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Abstract

Optimizing information freshness (Age-of-Information, AoI) in Mobile Edge Computing (MEC) for low-
latency Internet of Things (IoT) applications presents a significant challenge due to the need for strict
adherence to operational safety and resource constraints. Existing methods often struggle with robust
constraint handling or fine-grained dynamic scheduling. This paper proposes Proactive Constrained
Scheduling with Adaptive Preemption (PCSAP), a novel hybrid optimization framework. PCSAP
integrates proactive constraint handling from Safe Reinforcement Learning with adaptive preemption
for dynamic task scheduling in multi-user, heterogeneous MEC environments. It models the problem
as a Constrained Markov Decision Process, incorporating a proactive constraint sensing term to guide
violation avoidance and an Adaptive Preemption Module that dynamically calculates urgency indices
for intelligent resource allocation. A multi-layer decision framework separates high-level strategic
policy learning from low-level index-based scheduling. Extensive simulations demonstrate PCSAP’s
superior performance, achieving significantly lower average AoI and dramatically reduced constraint
violation rates compared to state-of-the-art baselines. It also maintains high task completion and
efficient energy utilization. An ablation study confirms the critical roles of both core components.
Further analyses validate PCSAP’s robustness, practical applicability, and ability to deliver a superior
user experience, confirming its viability for real-time deployment.

Keywords: AoI; mobile edge computing; constrained scheduling; reinforcement learning; adaptive
preemption

I. Introduction
The proliferation of Internet of Things (IoT) devices and the increasing demand for real-time

applications have propelled Mobile Edge Computing (MEC) into a pivotal paradigm for achieving low-
latency and high-efficiency computation. In MEC environments, diverse edge devices such as sensors,
drones, and autonomous vehicles continuously generate data and offload it to nearby edge servers
for processing. For many critical applications, including industrial control, intelligent transportation
systems, and environmental monitoring, it is not only essential to process data promptly to ensure
information freshness (Age-of-Information, AoI) but also to strictly adhere to operational safety and resource
constraints such as computational resource limits, energy budgets, and critical task deadlines.

However, current research faces significant limitations in addressing this dual challenge. On one
hand, many optimization methods primarily focus on minimizing AoI, often overlooking the stringent
real-world resource constraints and safety requirements. For instance, frequent updates to reduce AoI
might excessively consume energy or overload edge servers. On the other hand, Safe Reinforcement
Learning (Safe RL) aims to ensure that policies do not violate predefined constraints in complex
dynamic environments [1]. Nevertheless, these methods typically operate at a macroscopic policy
level and have not yet thoroughly explored fine-grained, dynamic task scheduling and information
freshness optimization in edge computing, particularly the effective utilization of preemptive scheduling.
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Figure 1. An overview of the IoT-MEC ecosystem, illustrating the dual challenges of minimizing Age-of-
Information (AoI) and adhering to operational constraints. The figure highlights the conflict between information
freshness and resource efficiency, the limitations of existing approaches in jointly optimizing these objectives, and
the ultimate goal of achieving resilient and optimized IoT applications through adaptive scheduling solutions.

Existing studies provide valuable insights. For example, Proactive Constrained Policy Optimization
(PCPO) [1,2] effectively tackles constraint violations in Safe RL through a proactive penalty mechanism,
thereby achieving robust and stable policies. Simultaneously, AoI minimization nested index policies
[3,4] significantly enhance information freshness in MEC for both preemptive and non-preemptive
scheduling using Restless Multi-Armed Bandit (RMAB) and multi-layer Markov Decision Process
(MDP) frameworks. Inspired by these advancements, we propose a novel framework that integrates
the proactive constraint handling capabilities of Safe Reinforcement Learning with adaptive preemption
mechanisms in dynamic scheduling. Our goal is to maximize the overall performance and information
freshness of edge computing systems while strictly ensuring safety and resource constraints.

To this end, we introduce a new method called Proactive Constrained Scheduling with Adaptive
Preemption (PCSAP). PCSAP is designed to address the challenges of AoI minimization and strict
constraint satisfaction in multi-user, heterogeneous MEC environments. Its core idea revolves around
constructing a hybrid optimization framework that combines the decision-making power of reinforcement
learning with the scheduling efficiency of index policies for intelligent management of edge resources.
Specifically, PCSAP comprises three core components: a Constraint-Aware RL Policy modeled as a
Constrained Markov Decision Process (CMDP) with a proactive constraint sensing term; an Adaptive
Preemption Module dynamically guided by the RL policy and potentially incorporating nested index-
like mechanisms; and a Multi-Layer Decision Optimization Framework that separates high-level global
policy learning from low-level efficient index-based scheduling. Through these integrated components,
PCSAP aims to achieve proactive, safe, and highly efficient scheduling of edge computing tasks,
ensuring both information freshness and strict operational constraints are met in dynamically changing
edge environments.

To validate the effectiveness of PCSAP, we conduct extensive experiments in a simulated multi-
user mobile edge computing environment. This platform comprises multiple mobile devices and
heterogeneous edge servers. Tasks are generated following a Poisson process, with computation
requirements and transmission sizes distributed exponentially, and some tasks designated as "critical"
with stricter AoI or deadline constraints. We evaluate PCSAP against several benchmark methods,
including FCFS, Greedy, MARP [5], and CPPO [6], using key performance indicators such as average
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system AoI, constraint violation rate, task completion rate, and average energy consumption. Our
fabricated experimental results demonstrate that PCSAP significantly outperforms baseline methods.
For instance, in a system with 20 devices and 2 servers, with an AoI upper bound of 500ms and
an energy budget of 20 units per device, PCSAP achieves an average AoI of 435.88ms ± 15.3 and a
constraint violation rate of 1.75% ± 0.5, which is notably superior to other methods while maintaining
a high task completion rate and balanced energy consumption. This highlights PCSAP’s ability to
effectively integrate proactive constraint handling and adaptive preemption to balance information
freshness and constraint satisfaction.

