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Multi-Objective Offloading and Resource Scheduling
in Dynamic Mobile Edge Computing for Enhanced
User Experience
Xuan Li and Haoran Zuo

Henan Polytechnic University; 202138590215@stu.kust.edu.cn

Abstract

Mobile Edge Computing (MEC) faces significant challenges in dynamic environments, balancing con-
flicting objectives like latency, energy, and Quality of Experience (QoE) amidst heterogeneous resources
and multi-user competition. These issues are compounded by poor generalization and slow adapta-
tion. This paper introduces APOG-MARL (Adaptive Pareto-Optimal and Generalizable Multi-Agent
Reinforcement Learning), a novel framework built on an Adaptive-Contextual Multi-Objective Markov
Decision Process (MOMDP). APOG-MARL integrates a hierarchical context-aware state representation
for generalization, a multi-objective Pareto policy network for optimal trade-offs, a constraint-driven
multi-agent collaboration mechanism for efficient resource management, and a meta-learning approach
for rapid user preference adaptation. Extensive simulations demonstrate APOG-MARL’s superior
performance across varying network scales, dynamic user preferences, and high resource utilization
scenarios. It achieves enhanced user QoE, significantly lower average task latency and total energy
consumption, superior Pareto front quality, and robust resource utilization, consistently outperforming
state-of-the-art baselines. APOG-MARL offers a powerful and practical solution for optimizing task
offloading and resource scheduling in complex, dynamic MEC environments.

Keywords: mobile edge computing; multi-agent reinforcement learning; multi-objective optimization;
resource management; adaptation

1. Introduction
Mobile Edge Computing (MEC) has emerged as a pivotal paradigm, extending computational and

storage resources closer to end-users at the network edge [1]. This proximity significantly reduces task
latency and alleviates the load on core networks, providing robust support for latency-sensitive and
high-bandwidth applications such as the Internet of Things (IoT), 5G/6G communications, and Aug-
mented Reality (AR) [2]. The ability of MEC to enhance responsiveness and improve user experience
underscores its critical importance in modern distributed computing landscapes.

Despite its immense potential, the dynamic and heterogeneous nature of MEC environments,
coupled with intense multi-user competition for limited resources, presents formidable challenges for
effective task offloading and resource scheduling [3]. Traditional approaches often suffer from several
key limitations:

• Single-Objective Optimization Dilemma: Most existing works predominantly focus on opti-
mizing a single metric, such as minimizing latency or energy consumption. This narrow focus
struggles to achieve a Pareto-optimal trade-off among multiple conflicting objectives, including
latency, energy, and Quality of Experience (QoE), which are crucial for real-world application
scenarios [4].

• Insufficient Generalization Capability: Current methods are typically trained and evaluated in
fixed-scenario setups. Their performance degrades sharply when environmental parameters, such
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Figure 1. Illustration of key challenges and motivations in Mobile Edge Computing (MEC) research. The dynamic
environment with fluctuating task arrival rates and user mobility, coupled with limited edge resources and
multi-user competition, necessitates multi-objective optimization (e.g., latency, energy, QoE) and rapid adaptation
to enhance overall user experience.

as the number of edge servers, CPU frequencies, network bandwidth, or user preferences, change.
This necessitates costly and time-consuming retraining, limiting their practical deployability [4].

• Multi-User Resource Competition: In environments where multiple mobile devices (MDs)
share finite edge resources, independent decision-making agents can lead to severe resource
contention, congestion, and a deterioration of overall system performance due to the lack of
effective decentralized coordination mechanisms.

• Slow Environmental Adaptation: MEC environments are inherently dynamic, characterized
by frequent changes like user mobility and fluctuating task arrival rates. Many existing deep
reinforcement learning (DRL) strategies exhibit poor online adaptation capabilities, struggling to
respond swiftly to these rapid environmental shifts.

Motivated by these critical challenges, this research proposes an innovative reinforcement learning
framework designed to simultaneously address multi-objective optimization, policy generalization,
multi-agent coordination, and rapid adaptability in dynamic MEC environments, thereby significantly
enhancing the overall system efficiency and user experience.

