rate as the primary metric. Simulation results
are presented in Fig. 6. As illustrated in Fig. 6, the baseline
group achieves the lowest task completion rate, as the absence
of task migration inevitably leads to participant failures in
meeting deadlines. The No Progress Prediction group exhibits
the second-lowest task completion rate, with only a marginal
improvement of 3% compared with the baseline group. This is
because, without task execution progress prediction, it is impos-
sible to accurately identify participants unable to complete tasks
on time, and blind task migration may cause some tasks that
could have been completed on time to exceed their deadlines.
These results validate the necessity of the progress prediction
module in MobiTask. The No Successor Selection group shows
a 17% higher completion rate than baseline, but remains 7%
lower than the full MobiTask strategy. This performance gap
stems from the inefficiency of random successor assignment,
which still permits delayed task executions. The results of the
no successor selection group validate the rationality of incor-
porating the task successor selection module in the MobiTask
strategy.

Collectively, the ablation experiment confirms the efficacy of
each component in MobiTask’s design.

C. Comparative Experiment

We design comparative experiments for both stages of the
MobiTask: task execution progress prediction and task succes-
sor selection.

1) Task Execution Progress Prediction Stage Experiment:
During the training of the task execution progress prediction
model, the learning rate is set to 0.005, with 100 iterations
and 64 hidden layer nodes. The mean square error (MSE) and
mean absolute error (MAE) are chosen as the loss functions
to evaluate the model’s performance. The model is trained
using a personalized FL approach. The error change curves
during the global model’s training and testing processes are
shown in Fig. 7, demonstrating that the model successfully
converges. We compare seven models: GRU, LSTM, trans-
former, GRU-attention, centralized-LSTM-attention (a central-
ized training LSTM-attention model), FL-LSTM-attention (an
LSTM-attention model trained using normal FL), and the
LSTM-attention model trained with personalized FL used in
the proposed MobiTask. The experiment is conducted with
10 samples, and the average error values are calculated. The
experimental results are shown in Table III. From the above
experimental results, the LSTM-attention model trained using
personalized FL in this article demonstrates a certain advantage
in prediction accuracy compared with other models and training
methods. The resulting MSE and MAE errors are 11% and 17%
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TABLE III
PREDICTION RESULT ERRORS

Method MSE MAE
GRU 0.084 0.210
LSTM 0.087 0.227
Transformer 0.213 0.424
GRU-Attention 0.071 0.187
Centralized-LSTM-attention 0.055 0.149
FL-LSTM-attention 0.135 0.248
MobiTask(ours) 0.049 0.124

lower, respectively, compared with the best-performing models
in other approaches.

2) Task Successor Selection Stage Experiment: For the task
successor selection stage, we compare the MobiTask with the
following six algorithms.

a) Random: A centralized random participant selection

method for task succession.

b) Greedy: A centralized global greedy approach, which pri-
oritizes selecting participants with the shortest remaining
time on their current tasks for task succession.

¢) GA: A global search method that starts from a random
initial population and gradually improves candidate solu-
tions through operations such as selection, crossover, and
mutation to find the optimal or near-optimal solution.

d) Q-Learning: A model-free reinforcement learning algo-
rithm that uses a Q-table to store state-action pairs and
their corresponding Q-values to select the optimal action.
The goal is to maximize long-term cumulative rewards.

e) DON: An integration of deep learning with Q-learning,
using a neural network to approximate the Q-value func-
tion and solving the computational and storage issues of
traditional Q-learning in complex environments.

f) VDN: A MARL algorithm that promotes cooperative
learning by aggregating the action-value functions of all
agents into a centralized team value function through
linear summation.