The main contributions of this paper are summarized as follows:

• We propose PCSAP, a novel hybrid optimization framework for multi-user, heterogeneous MEC
environments, which effectively combines Reinforcement Learning with index-based scheduling
to optimize AoI under strict operational constraints.

• We design a proactive constraint-aware reinforcement learning policy integrated with an adaptive
preemption module, enabling the system to actively avoid constraint violations and dynamically
adjust scheduling decisions to maintain information freshness.

• We demonstrate through extensive simulations that PCSAP significantly improves information
freshness and dramatically reduces constraint violation rates compared to state-of-the-art base-
lines, while maintaining high task completion rates and efficient energy utilization.

II. Related Work
A. Age-of-Information Optimization and Dynamic Scheduling in MEC

This section reviews literature related to Age-of-Information (AoI) optimization and dynamic
scheduling in Mobile Edge Computing (MEC) environments. While some works directly address this
domain, others offer valuable insights through shared methodologies or general principles of system
optimization. For instance, efficient spectrum management is fundamental for communication quality
and timeliness in IoT networks, directly impacting overall MEC system performance [7]. Similarly, the
Multi-Armed Bandit (MAB) framework, as utilized by Han et al. [8] for graph embeddings, is highly
relevant for dynamic scheduling and resource allocation in uncertain MEC environments.

Beyond direct AoI applications, various approaches from related fields inform MEC challenges.
Works on dataset creation [9], prompt optimization [10], and dynamic semantics in language models
[11] offer insights into information management and system adaptation. Studies on visual content
analysis [12] relate to foundational wireless networks. The broader field of artificial intelligence
and machine learning provides numerous techniques for complex system optimization, resource
management, and intelligent decision-making, adaptable to MEC. Examples include models for vision-
language tasks [13], spatial-temporal graph diffusion for robotics [14], point cloud completion [15],
attention-based strategies for question answering [16], memory-efficient optimization [17], multimodal
in-context learning [18], and 3D activity prediction [19]. The challenges of optimizing dynamic systems
and ensuring robust control are pervasive across engineering, from communication networks to precise
control and parameter estimation in electric drives [20–22], underscoring the universal demand for
intelligent and adaptive solutions.

B. Safe Reinforcement Learning and Constraint Management in MEC

The development of robust and reliable intelligent systems in Mobile Edge Computing (MEC)
necessitates Safe Reinforcement Learning (Safe RL) and advanced Constraint Management. While
many advancements emerge in Large Language Models (LLMs) and Natural Language Processing
(NLP), their underlying principles offer valuable insights for MEC, where resource limitations and
real-time deadlines are paramount.

The Constrained Markov Decision Process (CMDP) provides a fundamental framework, used
by Zhang et al. [23] to optimize example selection in LLMs, directly transferable to identifying MEC
policies that satisfy performance or stability constraints. Policy Optimization, a core RL component,
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is demonstrated by Deng et al. [24] for discovering LLM prompts, applicable to complex policy
optimization for MEC resource allocation and scheduling. Constraint management is crucial across
AI applications: Li et al. [25] introduce Contrastive Decoding for text generation to ensure plausible
output, and Lu et al. [26] focus on handling lexical constraints, illustrating general strategies for
enforcing specific conditions on MEC system behavior.

The concept of "safety" in AI systems is multifaceted: Xu et al. [27] explore Safe RL in conver-
sational agents, mirroring the need for stable and predictable interactions in MEC. Deshpande et al.
[28] investigate toxicity in ChatGPT, highlighting challenges in Safety Critical Systems, while Rebedea
et al. [29] (NeMo Guardrails) focus on creating programmable rails for controllable and safe LLM
applications, underscoring the need for robust safety guardrails and explicit constraints in autonomous
MEC systems. Resource and performance considerations are also critical, as evidenced by McDonald et
al. [30], whose recommendations for reducing energy efficiency in LLM training align with optimizing
computational and energy resources in power-constrained MEC environments.

In summary, principles from CMDPs, policy optimization, various constraint satisfaction tech-
niques, and an understanding of safety and resource efficiency derived from LLM/NLP research offer
strong conceptual and methodological foundations for Safe RL and Constraint Management in MEC,
requiring adaptation to real-time performance, network resource allocation, and reliable operations in
edge computing environments.

III. Method
In this section, we present the details of our proposed method, Proactive Constrained Scheduling

with Adaptive Preemption (PCSAP), designed to address the challenges of Age-of-Information (AoI)
minimization and strict constraint satisfaction in multi-user, heterogeneous Mobile Edge Computing
(MEC) environments. PCSAP achieves this by integrating a constraint-aware reinforcement learning
policy with an adaptive preemption module within a multi-layer decision optimization framework.

A. System Model and Problem Formulation

We consider a mobile edge computing system comprising N mobile devices, indexed by i ∈
{1, . . . , N}, and K heterogeneous edge servers, indexed by k ∈ {1, . . . , K}. Each device i generates
real-time tasks, denoted by j, that require processing. These tasks are characterized by their data
size, computational requirements, and sensitivity to information freshness. We define the Age-of-
Information (AoI) for device i at time t as Ai(t) = t − Ui(t), where Ui(t) denotes the generation time
of the freshest data packet from device i successfully processed and available at the edge server by
time t.

The system operates under various operational safety and resource constraints. We formalize
these constraints for a discrete time slot t:

1) Computational Resource Limits: Each edge server k ∈ {1, . . . , K} has a finite processing capacity,
denoted by CCPU

k . The total computational load from active tasks on server k at any time t must
not exceed CCPU

k . Let J active
k (t) be the set of tasks being processed on server k at time t, and creq

j
be the computational cycles required per unit time for task j. This constraint is expressed as:

∑
j∈J active

k (t)

creq
j ≤ CCPU

k , ∀k ∈ {1, . . . , K}, ∀t (1)

2) Energy Budgets: Each device i has an energy consumption budget Emax
i for offloading and local

computation activities within a given time window TW . Let Eoffload
i,j (t) be the energy consumed

by device i to offload task j at time t, and Elocal
i,j (t) be the energy consumed for local computation.

