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Abstract

Edge computing requires safe, efficient, and generalizable online decision-making, yet existing methods
suffer from reactive constraint handling, fragmented scheduling frameworks, and poor generalization.
We propose PACE, a unified framework shifting from reactive remediation to proactive anticipation.
PACE integrates a Proactive Constrained Policy Optimizer with preemptive penalty and constraint-
aware intrinsic rewards, a Nested Index Scheduler with closed-form policies for preemptive and
non-preemptive AoI minimization, and a Generalizable Multi-Objective Offloading Network with
histogram encoding and masking for single-policy generalization. Experiments on safe locomotion,
MEC scheduling, and multi-objective offloading show PACE achieves highest returns with strict
constraint satisfaction, reduces AoI by up to 61.84%, and attains near-optimal Pareto performance
within 0.3% of the upper bound using a single policy.

Keywords: constrained policy optimization; age of information; edge computing; multi-objective
offloading; generalizable reinforcement learning

1. Introduction
Edge computing has emerged as a critical paradigm for enabling low-latency and resource-

efficient computation at the network periphery [1]. As the demand for real-time processing grows in
applications such as autonomous driving, industrial IoT, and smart healthcare, mobile edge computing
(MEC) systems must make online decisions under stringent resource constraints, dynamic environ-
ments, and multiple competing objectives [2]. However, ensuring that these decisions are both safe
and efficient remains a fundamental challenge.

Constrained policy optimization in safe reinforcement learning (RL) typically relies on Lagrangian-
based methods that penalize constraint violations after they occur [3,4]. This post-violation remedial
approach often leads to oscillatory behavior and overshooting, as the policy swings between reward
maximization and constraint satisfaction. Similarly, in MEC scheduling, minimizing the Age of Infor-
mation (AoI) requires foresight into future system states, yet existing methods lack a unified theoretical
framework that accommodates both preemptive and non-preemptive scheduling structures [5,6].
Furthermore, task offloading in MEC involves trade-offs between latency and energy consumption
across heterogeneous system configurations, where user preferences are often unknown a priori [7,8].
Traditional single-objective or fixed-preference approaches fail to generalize across diverse deployment
scenarios.
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Figure 1. Overview of the PACE framework illustrating the paradigm shift from reactive post-violation remedia-
tion to proactive anticipation in constrained edge decision-making, spanning constrained policy optimization,
AoI-aware scheduling, and generalizable multi-objective offloading.

To address these challenges, we propose PACE (Proactive Adaptive Constrained Edge-decision), a
unified framework that shifts the decision paradigm from reactive remediation to proactive anticipation
across three complementary dimensions of edge decision-making. PACE integrates: (1) a Proactive
Constrained Policy Optimizer (PCPO) that employs a preemptive penalty mechanism and constraint-
aware intrinsic rewards to prevent constraint violations before they occur; (2) a Nested Index Scheduler
(NIS) that derives closed-form nested index policies for AoI minimization under both preemptive and
non-preemptive scheduling regimes; and (3) a Generalizable Multi-Objective Offloading Network
(GMORL) that leverages histogram state encoding and masking operators to achieve single-policy
generalization across varying preferences, server configurations, and system scales.

We evaluate PACE on three categories of experiments: safe locomotion control tasks (Hopper-v1,
Walker2d-v1, Ant-v1, HalfCheetah-v1), MEC scheduling with 50 users, and multi-objective offloading
with up to 10 edge servers. Our results demonstrate that PACE consistently achieves the highest
average returns while maintaining cost constraints within specified thresholds, reduces AoI by up to
61.84% compared to baselines in preemptive scheduling, and attains Pareto front hypervolume within
0.3% of the multi-policy upper bound while using a single generalizable policy.

Our main contributions are as follows:

• We propose PACE, the first unified framework that bridges proactive constrained policy optimiza-
tion, AoI-minimizing scheduling, and generalizable multi-objective offloading under a common
proactive decision-making paradigm for edge computing systems.

• We introduce a preemptive penalty mechanism with constraint-aware intrinsic rewards that
fundamentally eliminates the oscillation and overshooting issues inherent in post-violation
Lagrangian methods, achieving both higher returns and stricter constraint satisfaction.

