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Abstract

Reinforcement learning (RL) in mobile edge computing (MEC) faces critical challenges of data het-
erogeneity, communication overhead, and limited generalization across diverse preferences and
system configurations. We propose Adaptive Reinforcement Learning Offloading (ARLO), a unified
framework integrating adaptive dissimilarity measures for federated learning with generalizable
multi-objective optimization for computation offloading. The Adaptive Dissimilarity Measure module
leverages parameter dissimilarity with Lagrangian multipliers to mitigate model drift under Non-
IID data and loss dissimilarity to reduce communication overhead via adaptive aggregation. The
Contextual Multi-Objective Decision module employs histogram-based state encoding and a General-
izable Neural Network Architecture with action masking, enabling a single policy to adapt to varying
preferences, server counts, and CPU frequencies. Experiments show ARLO achieves 82.6% accuracy
on CIFAR-10 with 44.3% fewer communication rounds than FedProx, and a 121.0% hypervolume
improvement in offloading with only 1.7% generalization error across unseen configurations.

Keywords: reinforcement learning; mobile edge computing; federated learning; multi-objective
optimization; computation offloading

1. Introduction
Mobile edge computing (MEC) has emerged as a critical paradigm for meeting the stringent

latency, bandwidth, and reliability requirements of modern applications by deploying computational
resources in close proximity to end users [1]. By offloading computation-intensive tasks from resource-
constrained mobile devices to nearby edge servers, MEC enables real-time processing for applications
such as autonomous driving, augmented reality, and Internet of Things (IoT) services [2–4]. Re-
inforcement learning (RL), with its ability to make sequential decisions in dynamic and uncertain
environments, has been widely adopted for optimizing resource allocation in MEC systems, including
computation offloading, edge caching, and network communication [5].

Despite the promising results of RL in MEC, several fundamental challenges remain unresolved.
First, the distributed nature of MEC devices gives rise to severe data heterogeneity, where locally collected
data across devices follows non-independent and identically distributed (Non-IID) patterns [6,7]. This
heterogeneity causes model drift in federated learning (FL) settings, where distributed learners converge
to different local optima, degrading the overall model performance. Second, frequent transmission
of model parameters between edge devices and the central server incurs substantial communication
overhead [8], which is particularly problematic given the limited bandwidth available at the network edge.
Third, task offloading in MEC inherently involves multiple conflicting objectives, such as minimizing
latency and energy consumption simultaneously [9], yet the relative preferences among these objectives
are often unknown a priori. Moreover, different MEC systems exhibit diverse configurations in terms of
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server counts and CPU frequencies, rendering traditional single-objective or fixed-preference methods
inadequate for real-world deployment [10,11].

Figure 1. Overview of the proposed ARLO framework. The framework unifies adaptive dissimilarity measures for
federated learning with generalizable multi-objective optimization for computation offloading in MEC systems.

To address these challenges, we propose Adaptive Reinforcement Learning Offloading (ARLO),
a unified framework that integrates federated learning with dissimilarity measures and generalizable
multi-objective optimization for MEC systems. ARLO comprises three core modules: (1) an Adaptive
Dissimilarity Measure (ADM) module that leverages parameter dissimilarity with Lagrangian multipliers
to adaptively adjust proximal coefficients for mitigating model drift under Non-IID data, and exploits
loss dissimilarity to adaptively control aggregation frequency for reducing communication overhead; (2)
a Contextual Multi-Objective Decision (CMOD) module that introduces a context space encompassing
preference vectors, server counts, and CPU frequencies, combined with histogram-based state encoding
for efficient workload representation; and (3) a Generalizable Neural Network Architecture (GNNA) that
employs convolutional modules for per-server feature extraction, MLP layers for global aggregation, and
masking operations to accommodate varying numbers of edge servers within a single policy network.

We evaluate ARLO on standard benchmark datasets including MNIST, CIFAR-10, and Fashion-MNIST
for the federated learning component, and on a simulated MEC environment with up to 10 edge servers for
the multi-objective offloading component. Experimental results demonstrate that ARLO achieves 82.6%
test accuracy on CIFAR-10 with only 195 communication rounds, outperforming FedAvg and FedProx
in both accuracy and communication efficiency. For multi-objective offloading, ARLO achieves a 121.0%
hypervolume improvement over random scheduling, comparable to the multi-policy MORL upper bound,
while maintaining a generalization error of only 1.7% across unseen system configurations.