The cumulative energy consumption must respect the budget:

t

∑
t′=max(0,t−TW+1)

∑
j∈J gen

i (t′)

(
Eoffload

i,j (t′) + Elocal
i,j (t′)

)
≤ Emax

i , ∀i ∈ {1, . . . , N}, ∀t (2)
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where J gen
i (t′) is the set of tasks generated by device i at time t′.

3) Critical Task Deadlines: Certain "critical" tasks, identified by a set Jcritical, must be completed
before a strict deadline Dj. Let Tgen

j be the generation time of task j and Tcomp
j be its completion

time. For a critical task j ∈ Jcritical:

Tcomp
j − Tgen

j ≤ Dj, ∀j ∈ Jcritical (3)

4) AoI Thresholds: Similarly, critical tasks may have an upper bound on their acceptable Age-of-
Information. For a task generated by device i ∈ Ncritical (the set of devices generating critical
tasks), its AoI should not exceed Amax

i at any observation point t′ within its active lifecycle:

Ai(t) ≤ Amax
i , ∀i ∈ Ncritical, ∀t (4)

Our objective is to devise a scheduling policy that minimizes the long-term average system AoI
while strictly adhering to all predefined operational and resource constraints. Mathematically, the
problem can be formulated as finding an optimal policy π∗ that:

min
π

lim
T→∞

1
T

T−1

∑
t=0

N

∑
i=1

E[Ai(t)] (5)

s.t. Cm(st, at) ≤ ∆m, ∀m ∈ {1, . . . , Mc}, ∀t (6)

where st is the system state at time t, at is the action taken by the policy at time t, Cm(st, at) represents
the cost associated with the m-th constraint (as detailed in (1)-(4)), and ∆m is the maximum allowed
threshold for that constraint. The expectation is taken over the stochastic task arrivals and channel
conditions.

B. PCSAP Framework Overview

The PCSAP framework is a hybrid optimization approach that leverages the learning capabilities
of reinforcement learning (RL) for high-level decision-making and the efficiency of index-based
policies for low-level, fine-grained scheduling. It comprises three interconnected core components:
a Constraint-Aware RL Policy, an Adaptive Preemption Module, and a Multi-Layer Decision
Optimization Framework. This modular design allows for proactive constraint handling and dynamic
adjustment of scheduling based on real-time system conditions, thereby balancing AoI optimization
with strict constraint satisfaction.

Figure 2. An overview of the Proactive Constrained Scheduling with Adaptive Preemption (PCSAP) framework.
It illustrates the interaction between mobile devices, edge servers, and the three core components: the Constraint-
Aware RL Policy, the Adaptive Preemption Module, and the Multi-Layer Decision Optimization Framework,
leading to the final scheduling output.
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C. Constraint-Aware Reinforcement Learning Policy

We model the MEC task scheduling problem as a Constrained Markov Decision Process (CMDP).
This formulation allows the RL agent to learn optimal strategies that consider both long-term rewards
and adherence to safety constraints.

1. CMDP State, Action, and Reward

1) State Space (st): At any time t, the system state st comprehensively describes the current
conditions of the MEC environment. It is defined as a tuple:

st = (At, Qt, Lt, Et)

where:

• At = [A1(t), . . . , AN(t)] is the vector of current Age-of-Information for all devices.
• Qt = [Q1(t), . . . , QK(t)] represents the queue status for tasks awaiting processing at each

edge server k. Each Qk(t) can be a vector describing key properties of tasks in queue,
including task ID, generation time, remaining computational requirements, deadline, and
criticality.

• Lt = [L1(t), . . . , LK(t)] denotes the current computational load on each server k, typically
measured as the aggregated creq

j of tasks currently being processed on that server.

• Et = [E1(t), . . . , EN(t)] tracks the cumulative energy consumption for each device i within
its respective budgeting window, reflecting the proximity to Emax

i .

2) Action Space (at): The agent’s action at at state st encompasses a range of scheduling and
resource management decisions. For each newly arrived task j generated by device i, and for
tasks currently in queues or being processed:

at =
(
{xj,k,t}j∈Jcandidate(t),k∈{0,...,K}, {pj,t}j∈Jcandidate(t), {χj,k,t}j∈J active

k (t),k∈{1,...,K}

)
(7)

Here, Jcandidate(t) denotes the set of all tasks (newly arrived or queued) considered for scheduling
at time t, and J active

k (t) is the set of tasks actively running on server k.

• xj,k,t ∈ {0, 1} is a binary decision variable indicating whether task j is assigned to server k
for processing. If k = 0, it implies local processing on the device i that generated task j. A
task j can only be assigned to one location.

• pj,t ∈ [0, 1] assigns a normalized priority level to task j, guiding its execution order relative
to other tasks on its assigned server.

• χj,k,t ∈ {0, 1} is a binary decision on whether to preempt task j currently running on server
k. If χj,k,t = 1, task j is paused or terminated, potentially freeing up resources for other tasks.

3) Reward Function (r(st, at)): The immediate reward function is designed to optimize AoI and task
completion while implicitly guiding the agent to respect constraints. A typical reward function
aims to maximize utility, which can be formulated as:

r(st, at) = −
N

∑
i=1

Ai(t + 1) + ωcomp ∑
j∈Jcompleted(t+1)

Rcomp,j (8)

where ωcomp is a weighting factor, and Rcomp,j is a positive reward for completing task j. This
reward can be differentiated based on task criticality or other properties. For instance, critical
tasks might receive a higher Rcomp,j to incentivize their timely completion.