Comparative experiments were conducted on both a ran-
domly generated dataset and the Geolife trajectory dataset,
with results averaged over 10 independent runs. As shown in
Figs. 8-11, error bars representing 95% confidence intervals
are included to demonstrate the statistical reliability of task
completion rates and migration costs. The goal of the MobiTask
is to maximize the completion rate of migration tasks, which
directly depends on factors such as the number of tasks to be
succeeded (referred to as “tasks”), the number of candidate
participants, and the task migration budget. We compare the
performance of the MobiTask and other baseline algorithms by
varying these factors. As shown in Fig. 8, for both datasets,
as the number of tasks increases, the task completion rate de-
creases for all methods. This is because the number of candidate
participants remains constant while the total number of tasks
increases. Among them, the MobiTask is the least affected by
changes in the number of tasks. On both datasets, when the
task count reaches five times the number of candidate par-
ticipants, it can still maintain a task completion rate of over
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40%. This indicates that the MobiTask is more stable than the
other baseline algorithms when the number of tasks increases
significantly. When the task count is close to the number of
candidate participants, the MobiTask performs at the forefront
of all algorithms. As task quantities scale significantly, Mo-
biTask strategy consistently maintains superior task completion
rates compared with baseline methods. When increasing the
task volume to 60, MobiTask achieves a 10% higher completion
rate than the best-performing baseline.

In Fig. 9, we compare the task completion rates of different
algorithms as the number of candidate participants increases.
From the figure, it is evident that as the number of candidate par-
ticipants increases, the task completion rate generally exhibits
an upward trend. The MobiTask consistently maintains a high
task completion rate, demonstrating greater stability compared
with other baseline algorithms. In both datasets, the MobiTask
is able to achieve over 80% task completion, highlighting the
effectiveness of the multiagent collaboration approach designed
in this article to maximize task completion rates. This ap-
proach outperforms traditional greedy algorithms and single-
agent methods. While the baseline VDN algorithm employs
a multi-agent collaboration framework, its linear summation
approach for global Q-value computation fails to capture non-
linear agent interactions. In contrast, our QMIX-based solu-
tion introduces a mixing network that nonlinearly aggregates
local Q-values, enabling more effective collaborative training
among agents. Fig. 10 shows the performance of different al-
gorithms as the migration budget varies. It can be observed
that as the migration budget increases, the task completion rate
also improves. When the migration budget exceeds 2000, some
algorithms can achieve a 100% task completion rate. Under
lower budget conditions, MobiTask still maintains a relatively
high task completion rate. This is because MobiTask prioritizes
selecting participants who are geographically closer to the task
and have previously completed tasks of the same type. These
participants tend to complete the task more quickly. Under
low-budget conditions, the number of participants available for
selection is limited for all methods. However, the probability
of successfully completing the task is higher for participants
selected by MobiTask compared with those selected by other
methods.

In addition, we also compared the migration cost when the
number of candidate participants changes, as shown in Fig. 11.
From the figure, it can be seen that the migration cost for ran-
dom selection and DQN is relatively low, as the task completion
rates achieved by these two methods are also lower. Greedy
selection tends to prioritize participants with shorter remaining
execution times for their current tasks while overlooking the
associated costs. MobiTask, on the other hand, is more likely
to select existing participants to succeed in the task, resulting in
relatively lower costs and better overall performance compared
with other baseline methods.

To evaluate the performance improvement of the proposed
GAT-QMIX model in task successor selection, we conducted
a comparative analysis of GAT-QMIX and traditional QMIX
in terms of TCR. Experiments were performed on the Geolife
trajectory dataset, testing the performance of both models under
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Fig. 12. Performance comparison between GAT-QMIX and QMIX.
(a) B = 1500, M = 50. (b) B = 2000, N = 50.