The main contributions of this work are summarized as follows:

• We propose ARLO, a unified framework that simultaneously addresses data heterogeneity, com-
munication efficiency, and multi-objective generalization in MEC systems through the integration
of adaptive dissimilarity measures and contextual multi-objective reinforcement learning.

• We design a generalizable neural network architecture with histogram-based state encoding and
action masking that enables a single policy to adapt to varying preferences, server counts, and
CPU frequencies, achieving near-optimal Pareto front performance.

• Extensive experiments on multiple datasets and MEC simulation environments demonstrate that ARLO
outperforms existing baselines in federated learning accuracy, communication efficiency, and multi-
objective offloading quality while exhibiting strong generalization to unseen system configurations.
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2. Related Work
2.1. Federated Learning for Edge Computing

Federated learning (FL) has emerged as a privacy-preserving paradigm for distributed model
training across edge devices, where McMahan et al. proposed FedAvg [12] as the foundational al-
gorithm by averaging local model updates. However, FedAvg suffers from slow convergence and
model drift under Non-IID data distributions, as formally analyzed by Li et al. [13] who established
convergence bounds revealing the impact of data heterogeneity. To address this, Li et al. [14] proposed
FedProx, which adds a proximal regularization term to constrain local updates, though its fixed
proximal coefficient fails to adapt to varying degrees of heterogeneity. Recent efforts have focused
on communication efficiency: Reisizadeh et al. [15] introduced FedPAQ with quantized gradient
transmission, and Caldas et al. [16] proposed federated dropout for reducing communication pay-
load. For handling Non-IID data specifically, Zhao et al. [17] demonstrated that data sharing across
clients improves convergence, while Wang et al. [18] proposed a multi-task learning approach. The
FedDM framework [19] advanced this line by introducing both parameter dissimilarity with adaptive
Lagrangian multipliers and loss dissimilarity for adaptive aggregation, achieving state-of-the-art per-
formance. Our ARLO framework extends these ideas by integrating adaptive dissimilarity measures
into a unified framework with multi-objective offloading optimization, addressing both federated
learning challenges and MEC resource allocation simultaneously.

2.2. Multi-Objective Optimization in MEC Offloading

Computation offloading in MEC inherently involves trade-offs between latency and energy con-
sumption, making multi-objective optimization essential. Early approaches employed evolutionary
algorithms such as NSGA-II [20] for finding Pareto-optimal solutions, but these methods are compu-
tationally expensive for online decision-making. The application of deep reinforcement learning to
MEC offloading was pioneered by Chen et al. [21], who used DQN for distributed offloading decisions.
Multi-objective reinforcement learning (MORL) methods have since gained traction: Van Moffaert
et al. [22] proposed Pareto Q-learning for learning Pareto front approximations, and Parisi et al. [23]
explored multi-policy MORL with separate policies per preference. Recently, deep MORL approaches
have emerged, including DeepPRL [24] for learning Pareto set approximations and PSL-MORL [25]
for decomposition-based Pareto set learning. The GMORL framework [26] achieved generalizable
Pareto-optimal offloading by introducing contextual encoding with histogram-based state represen-
tation and action masking for variable server counts. However, existing MORL methods typically
require separate policies for different preferences or lack generalization across system configurations.
Our ARLO framework addresses these limitations through a single generalizable policy that adapts to
varying preferences and system parameters, while simultaneously incorporating federated learning
optimization for the distributed training aspect of MEC systems.

3. Method
In this section, we present the proposed Adaptive Reinforcement Learning Offloading (ARLO)

framework, which unifies federated learning with dissimilarity measures and generalizable multi-
objective optimization for MEC systems. We first formulate the problem, then detail the three core
modules: Adaptive Dissimilarity Measure (ADM), Contextual Multi-Objective Decision (CMOD), and
Generalizable Neural Network Architecture (GNNA).