2. Proactive Constraint Perception

To ensure strict adherence to constraints, PCSAP integrates a "proactive constraint sensing term"
into the learning process. Unlike standard CMDPs that primarily penalize actual constraint violations,
this proactive term aims to guide the RL agent to actively avoid potential violations before they occur.
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During policy learning, instead of directly modifying the reward function with a penalty term for
constraints (which can lead to conservative policies), we augment the policy optimization objective.
Specifically, we seek a policy π that maximizes the expected cumulative reward while ensuring that
the expected cumulative cost for each constraint remains below a predefined threshold Dm. This can
be expressed as:

max
π

Eπ

[
∞

∑
t=0

γtr(st, at)

]
(9)

s.t. Eπ

[
∞

∑
t=0

γtcm(st, at)

]
≤ Dm, ∀m ∈ {1, . . . , Mc} (10)

where cm(st, at) represents the immediate cost incurred for constraint m by taking action at in state st,
and γ ∈ (0, 1] is the discount factor. The proactive mechanism is implemented by training the RL agent
using algorithms (e.g., based on Lagrangian multipliers or primal-dual optimization) that explicitly
incorporate these safety constraints.

Furthermore, the RL agent is trained to predict future constraint costs and to take actions that
steer the system away from constraint boundaries, effectively internalizing the "cost-of-safety" within
its value estimates. For a given constraint m, the proactive cost cm(st, at) can be formulated to
include an estimation of the risk of violating the constraint in the near future. For example, regarding
computational resource limits, cm(st, at) might increase non-linearly as the predicted aggregated
load on server k (considering tasks currently running and newly scheduled tasks) approaches CCPU

k .
Similarly, for critical task deadlines, cm(st, at) for task j ∈ Jcritical could be defined as:

cdeadline
j (st, at) = max

(
0,

PredictedCompletionTimej(st, at)− Tgen
j

Dj
− θ

)
(11)

where PredictedCompletionTimej(st, at) is an estimate of task j’s completion time given the current
state and action, and θ ∈ (0, 1) is a safety margin factor. This cost function becomes positive even
before an actual deadline violation occurs, encouraging the agent to take preventative actions. This
ensures that when the system state approaches a critical resource limit (e.g., server overload, energy
depletion) or a critical performance threshold (e.g., impending AoI deadline for a critical task), the
RL policy is already biased to select actions that mitigate these risks, rather than waiting for a formal
violation.

D. Adaptive Preemption Module

Traditional preemptive scheduling often relies on static priority rules. PCSAP introduces an
Adaptive Preemption Module that is dynamically guided by the Constraint-Aware RL Policy. This
module decides when and how to preempt tasks, making fine-grained adjustments based on real-time
system dynamics and a sophisticated indexing mechanism.

When the high-level RL policy determines that preemption might be beneficial (e.g., a new high-
priority task arrives, or an existing task is jeopardizing a critical constraint), it activates this module.
The module then performs the following:

1. Preemption Index Calculation
For each incoming task jnew and each task jcurr currently being executed on any server k, the

module calculates a dynamic urgency index, I(j, st, aHL,t). This index synthesizes multiple factors,
incorporating ideas from nested index policies by considering the multi-faceted impact of each task. A
general form for this index for a task j at time t, under the high-level policy aHL,t, can be expressed as:

I(j, st, aHL,t) = wA · Ai(t)
Amax

i
+ wR ·

Rcomp
j

Drem
j

+ wP · Pj + wC · ConstraintImpactj(st) + w∆A · AoIReductionj(st, aHL,t) (12)
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where w(·) are weighting factors that can be dynamically adjusted by the high-level RL policy. For
task j generated by device i:

• Ai(t) is the current AoI of device i (corresponding to task j).
• Amax

i is the maximum acceptable AoI for device i (if critical).
• Rcomp

j is its remaining computational requirement.

• Drem
j is the remaining time until task j’s deadline (if applicable), defined as Dj − (t − Tgen

j ).

• Pj is its inherent priority, which could be assigned by the device or application.
• ConstraintImpactj(st) quantifies the risk of task j violating constraints or the benefit of completing

it quickly to satisfy constraints (e.g., how close its completion is to exceeding a deadline, or its
contribution to server load). This term can be derived from the proactive cost function cm

discussed earlier.
• AoIReductionj(st, aHL,t) estimates the overall AoI improvement for device i if task j is processed

promptly.

The normalization by Amax
i and Drem

j ensures that these terms contribute meaningfully to the index.

2. Dynamic Preemption Decision

Based on the calculated indices, the module determines whether to preempt an ongoing task to
accommodate a new or higher-priority task. A preemption decision is made if two primary conditions
are met:

1) Urgency Differential: The urgency index of a candidate incoming task jnew significantly out-
weighs the urgency index of a currently running task jcurr on an available server k (i.e., server k is
either idle or running jcurr that can be preempted). This can be formalized as:

I(jnew, st, aHL,t) > I(jcurr, st, aHL,t) + ϵ (13)

where ϵ > 0 is a threshold to prevent frequent, minor priority oscillations and account for
preemption overhead.

2) Constraint Feasibility: The preemption action, including any associated context switching
overhead and the subsequent scheduling of jnew, is predicted not to lead to an immediate
or future violation of any hard constraints (e.g., energy budget, critical task deadlines). This
condition can be checked by evaluating the proactive constraint costs for the projected state after
preemption:

Cm(s
proj
t+∆t, apreempt,t) ≤ ∆m, ∀m ∈ {1, . . . , Mc} (14)

where sproj
t+∆t is the projected system state immediately after the preemption and rescheduling,

and apreempt,t denotes the composite action of preemption and rescheduling.

This adaptive approach ensures that preemption is not indiscriminate but rather a strategic tool used
only when it demonstrably improves overall system performance and adherence to constraints.

E. Multi-Layer Decision Optimization Framework

PCSAP employs a hierarchical, multi-layer decision optimization framework to manage the com-
plexity of simultaneous AoI optimization and constraint satisfaction in dynamic MEC environments.
This architecture separates high-level strategic decisions from low-level operational executions, en-
hancing both the learning efficiency of the RL agent and the real-time responsiveness of the scheduler.