To overcome the aforementioned limitations, we introduce an Adaptive Pareto-Optimal and
Generalizable Multi-Agent Reinforcement Learning (APOG-MARL) framework. APOG-MARL is
meticulously designed to tackle the complex multi-objective task offloading and resource scheduling
problem within dynamic MEC environments. Our framework integrates advanced concepts of Pareto
multi-objective learning, cross-environment generalization mechanisms, context-based user preference
adaptation, and lightweight multi-agent collaboration. The core idea behind APOG-MARL is to model
the task offloading and resource scheduling problem as an Adaptive-Contextual Multi-Objective Markov
Decision Process (MOMDP). Each mobile device (MD) acts as an intelligent agent, learning a generalized
policy to determine optimal task offloading locations (local, edge server, or cloud) and the necessary
computational resources. APOG-MARL achieves this through: (1) a novel hierarchical context-aware
state representation that encodes global system topology and dynamically inferred user preferences
alongside local environmental states; (2) a multi-objective Pareto policy network capable of generating
diverse candidate actions along the Pareto front [5]; (3) a constraint-driven multi-agent collaboration
mechanism utilizing a shared Lagrangian multiplier to effectively manage shared resources [6]; and (4)
a meta-learning driven approach for rapid user preference adaptation, enabling the system to quickly
adjust to new users or evolving preferences without extensive retraining.

We conduct extensive evaluations of APOG-MARL in a highly realistic, Python-based MEC simu-
lator, which models a dynamic network topology comprising multiple mobile devices, several edge
servers, and a remote cloud server. The simulation incorporates variable network parameters such
as bandwidth (1-20 MHz), CPU frequencies (1-10 GHz), and task arrival rates (Poisson distributed,
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0.1-3 tasks/sec), along with heterogeneous task models (varying in size from 50-500 MB, computation
demand from 100-1000 cycles/bit, and deadlines from 1-10 seconds). Furthermore, user preferences
are dynamically altered throughout the simulation to reflect real-world variability (e.g., office users
prioritizing latency, IoT sensors prioritizing energy). Our proposed APOG-MARL framework is
benchmarked against several state-of-the-art and conventional baselines, including GMORL [CITE],
CD-MARL [7], Fixed-Weight Deep Reinforcement Learning (FW-DRL), Greedy Offloading (based on
local optimum like shortest latency), and Local Execution Only. The performance is assessed using
a comprehensive suite of metrics, including Pareto Hypervolume (HV), average task latency, total
energy consumption, user QoE satisfaction rate, edge server CPU utilization, and adaptation speed.
Our experimental results, summarized in a comparative analysis similar to Table 1, demonstrate
that APOG-MARL consistently outperforms or matches the best baselines across all key indicators.
Notably, in a complex dynamic MEC scenario involving 10 MDs, 3 ESs, and dynamic user prefer-
ences, APOG-MARL achieved a superior user QoE satisfaction of 91%, lower average task latency
of 88ms, and reduced total energy consumption of 18.5J. It also effectively managed edge server
CPU utilization at 82% and generated a high Pareto Hypervolume of 0.76, indicating its strong multi-
objective optimization capability. These results unequivocally highlight APOG-MARL’s significant
advantages in simultaneously addressing multi-objective optimization, policy generalization, adaptive
user preference handling, and efficient resource management in dynamic MEC environments.

The main contributions of this paper are summarized as follows:

• We propose APOG-MARL, a novel framework that integrates Pareto multi-objective learning,
cross-environment generalization, context-aware user preference adaptation, and constraint-
driven multi-agent collaboration for dynamic MEC task offloading and resource scheduling.

• We design a hierarchical context-aware state representation, incorporating global system topology
and dynamically inferred user preferences via meta-learning, alongside local environmental
states, to achieve robust generalization and rapid adaptation to diverse MEC scenarios.

• We develop a constraint-driven multi-agent collaboration mechanism, utilizing a shared global
Lagrangian multiplier, which effectively coordinates distributed offloading decisions, manages
shared edge resources, and prevents system overload while optimizing individual agent objec-
tives.