varying task quantities and candidate participant numbers, with
parameters consistent with those specified in Figs. 8 and 9. All
experiments were averaged over 10 independent runs. Fig. 12(a)
and (b) illustrates the TCR performance of GAT-QMIX and
QMIX under varying task quantities and candidate participant
numbers, respectively. As shown in Fig. 12(a), on the Geolife
dataset, as the number of tasks increased from 20 to 100, GAT-
QMIX consistently outperformed traditional QMIX, achieving
an average TCR improvement of approximately 17.2%. No-
tably, when the task quantity was large, GAT-QMIX exhibited
a TCR improvement of nearly 30% over QMIX. In Fig. 12(b),
as the number of candidate participants increased from 20 to
100, both models approached a TCR of 100%. At M = 80,
GAT-QMIX achieved a TCR of 98%, surpassing QMIX’s 94%
by 4.3%. These experimental results demonstrate that GAT-
QMIX is more effective in task allocation under high-load sce-
narios. By incorporating a GAT layer, GAT-QMIX better cap-
tures the complex dependencies between tasks and participants,
particularly when task or participant numbers increase, enabling
more effective matching of task-participant pairs compared with
traditional QMIX, thereby optimizing successor selection and
enhancing task completion rates.

3) FL Privacy Budget Experiment: In Section IV-DI, we
introduced the e-LDP mechanism to enhance privacy protection
in FL. However, the impact of different privacy budget values
e on model performance varies within the e-LDP framework.
To assess the effects of the e-LDP mechanism integrated into
the MobiTask strategy on both privacy protection and model
performance in FL, we designed a privacy budget experiment.
The experiment aimed to analyze the influence of varying
privacy budget parameters ¢ on the performance of the task
execution progress prediction model and the task successor
selection model, while verifying that MobiTask maintains high
task completion rates and prediction accuracy under privacy
constraints.

Simulations were conducted using the World Vaccine
Progress and Geolife trajectory datasets referenced in Sec-
tion V-A, with baseline parameters set to N = 100, M = 100,
and B = 2000. The privacy budget ¢ was varied across the
range [0.1, 0.5, 1.0, 2.0, 5.0] to investigate performance tran-
sitions from strong privacy protection (low ¢) to weak privacy
protection (high €). For each € value, models underwent 300
training iterations with a learning rate of 0.005. Performance

TABLE IV
MODEL PERFORMANCE UNDER DIFFERENT PRIVACY BUDGETS

Model Performance

Privacy Budget ¢ ‘

\ MSE \ TCR
0.1 0.062 0.83
0.5 0.055 0.85
1.0 0.049 0.89
2.0 0.049 0.90
5.0 0.047 0.90

was evaluated using MSE and TCR to assess the impact of
different € values on the LSTM-Attention model for task ex-
ecution progress prediction and the GAT-QMIX model for task
successor selection, with results presented in Table IV.

The results demonstrate that MobiTask, by incorporating lo-
cal differential privacy, effectively balances participant privacy
protection with model performance. At low € values, the noise
introduced by strong privacy protection significantly impacted
prediction accuracy and task completion rates. However, as € in-
creased, performance degradation decreased rapidly, approach-
ing the performance of the baseline group without privacy
protection at e = 2.0. This indicates that MobiTask achieves
a favorable trade-off between privacy protection and model
performance.

VI. CONCLUSION

In this article, we propose MobiTask, an FL-based task mi-
gration strategy for MCS. The strategy consists of two main
stages. In the task execution progress prediction stage, Mo-
biTask employs an LSTM model enhanced with an atten-
tion mechanism to predict each participant’s task execution
progress, classifying them into two groups: those who can com-
plete their tasks on time and those who cannot. In the task suc-
cessor selection stage, MobiTask eliminates participants who
cannot meet their task deadlines and reallocates their tasks. Sub-
sequently, it employs a MARL algorithm incorporating GAT to
select suitable successors from the candidate participant pool.
Additionally, we adopt FL to train the models used in both
stages, enhancing the strategy’s security and stability. Finally,
we conduct ablation experiments and comparative experiments
on multiple datasets. The experimental results demonstrate that
MobiTask is effective, exhibits stable performance, and out-
performs other baseline methods. In future work, we plan to
integrate participant mobility prediction into our strategy to
more accurately estimate the arrival time of candidate partic-
ipants at task locations, further improving the efficiency of task
migration.
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