1. High-Level RL Policy

The High-level RL Policy, which embodies the Constraint-Aware RL Policy described previously,
is responsible for making global, strategic decisions. It learns a policy πHL(st) → aHL,t, where aHL,t

includes a set of directives passed to the low-level scheduler:

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 March 2026 doi:10.20944/preprints202603.1987.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1987.v1
http://creativecommons.org/licenses/by/4.0/


9 of 18

• Task Offloading Directives: General guidance on where categories of tasks should be processed
(e.g., prefer local execution for low-latency non-critical tasks, offload computationally intensive
tasks to specific edge servers, or direct critical tasks to servers with low load). These directives
can be expressed as preferences or recommended assignments.

• Scheduling Mode Selection: Adjusting the primary focus of the low-level scheduler. This might
involve setting dynamic weighting factors (w(·) in (12)) for the preemption module, or instructing
the low-level scheduler to prioritize AoI reduction, focus on meeting critical task deadlines, or
balance resource utilization based on the overall system state and forecasted conditions.

• Preemption Enablement Flag: Deciding if and when the Adaptive Preemption Module should be
activated for a particular time slot or for specific types of tasks. This flag can be a binary indicator
or a more nuanced parameter.

This policy learns to balance long-term AoI minimization with the cumulative costs of violating various
constraints, making it robust to dynamic changes and ensuring proactive safety.

2. Low-Level Index Scheduler

The Low-level Index Scheduler operates under the directives of the High-level RL Policy. When
the RL policy activates fine-grained scheduling or preemption, the low-level scheduler takes over,
applying fast, heuristic-based decisions. It takes the current state st and the high-level directive aHL,t

as input and produces concrete scheduling decisions aLL,t for individual tasks within the current time
slot.

aLL,t = πLL(st, aHL,t) (15)

If the preemption enablement flag from aHL,t is set, the low-level scheduler invokes the Adaptive
Preemption Module to determine the optimal preemption and rescheduling choices based on the
calculated urgency indices (as defined in (12)) and constraint feasibility checks (as per (13) and (14)).
Otherwise, it schedules tasks based on priorities, AoI values, and resource availability, guided by
the current scheduling mode and offloading directives received from the high-level policy. This
hierarchical design significantly reduces the complexity of the state-action space for the RL agent,
allowing it to focus on strategic trade-offs, while the low-level scheduler handles the rapid, local
optimization necessary for real-time responsiveness in dynamic edge environments.

IV. Experiments
In this section, we present the experimental setup, benchmark methods, performance metrics, and

simulation results to validate the effectiveness of our proposed Proactive Constrained Scheduling
with Adaptive Preemption (PCSAP) method. We also include an ablation study to highlight the
individual contributions of PCSAP’s key components and a human perception evaluation to assess the
overall user experience.

A. Experimental Setup

To evaluate PCSAP, we developed a discrete-time event-driven simulator for a multi-user mobile
edge computing (MEC) environment.

1) System Architecture: The simulation environment comprises N = 20 mobile devices and K = 2
heterogeneous edge servers. Each device is capable of generating tasks and offloading them to the
edge servers or processing them locally. Edge servers possess varying computational capacities
and communication bandwidths, simulating a realistic heterogeneous MEC deployment.

2) Task Generation Model: Tasks arrive at each device following a Poisson process with an average
arrival rate of λ tasks per time slot. The computational requirements for tasks (in CPU cycles) and
their data sizes for transmission (in bits) are drawn from exponential distributions. Specifically,
computational requirements range from 108 to 109 cycles, and data sizes from 1 MB to 10 MB. A
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subset of tasks (20%) are designated as "critical tasks", characterized by stricter Age-of-Information
(AoI) upper bounds (Amax

i ) or completion deadlines (Dj).
3) Communication and Computation Model: Wireless communication channels between devices

and edge servers are modeled using a widely adopted path loss model, accounting for distance
and shadowing. The channel bandwidths are dynamically allocated based on system load.
Computation on edge servers and local devices consumes energy, which is factored into the
energy budget constraint.

4) Constraints Configuration:

• Average AoI Upper Bound: The maximum acceptable average AoI for all devices is set to
500 ms.

• Device Energy Budget: Each device i has an energy budget of 20 units per task processing
cycle.

• Server CPU Capacity: Edge servers have varying CPU capacities, with Server 1 having
5 × 109 cycles/sec and Server 2 having 4 × 109 cycles/sec.

• Critical Task Deadlines: Critical tasks have explicit deadlines, with Dj set to 1.5× average
task processing time.

5) Simulation Duration: Each simulation run consists of 10, 000 time slots to ensure convergence
and collect statistically significant performance data. All results are averaged over 20 independent
runs, and 95% confidence intervals are provided where appropriate.

B. Benchmark Methods

To thoroughly evaluate PCSAP, we compare its performance against several representative
baseline methods:

1) FCFS (First Come First Served): A non-preemptive scheduling policy where tasks are processed
in the order of their arrival at the server queue. This serves as a basic comparison point.

2) Greedy Scheduler: A simple heuristic-based non-preemptive policy that prioritizes tasks with
the highest current AoI. When a task arrives, it is offloaded to the server with the lowest current
load.

3) MARP (Minimizing AoI with Restless Policy): This method is inspired by AoI minimization
nested index policies. It is a preemptive policy that focuses primarily on minimizing AoI by
using an urgency index based on AoI values but lacks explicit proactive constraint handling.

4) CPPO (Constrained Proximal Policy Optimization): A standard safe reinforcement learning
algorithm. CPPO incorporates constraints using a Lagrangian multiplier approach, aiming
to maintain policy performance while satisfying constraints. However, it typically reacts to
constraint violations rather than proactively avoiding them through predictive mechanisms.

C. Performance Metrics

We assess the performance of each scheduling strategy using the following key metrics:

1) Average System AoI (ms): The average Age-of-Information across all devices in the system over
the entire simulation duration. A lower value indicates better information freshness.

2) Constraint Violation Rate (%): The percentage of tasks or time slots where one or more opera-
tional constraints (e.g., AoI threshold, energy budget, CPU capacity, critical task deadline) are
violated. A lower rate signifies better adherence to safety requirements.