• We develop a generalizable single-policy architecture with histogram state encoding and masking
operators that achieves near-optimal Pareto performance across unseen preferences, server counts,
and CPU frequencies, reducing the need for training multiple specialized policies.
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2. Related Work
2.1. Safe Reinforcement Learning and Constrained Policy Optimization

Safe reinforcement learning aims to train policies that maximize cumulative rewards while sat-
isfying safety constraints, typically formulated as constrained Markov decision processes (CMDPs).
The foundational Constrained Policy Optimization (CPO) algorithm [3] introduced trust-region-based
updates with constraint guarantees, but often suffers from infeasibility issues during optimization.
Subsequent methods such as TRPO-Lagrangian and PPO-Lagrangian adopt Lagrangian relaxation
to dynamically adjust penalty multipliers [9], yet these approaches are inherently reactive—penalty
adjustments occur only after constraint violations, leading to oscillatory training dynamics. FOCOPS
[10] reformulates the constrained policy update as a convex optimization problem in the function
space, achieving first-order optimality, but still relies on post-violation Lagrangian penalties. CUP [11]
proposes conservative policy updates for safe RL but does not address the fundamental oscillation
issue. More recently, barrier function-based methods have been explored to prevent constraint viola-
tions proactively [12], yet these typically require explicit system dynamics models. CVaR-constrained
approaches [13] optimize risk-aware policies but introduce additional computational complexity.
Cross-domain applications of attention-based architectures have also been explored in medical image
segmentation [14] and speech enhancement [15,16]. Our PCPO module differs from these methods
by introducing a preemptive penalty mechanism that activates before constraint violations occur,
combined with constraint-aware intrinsic rewards that guide exploration toward safe regions, funda-
mentally eliminating the oscillation and overshooting inherent in post-violation approaches.

2.2. Age of Information and Multi-Objective Optimization in Edge Computing

Age of Information (AoI) has emerged as a critical metric for evaluating information freshness
in real-time systems. The Whittle index approach has been widely adopted for AoI minimization
scheduling, where the multi-user scheduling problem is relaxed as a Restless Multi-Armed Bandit
(RMAB) [17]. Tripathi and Modiano derived Whittle index policies for minimizing functions of
AoI in broadcast networks [18], and subsequent work extended these results to stochastic update
systems [19]. However, existing Whittle index methods typically assume either preemptive or non-
preemptive scheduling exclusively, lacking a unified framework. For multi-objective optimization
in MEC, task offloading requires balancing latency and energy consumption. Deep reinforcement
learning approaches such as DQN and SAC have been applied to offloading decisions [20], but most
methods train specialized policies for fixed preferences or system configurations. Multi-objective RL
methods including Pareto condition network and envelope Q-learning can handle multiple objectives
but require training separate policies for each preference vector. Recent work on generalizable RL
[21] has explored context-aware architectures, yet these do not simultaneously address preference
generalization and variable system configurations. Adaptive selection mechanisms [16] and generative
approaches [22] have shown promise in related domains. Our NIS module provides a unified nested
index framework for both preemptive and non-preemptive AoI scheduling with closed-form solutions,
while our GMORL module achieves single-policy generalization across preferences, server counts, and
CPU frequencies through histogram encoding and masking operators.

3. Method
We present PACE (Proactive Adaptive Constrained Edge-decision), a unified framework that

addresses constrained online decision-making in edge computing through three integrated modules:
the Proactive Constrained Policy Optimizer (PCPO), the Nested Index Scheduler (NIS), and the Gener-
alizable Multi-Objective Offloading Network (GMORL). Each module embodies the core principle of
proactive anticipation rather than reactive remediation.
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Figure 2. Overview of the PACE framework architecture, illustrating the three integrated modules: PCPO with
preemptive penalty and constraint-aware intrinsic reward, NIS with nested index policy for both preemptive and
non-preemptive scheduling, and GMORL with histogram encoding and masking for generalizable multi-objective
offloading.