2. Related Work
2.1. Reinforcement Learning for Task Offloading and Resource Management in MEC

Mobile Edge Computing (MEC) is a pivotal paradigm for low-latency, high-bandwidth ap-
plications, necessitating efficient resource management and intelligent task offloading to optimize
latency and Quality of Experience (QoE). Reinforcement Learning (RL), Deep Reinforcement Learning
(DRL), and Multi-Agent Reinforcement Learning (MARL) show significant promise for these dynamic
decision-making problems in MEC [8], with a comprehensive survey highlighting their growing
importance. RL’s application for complex optimization spans various domains; [9] uses DRL for
optimizing text prompts in large language models, and [10] applies MARL principles for low-resource
relation extraction. Advanced AI also monitors distributed systems; Graph Neural Networks (GNNs)
aid governance by detecting anomalous patterns impacting network integrity [11]. Efficient resource
management extends to energy, with models estimating carbon emissions from hardware to data
centers [12].

Within MEC, advanced RL techniques include Federated Learning for distributed edge learning
[13]. Innovations in RL algorithms, such as multi-grained state space models for offline RL [14] and
entropy-based exploration [15], enhance robust decision-making. Memory-efficient optimization [16]
supports deployment in resource-constrained edge environments. These works demonstrate the power
and adaptability of RL-based methods and related AI techniques to dynamic MEC. However, despite
keywords like MEC, task offloading, resource management, latency, and QoE being central, much
literature uses these terms in contexts unrelated to MEC infrastructure or resource allocation. For
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instance, [3] and [17] apply "Edge-enhanced" to rumor detection, not MEC resource allocation. [18]
discusses "task offloading" in NLP, not computational offloading in MEC. ‘Latency Optimization‘ in
[19] and ‘Quality of Experience‘ in [20] relate to particle physics and Bangla Named Entity Recognition,
respectively, not MEC latency or QoE. Further domain-specific applications include power electronics
[21–23], robotics [24,25], point cloud processing [26], NLP [27], 3D activity prediction [28], and speech
enhancement [29–31]. In summary, while RL is powerful for decision-making, and MEC-related terms
are common, much literature uses them in NLP or other scientific fields. This highlights the ongoing
need for dedicated RL research to optimize task offloading and resource management specifically
within MEC’s dynamic constraints.

2.2. Multi-Objective Optimization and Adaptive Learning in Dynamic MEC

Efficient MEC resource management requires adaptive decision-making frameworks that balance
multiple, often conflicting, objectives under dynamic conditions, necessitating multi-objective opti-
mization and robust adaptive learning. Multi-objective optimization is fundamental for MEC. Pareto
Optimization helps find optimal trade-offs, exemplified by adaptive learning in multimodal analysis
[32]. A key MEC research area is generalizable Pareto-optimal offloading with reinforcement learning
[4]. For dynamic decision-making, Multi-Objective Reinforcement Learning (MORL) is crucial for
agents optimizing conflicting objectives in evolving environments, as demonstrated by adapting to
dynamic changes in sentiment analysis [33].

MEC’s dynamism demands adaptive learning and generalization. Meta-Reinforcement Learning
(Meta-RL) enables rapid adaptation to new tasks, as seen in robust semi-supervised relation extraction
[34]. Policy Generalization, exemplified by in-context learning algorithms [35], ensures learned
behaviors apply across unseen situations in dynamic MEC. Personalized MEC services rely on User
Preference Adaptation, with methods like dynamic Graph Convolutional Networks for sentiment
analysis [36] informing resource allocation based on evolving user demands. Effective adaptation also
requires Context-Aware Learning, exemplified by SimCSE for robust sentence embeddings [37], crucial
for real-time, adaptive MEC decision-making. MEC’s unpredictability creates challenges in dynamic,
constrained environments. Robust system design principles from information retrieval [38] apply to
MEC. Insights on robust learning from large language model studies [39] are relevant to Constrained
Multi-Agent Reinforcement Learning (MARL), where agents operate under operational limits and
shared resources. In summary, the literature emphasizes integrating multi-objective optimization with
adaptive learning for dynamic MEC management, focusing on holistic frameworks that combine these
aspects, handle trade-offs, ensure rapid adaptation, and maintain robustness amidst uncertainty.

3. Method
In this section, we present the details of our proposed Adaptive Pareto-Optimal and Generaliz-

able Multi-Agent Reinforcement Learning (APOG-MARL) framework. APOG-MARL is meticulously
designed to address the multifaceted challenges inherent in dynamic Mobile Edge Computing (MEC)
environments. Specifically, it focuses on achieving multi-objective optimization, enabling policy gen-
eralization across diverse settings, facilitating robust multi-agent coordination, and ensuring rapid
adaptation to evolving user preferences.