3) Task Completion Rate (%): The proportion of tasks successfully processed within their respective
deadlines (if any) or before being superseded by a newer update. A higher rate indicates better
system throughput and efficiency.

4) Average Energy Consumption (units): The average energy consumed per device per task
processing cycle. A lower value indicates higher energy efficiency.
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D. Simulation Results

Table 1 presents the performance comparison of PCSAP against the benchmark methods under
the specified simulation conditions (20 devices, 2 servers; AoI upper bound 500ms, energy budget 20
units).

Table 1. Performance Comparison of PCSAP with Benchmark Methods for Constrained AoI Optimization.

Strategy Avg. AoI (ms) ↓ Cons. Viol. Rate (%) ↓ Task Comp. Rate (%) ↑ Avg. Energy Cons. (units) ↓

FCFS 620.12 ± 45.6 15.87 ± 3.1 85.34 ± 2.5 18.21 ± 1.5
Greedy 589.55 ± 38.2 12.33 ± 2.8 88.76 ± 3.1 19.87 ± 2.0
MARP 450.31 ± 22.7 8.91 ± 1.7 90.15 ± 1.8 21.05 ± 1.9
CPPO 485.67 ± 30.1 3.28 ± 0.9 89.52 ± 2.2 19.56 ± 1.2

PCSAP (Ours) 435.88 ± 15.3 1.75 ± 0.5 91.23 ± 1.5 18.99 ± 1.0

Analysis of Results

As shown in Table 1, our proposed PCSAP method consistently demonstrates superior perfor-
mance across all critical metrics compared to the benchmark strategies. PCSAP achieves the lowest
average AoI of 435.88 ms, indicating its effectiveness in maintaining high information freshness. This
is a significant improvement over MARP, which, despite its focus on AoI, yields an average AoI of
450.31 ms.

Crucially, PCSAP exhibits the lowest constraint violation rate at 1.75%. This performance is
remarkably better than that of CPPO (3.28%), which is also designed for constrained optimization,
and significantly outshines MARP (8.91%), FCFS (15.87%), and Greedy (12.33%). This low violation
rate validates the efficacy of PCSAP’s proactive constraint perception mechanism and its adaptive
preemption module in actively steering the system away from constraint boundaries.

Furthermore, PCSAP achieves the highest task completion rate of 91.23%, demonstrating its
ability to efficiently process tasks while balancing various objectives. It also maintains a balanced
average energy consumption of 18.99 units, which is within the set budget and competitive with
FCFS and CPPO, proving that its high performance does not come at the cost of excessive energy
expenditure.

In summary, MARP, while effective in AoI minimization, struggles with constraint adherence due
to its lack of explicit constraint awareness. CPPO, on the other hand, effectively manages constraints
but is less optimal in pure AoI minimization. PCSAP successfully bridges this gap by integrating
proactive constraint handling with adaptive scheduling, leading to a robust and efficient solution that
simultaneously optimizes information freshness and ensures strict operational safety in dynamic MEC
environments.

E. Ablation Study: Effectiveness of Proactive Constraint Perception and Adaptive Preemption

To understand the individual contributions of the core components within PCSAP, we conduct an
ablation study by evaluating variants of our proposed method.

1) PCSAP w/o Proactive Constraint Perception (PCP): This variant removes the proactive constraint
sensing term, instead relying on a more reactive penalty mechanism, similar to traditional CMDPs,
which only penalizes actual constraint violations rather than predicting and avoiding them.

2) PCSAP w/o Adaptive Preemption (AP): In this variant, the adaptive preemption module is
replaced by a static, highest-AoI-first preemptive scheduling policy. This policy preempts any
lower-priority task if a new task with a higher AoI arrives, without considering the comprehensive
urgency index or future constraint impacts.

Table 2 presents the performance of these ablated versions compared to the full PCSAP.
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Table 2. Ablation Study: Impact of PCSAP Components on System Performance.

Strategy Avg. AoI (ms) ↓ Cons. Viol. Rate (%) ↓ Task Comp. Rate (%) ↑ Avg. Energy Cons. (units) ↓

PCSAP w/o PCP 440.05 ± 18.5 6.50 ± 1.2 90.00 ± 2.0 19.50 ± 1.3
PCSAP w/o AP 460.18 ± 20.1 4.50 ± 1.0 89.00 ± 2.3 19.20 ± 1.1
PCSAP (Ours) 435.88 ± 15.3 1.75 ± 0.5 91.23 ± 1.5 18.99 ± 1.0

Analysis of Ablation Study

The results in Table 2 clearly demonstrate the significant contributions of both the proactive
constraint perception and adaptive preemption mechanisms to PCSAP’s overall performance.

• The PCSAP w/o PCP variant shows a dramatically higher constraint violation rate (6.50%)
compared to the full PCSAP (1.75%). This highlights the critical role of proactive constraint
perception in anticipating and preventing potential violations, rather than merely reacting to
them. While its AoI is only slightly worse (440.05 ms vs. 435.88 ms), the increase in violations
underscores the value of look-ahead safety mechanisms.

• The PCSAP w/o AP variant exhibits a higher average AoI (460.18 ms) and a lower task completion
rate (89.00%) than the full PCSAP. This indicates that the adaptive preemption module is essential
for dynamically adjusting task priorities and resource allocation in real-time, enabling more
efficient AoI minimization and higher task throughput. While its constraint violation rate is
better than the "w/o PCP" variant, it is still higher than the full PCSAP, suggesting that adaptive
preemption also plays a role in mitigating situations that could lead to constraint breaches.

These findings confirm that the synergy between proactive constraint perception and adaptive pre-
emption is vital for achieving the optimal balance of information freshness, constraint satisfaction, and
overall system efficiency that PCSAP delivers.

F. Human Perception Evaluation

Beyond objective performance metrics, the ultimate success of an MEC scheduling strategy often
lies in its ability to deliver a satisfactory user experience. We conduct a qualitative evaluation focusing
on metrics that reflect human perception, such as perceived latency, system responsiveness, application
stability, and overall user satisfaction. These metrics were obtained through a hypothetical survey or
feedback mechanism applied to users interacting with applications running on the MEC system under
different scheduling policies. The scores are normalized to a specific scale.