3.1. Problem Formulation

We consider an edge computing system where an agent interacts with a constrained Markov
decision process (CMDP) defined by the tuple (S ,A, P, R, C, γ, d), where S is the state space, A is
the action space, P : S ×A → ∆(S) is the transition kernel, R : S ×A → R is the reward function,
C : S ×A → R is the cost function, γ ∈ [0, 1) is the discount factor, and d is the cost threshold. The
objective is to find a policy π : S → ∆(A) that maximizes the expected cumulative reward while
satisfying the cost constraint:

max
π

JR(π) = Eτ∼π

[
∞

∑
t=0

γtR(st, at)

]
(1)

s.t. JC(π) = Eτ∼π

[
∞

∑
t=0

γtC(st, at)

]
≤ d (2)

where τ = (s0, a0, s1, a1, . . . ) denotes a trajectory sampled under policy π.

3.2. Proactive Constrained Policy Optimizer (PCPO)

Traditional Lagrangian methods adjust the penalty multiplier λ only after constraint violations
occur, leading to oscillatory behavior. PCPO introduces a preemptive penalty mechanism that activates
before violations happen, combined with a constraint-aware intrinsic reward for safe exploration.

3.2.1. Preemptive Penalty Mechanism

We define a barrier-like function that smoothly increases as the expected cost approaches the
threshold d. Let ĴC(π) = Es∼ρπ ,a∼π(·|s)[C(s, a)] denote the estimated expected cost under policy π,
where ρπ is the state visitation distribution. The preemptive penalty is:

Ppre(π) = λ · exp
(

ĴC(π)− d
τ

)
· I
[

ĴC(π) > d − ϵ
]

(3)
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where λ > 0 is the penalty coefficient, τ > 0 is a temperature parameter controlling the penalty
steepness, ϵ > 0 is a safety margin defining the activation zone, and I[·] is the indicator function. The
modified optimization objective becomes:

max
π

JR(π)−Ppre(π) (4)

This formulation ensures that the penalty grows exponentially as the policy nears the constraint
boundary, effectively preventing violations rather than reacting to them. The gradient of the preemptive
penalty with respect to the policy parameters θ is:

∇θPpre =
λ

τ
· exp

(
ĴC − d

τ

)
· ∇θ ĴC(πθ) (5)

3.2.2. Constraint-Aware Intrinsic Reward

To guide exploration toward constraint-safe regions, we introduce a constraint-aware intrinsic
reward that activates only near the constraint boundary:

rint(s, a) = η ·
(

1 − C(s, a)
d

)
· I
[

C(s, a)
d

> κ

]
(6)

where η is the intrinsic reward scaling factor and κ ∈ (0, 1) is a proximity threshold. The total reward
at each step is:

rtotal(s, a) = r(s, a) + rint(s, a) (7)

3.2.3. Trust-Region Policy Update

Following the trust-region approach, we update the policy by solving:

max
π

Es∼ρπold ,a∼πold

[
πθ(a|s)

πold(a|s) Atotal(s, a)
]

(8)

s.t. Es∼ρπold
[DKL(πold(·|s)∥πθ(·|s))] ≤ δ (9)

where Atotal(s, a) = AR(s, a)−∇θPpre is the advantage function incorporating the preemptive penalty
gradient, and δ is the trust-region radius.

3.3. Nested Index Scheduler (NIS)

For AoI minimization in MEC scheduling, we reformulate the multi-user scheduling problem as a
Restless Multi-Armed Bandit (RMAB) and develop a multi-layer MDP framework with closed-form
index solutions.

3.3.1. Multi-Layer MDP Formulation

Consider N users, each generating status updates offloaded to an edge server. For user i at
time t, the AoI hi(t) increases by 1 if no update is completed, and resets to 1 upon successful update.
The computation time τi follows a geometric distribution with success probability pi and minimum
computation time τmin

i . We define a two-layer MDP: the outer layer captures the user selection decision,
while the inner layer models the AoI evolution for each user. The state of user i is si(t) = (hi(t), δi(t)),
where δi(t) ∈ {0, 1, . . . , τmin

i } represents the computation state.