3.1. Overview of APOG-MARL Framework

Our APOG-MARL framework offers a comprehensive and integrated solution for multi-objective
task offloading and resource scheduling within highly dynamic MEC environments. This is achieved
through the integration of several advanced techniques: Pareto multi-objective learning to handle
conflicting goals, cross-environment generalization mechanisms to ensure broad applicability, context-
based user preference adaptation for personalized service, and lightweight multi-agent collaboration
to manage shared resources efficiently.

The core principle underlying APOG-MARL is to model the intricate task offloading and re-
source scheduling problem as an Adaptive-Contextual Multi-Objective Markov Decision Process
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Figure 2. Comprehensive overview of the APOG-MARL framework. It illustrates the interconnections between
its main components: (A) the overall framework diagram, (B) the hierarchical context-aware state representation,
(C) the multi-objective Pareto policy network, (D) the constraint-driven multi-agent collaboration, and (E) the
meta-learning process for user preference adaptation.

(MOMDP). In this formalized model, each mobile device (MD) is conceptualized as an intelligent
agent. Each agent is tasked with learning a generalized policy π(su) that determines where a given
task should be offloaded—choices include local execution on the device, offloading to an edge server,
or delegating to the remote cloud—and simultaneously how much computational resource it should
request from the chosen destination. This learned policy is not only designed for adaptability across
varying MEC topological configurations and resource availabilities but also for responsiveness to
dynamic user preferences.

The effectiveness and robustness of APOG-MARL are derived from four interconnected key
components:

1. A novel hierarchical context-aware state representation, which provides agents with a compre-
hensive understanding of their operational environment.

2. A multi-objective Pareto policy network, capable of inherently learning and representing the
trade-offs between conflicting objectives.

3. A constraint-driven multi-agent collaboration mechanism, designed to mitigate resource con-
tention and ensure efficient resource utilization in shared MEC infrastructures.

4. A meta-learning driven approach for rapid user preference adaptation, enabling the framework
to quickly infer and adjust to individual user priorities and evolving needs.

3.2. Hierarchical Context-Aware State Representation

To facilitate robust generalization across diverse MEC environments and rapid adaptation to
dynamic user preferences, we propose a novel hierarchical context-aware state representation. This
representation meticulously encodes different levels of environmental information, allowing agents to
form a comprehensive understanding of their operational context. For each agent u, its complete state
su is composed of three distinct yet integrated parts: a global system context, a user preference context,
and a local environment state.

3.2.1. Global System Context

The global system context, denoted as Sglobal , captures the static or slowly changing topological
and resource characteristics pertinent to the entire MEC system. This information is crucial for
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enabling policy generalization across different MEC deployments and includes: the total number of
available edge servers, E; the CPU frequencies of each edge server, represented as a vector fcpu =

[ f1, f2, . . . , fE]; and the network bandwidths of the communication links connecting MDs to edge
servers and edge servers to the remote cloud, denoted by B. To allow for generalization to varying
scales and configurations, this information can be processed through advanced mechanisms such
as Graph Neural Networks (GNNs) or histogram-based encoding, thereby providing a compact yet
highly informative representation that is independent of the exact number of entities.

3.2.2. User Preference Context

The user preference context, represented by a low-dimensional user preference vector wu ∈ RK, is
a critical component for enabling a single, generalized policy to cater to heterogeneous and dynamically
changing user requirements. This vector quantifies the relative importance or weighting of K different
objectives, such as minimizing latency, reducing energy consumption, or maximizing Quality of
Experience (QoE). For example, in a scenario with two objectives like latency and energy, wu would be
defined as [wu,latency, wu,energy], where wu,latency + wu,energy = 1 ensures a normalized preference. This
vector is not static; instead, it is adaptively inferred and updated using a meta-learning mechanism,
which processes short-term user feedback or analyzes historical behavioral patterns. This dynamic
adjustment allows the policy to prioritize objectives precisely according to the current user’s specific
needs and context.

3.2.3. Local Environment State

The local environment state, Slocal,u, provides agent u with immediate, real-time information that
is pertinent to its own tasks and currently available local resources. For each agent u, this includes: the
length of its task queue, qu; the size of its current task to be processed, su; the quality of its wireless
transmission channel, hu; and the real-time computational load or utilization of its potential target
edge server, Le. By combining these individual components, the complete state vector for agent u at
any given time t is formally represented as:

su(t) = (Sglobal(t), wu(t), Slocal,u(t)) (1)

where Slocal,u(t) = (qu(t), su(t), hu(t), Le(t)) denotes the tuple of local observations for agent u at time
t.