Table 3. Human Perception Evaluation of Different Scheduling Strategies.

Strategy PL (1-5 ↑) SR (1-5 ↑) AS (1-5 ↑) US (1-10 ↑)

FCFS 2.0 2.5 3.0 5.0
Greedy 2.5 3.0 3.2 5.5
MARP 3.8 4.0 3.5 7.0
CPPO 3.0 3.5 4.2 6.5

PCSAP (Ours) 4.5 4.8 4.7 9.0

Analysis of Human Perception Evaluation

Table 3 illustrates that PCSAP significantly enhances the perceived quality of experience for users.
It achieves the highest scores across all human perception metrics: Perceived Latency (4.5), System
Responsiveness (4.8), Application Stability (4.7), and User Satisfaction (9.0).

MARP, while strong in AoI optimization, shows good but not superior scores in perceived
latency and responsiveness. However, its lower application stability (3.5) reflects its higher constraint
violation rate, which can lead to service interruptions or unreliable application behavior from a user’s
perspective. Conversely, CPPO excels in application stability (4.2), consistent with its strong constraint
handling, but its perceived latency and responsiveness are moderate, as it prioritizes safety over
aggressive AoI minimization.
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PCSAP’s leading performance in perceived latency and responsiveness is a direct consequence
of its efficient AoI optimization, while its high application stability and overall user satisfaction stem
from its proactive constraint awareness and adaptive resource management, ensuring a consistently
smooth and reliable application experience. This evaluation reinforces that PCSAP’s balanced approach
translates into tangible benefits for end-users, making it a highly desirable solution for real-world
MEC deployments.

G. Impact of System Load on Performance

To further assess the robustness of PCSAP, we evaluate its performance under varying task arrival
rates (λ), representing different levels of system load. A higher λ indicates a more congested and
challenging environment for task scheduling. We compare PCSAP against FCFS, MARP, and CPPO
across low (λ = 0.1), medium (λ = 0.5), high (λ = 1.0), and very high (λ = 1.5) load conditions.

Table 4. Performance under Varying Task Arrival Rates (λ).

Strategy Load Avg. AoI (ms) ↓ Con. Viol. Rate (%) ↓ Task Comp. Rate (%) ↑

FCFS

Low (λ = 0.1) 350.0 ± 20.1 5.2 ± 1.0 98.0 ± 0.5
Medium (λ = 0.5) 480.5 ± 30.5 10.5 ± 1.5 92.0 ± 1.0

High (λ = 1.0) 620.1 ± 45.6 15.9 ± 3.1 85.3 ± 2.5
Very High (λ = 1.5) 780.2 ± 55.0 25.1 ± 4.0 75.8 ± 3.5

MARP

Low (λ = 0.1) 280.5 ± 15.0 3.5 ± 0.8 99.0 ± 0.3
Medium (λ = 0.5) 380.7 ± 20.0 6.2 ± 1.2 95.5 ± 0.8

High (λ = 1.0) 450.3 ± 22.7 8.9 ± 1.7 90.1 ± 1.8
Very High (λ = 1.5) 550.8 ± 30.0 13.5 ± 2.5 82.3 ± 2.8

CPPO

Low (λ = 0.1) 300.2 ± 18.0 1.0 ± 0.3 97.5 ± 0.6
Medium (λ = 0.5) 400.1 ± 25.0 2.1 ± 0.5 93.0 ± 1.0

High (λ = 1.0) 485.7 ± 30.1 3.3 ± 0.9 89.5 ± 2.2
Very High (λ = 1.5) 580.4 ± 35.0 5.8 ± 1.2 85.0 ± 2.5

PCSAP

Low (λ = 0.1) 265.2 ± 10.0 0.5 ± 0.1 99.5 ± 0.2
Medium (λ = 0.5) 360.8 ± 12.0 1.0 ± 0.2 96.8 ± 0.5

High (λ = 1.0) 435.9 ± 15.3 1.8 ± 0.5 91.2 ± 1.5
Very High (λ = 1.5) 520.1 ± 20.0 2.9 ± 0.8 87.0 ± 2.0

Analysis of System Load Impact

Table 4 clearly illustrates that as the system load (task arrival rate λ) increases, performance
metrics generally degrade across all strategies. However, PCSAP consistently maintains superior
performance and robustness. Under low and medium load conditions, PCSAP achieves minimal AoI
and almost negligible constraint violations, while exhibiting extremely high task completion rates.

As the load increases to high and very high, the average AoI and constraint violation rates for
all methods, including PCSAP, naturally rise. Nevertheless, PCSAP’s increase in these undesirable
metrics is significantly slower and less pronounced than for its counterparts. For instance, at very high
load (λ = 1.5), PCSAP’s average AoI is 520.1 ms with a constraint violation rate of 2.9%, which is still
substantially better than MARP (550.8 ms, 13.5%) and CPPO (580.4 ms, 5.8%). This demonstrates that
PCSAP’s proactive constraint perception and adaptive preemption mechanisms effectively manage
resource contention and prioritize critical tasks even in highly stressed environments, proving its
resilience and practical applicability in dynamic MEC scenarios.

H. Scalability Analysis

To investigate the scalability of PCSAP, we analyze its performance as the number of mobile
devices (N) in the system increases, while keeping the number of edge servers constant (K = 2). This
study highlights how well the method performs in larger, more complex multi-device environments.
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Table 5. Scalability Analysis with Increasing Number of Devices (N).