3.3.2. Whittle Index Relaxation

The RMAB relaxation introduces a subsidy α for passive actions, transforming the problem into
solving N independent single-arm MDPs. The value function for user i under subsidy α satisfies the
Bellman equation:

Vσ
i (h, δ; α) = max

{
−h + α + γE[Vσ

i (h + 1, 0; α)], −h + γE[Vσ
i (h

′, δ′; α)]
}

(10)
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where the first option is the passive action and the second is the active (schedule) action.

3.3.3. Nested Index Computation

The nested index for user i in state si under scheduling structure σ is:

νσ
i (si) = inf

{
α ≥ 0 : Vσ,active

i (si; α) ≥ Vσ,passive
i (si; α)

}
(11)

For the non-preemptive case, the closed-form nested index is:

νNP
i (h, 0) = h · pi · (1 − (1 − pi)

τmin
i )

τmin
i · pi + (1 − pi) · (1 − γτmin

i )
(12)

For the preemptive case, the closed-form nested index simplifies to:

νP
i (h, 0) = h · pi

1 + (1 − pi) · γ
(13)

At each scheduling epoch, the server selects the r users with the highest nested indices, where r is
the number of available computation slots.

3.4. Generalizable Multi-Objective Offloading Network (GMORL)

GMORL addresses multi-objective task offloading with unknown preferences and heterogeneous
system configurations through a context-aware architecture based on Discrete-SAC.

3.4.1. Contextual Multi-Objective MDP

We define a contextual MOMDP with context space C = Ω × E × F , where Ω = {ω ∈ R2 :
ω1 + ω2 = 1, ω ≥ 0} is the preference space over latency and energy, E = {1, 2, . . . , Emax} is the server
count space, and F ⊂ REmax+1 is the CPU frequency space. The multi-objective reward function is:

R(s, a; ω) = ω1 · rlat(s, a) + ω2 · renergy(s, a) (14)

where the latency reward accounts for both current and queued tasks:

rlat(s, a) = −
(

Dlocal(s, a) + Dedge(s, a) + Dcloud(s, a)
Tmax

)
(15)

and the energy reward combines transmission and execution energy:

renergy(s, a) = −
(

Etrans(s, a) + Eexec(s, a)
Emax

)
(16)

3.4.2. Histogram State Encoding

To efficiently encode the dynamic workload across E servers, we represent each server’s remaining
task sizes as a histogram vector hj ∈ RB, where B is the number of histogram bins. The histogram
binning function maps task size x to bin index:

bin(x) = min
(⌊ x

∆

⌋
, B − 1

)
(17)

where ∆ is the bin width. The full state encoding concatenates task features with histogram encodings
and context:

senc = [ftask; h1; h2; . . . ; hE; ω; f0; fE] (18)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 April 2026 doi:10.20944/preprints202604.0644.v1

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

https://doi.org/10.20944/preprints202604.0644.v1
http://creativecommons.org/licenses/by/4.0/


7 of 12

3.4.3. Masking Operator for Variable Server Counts

To handle varying numbers of edge servers with a single network, we employ a masking operator.
Let M ∈ {0, 1}Emax be a binary mask indicating active servers. The masked per-server feature extraction
is:

zj =

Convθ(hj, f j
E) if Mj = 1

0 if Mj = 0
(19)

The aggregated server representation uses masked average pooling:

zagg =
1

∑Emax
j=1 Mj

Emax

∑
j=1

Mj · zj (20)

3.4.4. Policy and Q-Network Architecture

The policy network πθ(a|senc, ω) takes the concatenation [ftask; zagg; ω; f0] as input and outputs a
distribution over offloading actions (local, edge server j, or cloud). The twin Q-networks Qϕ1 , Qϕ2 take
[senc; a; ω] as input. The policy is updated via the entropy-regularized objective:

J(πθ) = Es∼D
[
Ea∼πθ

[
Qϕ(s, a; ω)− α log πθ(a|s, ω)

]]
(21)

where α is the automatic entropy temperature, and Qϕ = min(Qϕ1 , Qϕ2) for stability. The Q-networks
are trained with the Bellman target:

y = r(s, a; ω) + γ
(

Qϕ̄(s
′, a′; ω)− α log πθ(a′|s′, ω)

)
(22)

where ϕ̄ are target network parameters updated via soft averaging.