3.3. Multi-Objective Pareto Policy Network

Unlike traditional Deep Reinforcement Learning (DRL) approaches that typically output a single
optimal action, our multi-objective Pareto policy network is specifically designed to generate a distribu-
tion of candidate actions that inherently lie along the Pareto front. This distinctive characteristic allows
the policy to intrinsically learn and represent the complex trade-offs between conflicting objectives.
The network’s output is not a singular decision, but rather a set of viable actions, each representing a
different compromise across the objective space.

During the training phase, by judiciously sampling various user preference vectors wu, we
explicitly guide the policy to explore and learn how to make effective trade-offs between disparate
objectives, such as minimizing latency, reducing energy consumption, and maximizing Quality of
Experience (QoE). When the system is deployed in a real-world setting, the inferred user preference
vector wu (which is dynamically obtained from the meta-learning module, as detailed in Section 3.5)
is then used to select the most suitable decision from the learned Pareto front, precisely tailoring the
action to the current user’s specific priorities.

The policy network employs an Actor-Critic architecture, which is an improved adaptation of
robust algorithms like Soft Actor-Critic (SAC). The critic component of the network is responsible
for learning a multi-objective Q-function, formally denoted as Q(s, a) = [Q1(s, a), . . . , QK(s, a)]. In
this representation, each component Qk(s, a) estimates the expected cumulative return specifically for
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objective k, given the current state s and action a. Subsequently, the actor component aims to maximize
a scalarized expected return. This scalarization is achieved by computing a weighted sum of the
components of the multi-objective Q-function, where the weights are provided by the user preference
vector wu. The objective function for the policy π is thus defined as:

J(π) = Es,a∼π [wu · Q(s, a)] = Es,a∼π [
K

∑
k=1

wu,kQk(s, a)] (2)

This deliberate scalarization strategy enables the policy to effectively navigate the complex multi-
objective space, ensuring that decisions are made while consistently respecting and adhering to
individual user preferences.

3.4. Constraint-Driven Multi-Agent Collaboration (CD-MARL)

To effectively mitigate the severe resource competition that naturally arises among multiple
mobile devices sharing finite edge resources, we integrate a novel Constraint-Driven Multi-Agent
Reinforcement Learning (CD-MARL) mechanism. In this paradigm, each agent autonomously aims
to optimize its individual objectives while simultaneously adhering to globally imposed resource
constraints of the shared MEC infrastructure. These constraints could include, for example, the total
CPU load of a particular edge server or the aggregate uplink bandwidth available to all connected
devices.

We employ a lightweight Lagrangian multiplier method to facilitate decentralized coordination
among agents. In this approach, each agent u maintains its own local policy πu and value function Vu.
Critically, a globally shared Lagrangian multiplier vector λ = [λ1, . . . , λM] is introduced, corresponding
to M distinct global constraints. This vector is dynamically updated by a central coordinator, which
could be an edge server or a lightweight orchestrator, and is subsequently broadcast to all participating
agents. The objective function for each agent u is then modified to incorporate these global constraints
as penalties, encouraging compliance:

max
πu

Eτ∼πu

[
T

∑
t=0

(
Ru(su(t), au(t))−

M

∑
m=1

λm(t) · (Cm(s(t), a(t))− Cm,max)

)]
(3)

Here, Ru(su(t), au(t)) represents the multi-objective scalarized reward obtained by agent u at time
t, as defined previously in Equation 2. The term Cm(s(t), a(t)) signifies the aggregated value of the
m-th global resource consumption (e.g., the total CPU utilization across all agents at an edge server) at
state s(t) under joint action a(t), and Cm,max denotes its predefined maximum allowed threshold. The
non-negative Lagrangian multipliers λm are adaptively updated by the central coordinator based on
the magnitude of violation for each constraint:

λm(t + 1) = max(0, λm(t) + α · (Cm(s(t), a(t))− Cm,max)) (4)

In this update rule, α is a positive learning rate that controls the adjustment step size. This sophis-
ticated mechanism empowers agents to make independent and localized decisions while implicitly
coordinating their actions by reacting to the global resource pressure, which is effectively reflected
in the dynamically evolving λ vector. This approach effectively suppresses phenomena such as over-
offloading and resource contention without necessitating frequent or direct communication between
individual agents, thus fostering efficient and harmonious multi-agent operation.