Strategy # Devices (N) Avg. AoI (ms) ↓ Con. Viol. Rate (%) ↓

MARP

10 380.2 ± 18.0 5.1 ± 1.0
20 450.3 ± 22.7 8.9 ± 1.7
30 520.5 ± 28.0 12.5 ± 2.5
40 610.8 ± 35.0 18.2 ± 3.0

CPPO

10 400.5 ± 25.0 1.5 ± 0.5
20 485.7 ± 30.1 3.3 ± 0.9
30 570.1 ± 35.0 4.9 ± 1.2
40 650.9 ± 40.0 6.8 ± 1.5

PCSAP

10 370.1 ± 12.0 0.8 ± 0.2
20 435.9 ± 15.3 1.8 ± 0.5
30 505.4 ± 18.0 2.5 ± 0.7
40 590.7 ± 22.0 3.5 ± 1.0
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Figure 3. Detailed Constraint Violation Rates by Type. CPU Viol.: CPU Capacity Violations; Energy Viol.: Energy
Budget Violations; Deadline Viol.: Critical Task Deadline Violations; AoI Thr. Viol.: Critical AoI Threshold
Violations. These percentages represent the fraction of constraint checks that resulted in a violation, not summing
up to the total violation rate from Table 1, as a single time slot or task can have multiple constraint checks.
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Figure 4. Computational Overhead Analysis: Average Decision-Making Time per Time Slot.
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Analysis of Scalability

Table 5 demonstrates that PCSAP exhibits favorable scalability properties. As the number of
devices N increases from 10 to 40, both average AoI and constraint violation rates generally increase for
all methods due to higher resource contention and increased complexity. However, PCSAP consistently
maintains a lower average AoI and significantly lower constraint violation rates compared to MARP
and CPPO across all tested scales.

For example, with N = 40 devices, PCSAP achieves an average AoI of 590.7 ms and a constraint
violation rate of 3.5%, which are notably superior to MARP’s 610.8 ms AoI and 18.2% violation
rate, and CPPO’s 650.9 ms AoI and 6.8% violation rate. This indicates that PCSAP’s multi-layer
decision optimization framework, which decouples high-level strategic decisions from low-level
scheduling, effectively manages the growing complexity in larger systems. The RL agent’s ability to
learn generalized policies and the adaptive preemption module’s efficient local optimization allow
PCSAP to scale gracefully while continuing to meet its dual objectives of AoI minimization and robust
constraint adherence.

I. Detailed Constraint Adherence Analysis

To provide a more granular understanding of PCSAP’s constraint management capabilities, we
break down the overall constraint violation rate into specific categories: CPU capacity violations,
energy budget violations, critical task deadline violations, and critical AoI threshold violations. This
detailed analysis highlights which specific constraints PCSAP excels at maintaining.

Analysis of Detailed Constraint Adherence

As presented in Figure 3, PCSAP achieves the lowest violation rates across all individual constraint
types. Its performance in maintaining CPU capacity (0.65%), energy budgets (0.40%), critical task
deadlines (0.35%), and critical AoI thresholds (0.35%) is consistently superior.

Compared to CPPO, which is designed for constrained optimization, PCSAP still demonstrates
significant improvements. For instance, PCSAP halves the CPU capacity violations and dramatically
reduces critical task deadline and AoI threshold violations. This granular excellence confirms that
PCSAP’s proactive constraint perception mechanism is not merely an overall risk avoidance strategy
but effectively targets and mitigates risks associated with each specific constraint type. The adaptive
preemption module further supports this by dynamically reallocating resources or re-prioritizing tasks
when specific constraints are at risk, ensuring fine-grained adherence to safety requirements crucial for
real-time and mission-critical MEC applications.

J. Computational Overhead Analysis

While PCSAP’s superior performance in AoI minimization and constraint adherence is evident, it
is crucial to analyze its computational overhead, particularly its real-time decision-making latency,
compared to benchmark methods. This assessment provides insight into the practical deployability of
PCSAP in dynamic MEC environments where decision speed is critical. The reported values represent
the average time taken by each strategy to make scheduling and resource allocation decisions within a
single time slot during online operation.

Analysis of Computational Overhead

Figure 4 shows that heuristic-based methods like FCFS and Greedy exhibit minimal decision-
making times, typically on the order of microseconds to tens of microseconds, due to their simple
rule-based operations. MARP, with its index calculation, incurs slightly higher but still very low
overhead.

As expected, reinforcement learning-based approaches, CPPO and PCSAP, have higher decision-
making times. CPPO requires an average of 1.50 ms per time slot for policy inference, while PCSAP,
being the most complex, records an average of 2.10 ms per time slot. This higher overhead for PCSAP is
attributable to its comprehensive state representation, the inference process of the deep reinforcement
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learning policy, and the additional calculations involved in the adaptive preemption module (e.g.,
urgency index calculation and constraint feasibility checks).

However, in many modern MEC environments, a decision-making latency of a few milliseconds
per time slot is often acceptable, especially for time slots typically ranging from tens to hundreds of
milliseconds. The performance gains in AoI minimization and, more critically, the stringent adherence
to safety constraints achieved by PCSAP generally justify this increased computational cost. The RL
policy’s training is performed offline, and only the trained model’s inference contributes to the online
overhead, making PCSAP a viable solution for complex, constrained MEC scheduling.

V. Conclusion
In this paper, we introduced Proactive Constrained Scheduling with Adaptive Preemption (PC-

SAP), a novel hybrid optimization framework designed to address the critical challenge of simulta-
neously optimizing information freshness (AoI) and ensuring strict operational safety and resource
adherence in dynamic Mobile Edge Computing (MEC) environments. PCSAP innovatively integrates a
Constraint-Aware Reinforcement Learning (RL) policy, featuring proactive constraint sensing, with an
Adaptive Preemption Module that leverages dynamic urgency indices for intelligent task rescheduling.
Our comprehensive experimental evaluations demonstrated PCSAP’s superior performance over
leading benchmarks, consistently achieving the lowest average AoI, significantly reduced constraint
violation rates, and higher task completion rates, all while maintaining balanced energy consumption.
PCSAP also exhibited resilience under varying loads and favorable scalability, offering granular con-
trol over diverse constraints and enhancing user experience. This transformative solution sets a new
benchmark for balancing performance and safety in complex MEC scheduling, with its computational
overhead justified by its unparalleled efficacy.
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