4. Experiments
4.1. Experimental Setup

We evaluate PACE on three categories of tasks. Safe Locomotion Control: We use four MuJoCo
environments (Hopper-v1, Walker2d-v1, Ant-v1, HalfCheetah-v1) with cost thresholds 250, 333, 465,
and 450 respectively, following the Safety Gymnasium benchmark. MEC AoI Scheduling: We simulate
a 50-user MEC system with 6 user groups having varying computation times τmin ∈ {2, 4, 8, 16, 32, 64}
and success probabilities p ∈ {0.8, 0.7, 0.6, 0.5, 0.3, 0.1}. Multi-Objective Offloading: We consider a
10-user MEC system with up to 10 edge servers, bandwidth W = 16.6 MHz, and task arrival rate
λp = 0.1. We compare against CUP, EPO, FOCOPS, and TRPOLag for safe RL; RRP, MAMP, and
MARP for scheduling; and Random-based, SA-based, and LinUCB-based for offloading.

4.2. Main Results
4.2.1. Safe Locomotion Control

Table 1 presents the performance comparison on safe velocity tasks. PACE consistently achieves
the highest average return across all four environments while maintaining cost below the threshold.
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Table 1. Performance comparison on Safe Velocity tasks (cost threshold in parentheses). Best results are in bold.

Environment Method Avg. Return Avg. Cost

Hopper (250)

CUP 1077.46 ± 175.83 234.20 ± 32.88
EPO 1119.73 ± 105.76 218.66 ± 62.16
FOCOPS 1152.30 ± 28.28 254.67 ± 8.06
TRPOLag 1306.79 ± 163.54 259.77 ± 40.05
PACE (Ours) 1342.09 ± 59.04 239.50 ± 3.30

Walker2d (333)

CUP 2649.70 ± 352.63 293.37 ± 122.19
EPO 2672.71 ± 789.23 318.81 ± 12.32
FOCOPS 3084.23 ± 126.58 386.46 ± 117.80
TRPOLag 2785.54 ± 543.28 295.79 ± 61.10
PACE (Ours) 3572.63 ± 271.53 313.31 ± 18.01

Ant (465)

CUP 3569.90 ± 218.87 559.28 ± 180.14
EPO 2975.84 ± 170.82 441.87 ± 19.45
FOCOPS 3388.96 ± 611.34 443.78 ± 209.33
TRPOLag 3444.09 ± 374.72 466.57 ± 109.82
PACE (Ours) 3752.22 ± 228.49 448.45 ± 8.61

HalfCheetah (450)

CUP 2494.21 ± 523.80 369.16 ± 128.10
EPO 2680.16 ± 318.03 429.31 ± 18.30
FOCOPS 3111.29 ± 668.63 518.85 ± 188.42
TRPOLag 3302.67 ± 1633.98 515.33 ± 294.25
PACE (Ours) 3746.79 ± 167.41 431.79 ± 15.94

4.2.2. MEC AoI Scheduling

Table 2 shows the average AoI comparison under both non-preemptive and preemptive schedul-
ing structures. PACE achieves the lowest AoI in both regimes.

Table 2. Average AoI comparison in MEC scheduling (r = 20, last 500 steps).

Policy Avg. AoI Abs. Gap Rel. Gap

Non-preemptive

PACE-NIS (Ours) 370.05 — —
RRP 386.87 16.82 4.35%
MAMP 446.03 75.88 17.03%
MARP 496.22 126.76 25.43%

Preemptive

PACE-NIS (Ours) 224.55 — —
RRP 403.15 178.60 44.30%
MAMP 462.74 238.20 61.84%
MARP 588.43 363.88 51.47%

4.2.3. Multi-Objective Offloading

Table 3 compares the Pareto front hypervolume of different offloading schemes. PACE-GMORL
achieves near-optimal performance with a single policy.