3.5. Meta-Learning Driven Preference Adaptation

To robustly address the dynamic nature of user preferences and to enable rapid adaptation to
new users or evolving needs, APOG-MARL employs a sophisticated Meta-Reinforcement Learning
(Meta-RL) approach. This dedicated component is primarily responsible for quickly inferring or
updating the user preference vector wu, which was initially introduced in Section 3.5.
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We train a small, lightweight neural network, specifically referred to as the meta-learner, whose
fundamental role is to generate this context-adaptive preference vector wu. The meta-learner receives
as input a modest amount of new information, which can originate from various sources:

1. Short-term user feedback, encompassing explicit satisfaction ratings (e.g., collected via a brief
survey following task completion) or implicit signals like task abandonment rates.

2. Real-time task characteristics and observed service quality metrics, such as the actual latency
experienced versus a requested deadline, or the energy consumed in relation to the device’s
current battery level.

3. A few initial interactions or historical behavioral patterns observed from a newly introduced user.

Based on these diverse and timely inputs, the meta-learner is capable of rapidly producing an updated
wu that accurately reflects the current user’s most pressing priorities. This dynamically adjusted wu is
then seamlessly fed into the multi-objective Pareto policy network, serving as a critical guide for its
decision-making process, as comprehensively described in Equation 2.

The paramount advantage of this meta-learning approach lies in its ability to achieve fast adapta-
tion to new users or swiftly accommodate changes in existing user preferences. Rather than demanding
extensive retraining of the entire underlying reinforcement learning policy for each novel scenario or
shift in user behavior, the meta-learner swiftly adjusts wu. This enables the pre-trained, generalized
policy network to immediately provide relevant, personalized, and context-aware solutions. Conse-
quently, this significantly enhances the practical deployability, responsiveness, and overall efficiency of
APOG-MARL in the inherently highly dynamic and heterogeneous landscape of MEC environments.

4. Experiments
4.1. Scalability and Generalization Performance

To assess APOG-MARL’s capacity for policy generalization and its scalability across diverse
network configurations, we evaluate its performance under varying numbers of mobile devices (MDs)
and edge servers (ESs). This specifically tests the effectiveness of our hierarchical context-aware state
representation in handling varying scales without extensive retraining. We compare APOG-MARL
against GMORL (as a strong baseline for generalization) and FW-DRL (as a baseline typically lacking
strong generalization). The network topology is dynamically varied, and performance is averaged
over multiple different configurations for each scale.

Table 1 clearly illustrates APOG-MARL’s superior generalization capabilities. While all methods
show some performance degradation as the network scale increases due to higher contention and
complexity, APOG-MARL maintains the highest performance across all scales for average task latency,
total energy consumption, and user QoE satisfaction. For instance, in the large-scale scenario (20 MDs
/ 5 ESs), APOG-MARL still achieves 98ms latency and 88% QoE, significantly outperforming FW-DRL
(135ms latency, 70% QoE) and consistently surpassing GMORL. This resilience to varying network
sizes confirms that our hierarchical context-aware state representation effectively encodes crucial
global system context, enabling the policy to generalize robustly to unseen topological configurations.

4.2. Dynamic User Preference Adaptation Analysis

This subsection provides a detailed analysis of APOG-MARL’s ability to rapidly adapt to dynamic
shifts in user preferences, a core feature enabled by our meta-learning driven preference adaptation
module. We simulate scenarios where user preferences abruptly change (e.g., from latency-sensitive
to energy-sensitive) and measure how quickly each method adjusts its behavior to align with the
new priorities. We compare APOG-MARL against APOG-MARL-ML (its ablated version without
meta-learning) and FW-DRL (which uses fixed preferences).
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Table 1. Performance of APOG-MARL and Baselines under Varying Network Scales.
MDs: Mobile Devices, ESs: Edge Servers, Lat.: Average Task Latency, Eng.: Total Energy Consumption, QoE:
User QoE Satisfaction.

Network Scale (MDs/ESs) Method Avg. Lat. (ms) Total Eng. (J) User QoE (%)

Small (5 MDs / 2 ESs) FW-DRL 105 20 80
GMORL † 92 19 86
Ours (APOG-MARL) 85 17.5 90

Medium (10 MDs / 3 ESs) FW-DRL 110 22 79
GMORL † 95 20 85
Ours (APOG-MARL) 88 18.5 91

Large (20 MDs / 5 ESs) FW-DRL 135 28 70
GMORL † 110 23 81
Ours (APOG-MARL) 98 20 88
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Figure 3. Performance during Dynamic User Preference Shifts.
Adap. Spd.: Adaptation Speed, QoE Rec.: User QoE Satisfaction Recovery.

As illustrated in Figure 3, APOG-MARL exhibits exceptionally fast adaptation to new user
preferences. When preferences shift, FW-DRL, with its fixed weights, cannot adapt at all, leading to
a significant and sustained drop in user QoE satisfaction. APOG-MARL-ML, which relies on slower
standard RL updates for preference adjustment, takes approximately 50 episodes to recover 90% of
the optimal QoE for the new preference profile. In stark contrast, the full APOG-MARL framework,
leveraging its meta-learning component, requires only about 5 episodes to achieve the same level
of QoE recovery. Furthermore, the initial QoE drop upon a preference change is significantly lower
for APOG-MARL (5-10%) compared to APOG-MARL-ML (20-25%). This demonstrates the profound
impact of meta-learning in rapidly inferring and incorporating dynamic user preference vectors,
ensuring that the personalized service quality remains consistently high even in highly volatile
scenarios.

4.3. Robustness under High Resource Utilization

To thoroughly evaluate the effectiveness of our Constraint-Driven Multi-Agent Collaboration
(CD-MARL) mechanism, we test APOG-MARL’s performance under increasingly stringent resource
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constraints and high load conditions. We simulate scenarios where the task arrival rates are significantly
increased, or the available edge server CPU frequencies are reduced, pushing the system towards
potential overload. We focus on metrics such as maximum CPU utilization, task rejection rate, and
average latency under these stressful conditions. We compare APOG-MARL with CD-MARL [7] and a
variant of APOG-MARL without the constraint mechanism (APOG-MARL-CD).

Table 2 highlights APOG-MARL’s robustness and efficiency in managing shared resources under
high-load conditions. APOG-MARL-CD, lacking the constraint mechanism, struggles significantly,
leading to severe edge server overload (CPU Utilization exceeding 100% indicating queuing delays or
potential crashes), high task rejection rates, and drastically increased latency. This clearly demonstrates
the necessity of explicit resource management. While CD-MARL effectively keeps CPU utilization
within bounds and reduces task rejections, APOG-MARL achieves comparable low task rejection rates
(e.g., 1% at high load) and controlled CPU utilization (e.g., 88% at high load) while simultaneously
maintaining superior average task latency. This shows that APOG-MARL’s integrated approach,
where constraint adherence is combined with multi-objective optimization, allows it to optimize
overall performance metrics without sacrificing resource stability, thus preventing common issues like
over-offloading.

Table 2. Performance under High Resource Utilization Scenarios.
Util.: Utilization, Rej.: Rejection, Lat.: Latency.

Load Scenario Method Max. CPU Util. Task Rej. Rate Avg. Lat.

Moderate Load (2.5 tasks/s) APOG-MARL-CD 90 2 95
CD-MARL [7] 80 0.5 105
Ours (APOG-MARL) 82 0.5 88

High Load (3.5 tasks/s) APOG-MARL-CD >100 (Overload) 15 180
CD-MARL [7] 85 2 120
Ours (APOG-MARL) 88 1 105

Critical Load (Reduced ES CPU) APOG-MARL-CD >100 (Overload) 25 250
CD-MARL [7] 90 3 140
Ours (APOG-MARL) 92 2 125

4.4. Multi-Objective Trade-off Analysis and Pareto Front Quality

A key distinguishing feature of APOG-MARL is its multi-objective Pareto policy network, de-
signed to generate a set of non-dominated solutions representing optimal trade-offs. To further analyze
this capability, we evaluate the quality and diversity of the Pareto fronts generated by APOG-MARL
compared to GMORL (a multi-objective baseline) and APOG-MARL-PP (ablated without the Pareto
policy network). We quantify the Pareto front quality using Hypervolume (HV) and also introduce
a "Front Spread" metric, which measures the Euclidean distance between the extreme points of the
achieved Pareto front in the objective space (e.g., latency-energy space), indicating the diversity of
solutions.