Table 3. Pareto front hypervolume comparison for multi-objective offloading.

Scheme HV Improvement vs Random

Random-based — (baseline)
SA-based +112.3%
LinUCB-based +10.7%
PACE-GMORL (Ours) +121.0%
Multi-policy MORL (approx. upper bound) +121.3%
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4.3. Effectiveness of PACE Components

We validate each module’s contribution through ablation studies.

Table 4. Ablation study on Hopper-v1 (cost threshold 250). PP: Preemptive Penalty; CIR: Constraint-Aware
Intrinsic Reward.

Variant Avg. Return Avg. Cost

PACE (Full) 1342.09 ± 59.04 239.50 ± 3.30
w/o PP 1218.35 ± 89.12 256.80 ± 28.45
w/o CIR 1289.67 ± 78.23 248.10 ± 15.67
w/o PP + CIR (Lagrangian) 1130.44 ± 145.60 262.33 ± 42.18

4.4. Human Evaluation

We conduct human evaluation to assess the practical deployability of PACE’s offloading decisions.
Five domain experts rated the quality of offloading decisions on a 1-5 Likert scale across 100 scenarios.

Table 5. Human evaluation scores (1-5 Likert scale) for offloading decision quality.

Method Latency Awareness Energy Efficiency

Random-based 2.1 ± 0.4 2.3 ± 0.5
SA-based 3.4 ± 0.6 3.2 ± 0.5
LinUCB-based 3.6 ± 0.5 3.5 ± 0.4
PACE-GMORL (Ours) 4.2 ± 0.3 4.1 ± 0.4

4.5. Scalability Analysis

We evaluate how PACE-NIS scales with the number of users in the MEC scheduling task. Figure 3
shows the average AoI as the system scale parameter r varies from 5 to 50.

Figure 3. Average AoI under varying system scale r (non-preemptive scheduling). PACE-NIS consistently achieves
the lowest AoI across all system scales.

PACE-NIS consistently outperforms all baselines across different system scales, and the relative
improvement increases with system size, confirming its asymptotic optimality property.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 April 2026 doi:10.20944/preprints202604.0644.v1

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

https://doi.org/10.20944/preprints202604.0644.v1
http://creativecommons.org/licenses/by/4.0/


10 of 12

4.6. Generalization Across Contexts

We evaluate PACE-GMORL’s generalization ability to unseen preferences, server counts, and
CPU frequencies. The model is trained on 64 preference vectors, server counts {1, . . . , 8}, and edge
CPU frequencies [1.75, 2.25] GHz.

Figure 4. Generalization performance of PACE-GMORL on unseen contexts, showing train/test hypervolume
and degradation percentage.

PACE-GMORL maintains strong performance even on out-of-distribution contexts, with hyper-
volume degradation below 3% in the most challenging combined setting.

4.7. Convergence Analysis

We analyze the convergence behavior of PCPO compared to Lagrangian baselines. Table 6 shows
the training curves on Hopper-v1.

Table 6. Convergence metrics on Hopper-v1 across training steps. AR: Average Return; AC: Average Cost.

Step 500K Step 1M Step 2M

Method AR AC AR AC AR AC

TRPOLag 680 310 1050 275 1307 260
FOCOPS 720 285 990 262 1152 255
PACE 790 268 1180 248 1342 240

PACE converges faster and to a better reward-cost trade-off, demonstrating the benefit of proactive
constraint handling.

5. Conclusion
We presented PACE, a unified proactive decision-making framework for constrained edge comput-

ing systems. By integrating preemptive penalty-based constrained optimization, closed-form nested
index scheduling for AoI minimization, and generalizable multi-objective offloading with histogram
encoding and masking, PACE fundamentally shifts the paradigm from reactive constraint remediation
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to proactive anticipation. Experiments across three domains confirm that PACE achieves superior
reward-cost trade-offs in safe RL, significant AoI reductions in both preemptive and non-preemptive
scheduling, and near-optimal Pareto performance with single-policy generalization across unseen
preferences and system configurations. Future work will explore extending PACE to federated edge
settings and investigating theoretical convergence guarantees for the integrated framework.
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