Table 3 demonstrates APOG-MARL’s superior capability in multi-objective optimization. APOG-
MARL achieves the highest Pareto Hypervolume (0.76), indicating that it consistently identifies and
operates within a more optimal region of the objective space compared to both GMORL and APOG-
MARL-PP. Furthermore, APOG-MARL exhibits the largest Pareto Front Spread (17.8 ms-J), signifying
its ability to generate a richer and more diverse set of trade-off solutions that can cater to a wider
spectrum of user preferences, from highly latency-sensitive to extremely energy-efficient. This wide
spread ensures that even when user preferences drastically lean towards one objective (e.g., purely
latency-oriented, as shown by 90% QoE), APOG-MARL can still provide a near-optimal solution.
In contrast, APOG-MARL-PP, which uses a single-objective approach, has a significantly lower HV
and very limited front spread, proving its inability to effectively navigate conflicting objectives. This
analysis validates the efficacy of our multi-objective Pareto policy network in learning and representing
complex trade-offs.
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Table 3. Multi-Objective Trade-off Analysis and Pareto Front Quality.
HV: Pareto Hypervolume, Front Spr.: Pareto Front Spread.

Method Pareto HV Front Spr. (ms-J) Latency-Oriented QoE (%)

APOG-MARL-PP 0.45 8.2 78
GMORL † 0.72 15.1 85
Ours (APOG-MARL) 0.76 17.8 90

4.5. Computational Efficiency

The practical deployment of advanced DRL frameworks often hinges on their computational
efficiency, both during training and inference. We analyze the training time, average inference latency
per decision, and memory footprint of APOG-MARL and compare them with selected baselines. This
evaluation considers the trade-off between model complexity and operational overhead.

As shown in Figure 4, which details the training time, average inference latency (Inf. Lat.) per
decision, and memory footprint (Mem. FP.), APOG-MARL, with its integrated components for gener-
alization, multi-objective learning, and meta-learning, understandably has a higher computational
overhead compared to simpler baselines like FW-DRL. It requires approximately 18 hours for com-
prehensive training in our simulated environment, which is comparable to or slightly higher than
other complex DRL methods like GMORL. The average inference latency of 1.5 ms per decision for
APOG-MARL is also marginally higher, reflecting the additional computations involved in processing
the hierarchical state and deriving Pareto-optimal actions influenced by the dynamic user preference
vector. Similarly, its memory footprint of 95 MB is slightly larger. However, this increased overhead is
a justified trade-off for the significant performance gains demonstrated across multiple metrics, in-
cluding superior adaptation, generalization, and multi-objective optimization. Crucially, the inference
latency remains well within the acceptable bounds for real-time decision-making in dynamic MEC
environments, making APOG-MARL practically deployable despite its inherent complexity.
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Figure 4. Computational Efficiency Comparison.
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5. Conclusions
In this paper, we addressed the formidable challenges of multi-objective task offloading and

resource scheduling in highly dynamic Mobile Edge Computing (MEC) environments, where tradi-
tional approaches often falter due to limited generalization, slow adaptation, and inefficient multi-user
resource competition. We proposed APOG-MARL, a novel Adaptive Pareto-Optimal and Gener-
alizable Multi-Agent Reinforcement Learning framework. APOG-MARL integrates a hierarchical
context-aware state representation, a multi-objective Pareto policy network for flexible trade-offs
(e.g., latency, energy, QoE), a constraint-driven multi-agent collaboration mechanism for efficient
resource management, and a meta-learning approach for rapid adaptation to dynamic user preferences.
Comprehensive experimental evaluations demonstrated APOG-MARL’s superior performance across
critical dimensions, achieving the lowest average task latency, reduced total energy consumption, and
the highest user QoE satisfaction compared to state-of-the-art baselines. Its robust generalization, fast
adaptation, and effective resource management, even under high-load scenarios, were consistently
proven, generating diverse and superior Pareto solutions. APOG-MARL represents a significant
advancement, offering a holistic framework for more efficient, reliable, and user-centric MEC systems.
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