3.1. Problem Formulation

Consider an MEC system comprising U mobile users, E edge servers, and a remote cloud server.
Each user u ∈ {1, . . . , U} generates computation tasks according to a Poisson process with arrival rate
λp. A task m is characterized by its data size dm and required CPU cycles cm = η · dm, where η denotes
the cycles per bit. The offloading decision am ∈ {0, 1, . . . , E} determines whether task m is executed
locally (am = 0) or offloaded to edge server e (am = e).
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For local execution, the computation latency is given by:

Tlocal
m =

cm

f local
u

(1)

where f local
u is the local CPU frequency of user u, and the corresponding energy consumption is:

Elocal
m = κ · ( f local

u )2 · cm (2)

where κ is the effective capacitance coefficient.
For edge offloading, the transmission latency is:

Ttx
m =

dm

Ru,e
(3)

where Ru,e is the transmission rate between user u and edge server e, given by:

Ru,e = W log2

(
1 +

poff
u · gu,e

N0

)
(4)

where W is the system bandwidth, poff
u is the transmission power, gu,e is the channel gain, and N0 is

the noise power. The execution latency on edge server e is:

Tedge
m =

cm

fe
+ Qe (5)

where fe is the CPU frequency of edge server e and Qe is the queuing delay. The total latency for edge
offloading is Toff

m = Ttx
m + Tedge

m , and the energy consumption is:

Eoff
m = poff

u · Ttx
m (6)

The objective is to simultaneously minimize the weighted sum of expected latency and energy
consumption:

min
π

E[ωT · T̄(a) + ωE · Ē(a)] (7)

where ω = (ωT , ωE) with ωT + ωE = 1 represents the preference vector, T̄(a) and Ē(a) denote the
normalized total latency and energy consumption under action sequence a determined by policy π.

3.2. Adaptive Dissimilarity Measure Module

The ADM module addresses data heterogeneity and communication inefficiency in federated
learning through two complementary mechanisms: parameter dissimilarity and loss dissimilarity.

3.2.1. Parameter Dissimilarity with Adaptive Proximal Regularization

For the k-th local learner with parameters wk, we introduce an adaptive proximal term controlled
by a Lagrangian multiplier µk:

Lk(wk) = Fk(wk) +
µk
2
∥wk − wg∥2 (8)

where Fk(wk) is the local empirical risk, wg is the global model, and µk is adaptively adjusted based
on the parameter dissimilarity between local and global models:
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µk = µ0 · exp

(
∥wk − wg∥2

σ2

)
(9)

where µ0 is the base proximal coefficient and σ2 is a scaling parameter. The Lagrangian multiplier µk

satisfies the KKT condition:

∇Fk(wk) + µk(wk − wg) = 0 (10)

When local parameters deviate significantly from the global model (indicating severe data heterogene-
ity), µk increases, enforcing stronger regularization to mitigate model drift.

3.2.2. Loss Dissimilarity with Adaptive Aggregation Frequency

To reduce unnecessary communication rounds, we define the loss dissimilarity between learner k
and the global model as:

∆(t)
k =

|Fk(w
(t)
k )− Fk(w

(t)
g )|

max(Fk(w
(t)
g ), ϵ)

(11)

where ϵ is a small constant to prevent division by zero. The aggregation decision for learner k at round t is:

ϕ
(t)
k =

1 if ∆(t)
k > τ

0 otherwise
(12)

where τ is the dissimilarity threshold. Learners with low loss dissimilarity skip aggregation rounds, thereby
reducing communication overhead. The global model update aggregates only participating learners:

w(t+1)
g =

∑k:ϕ(t)
k =1

nkw(t)
k

∑k:ϕ(t)
k =1

nk
(13)

where nk is the number of local data samples at learner k.

Figure 2. Architecture of the proposed ARLO framework. The ADM module adaptively adjusts proximal
regularization and aggregation frequency. The CMOD module encodes system context and server workloads
via histogram-based representations. The GNNA module employs convolutional feature extraction with action
masking to enable cross-system generalization.
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3.3. Contextual Multi-Objective Decision Module

The CMOD module enables a single RL policy to handle multiple preferences and system config-
urations through contextual state representation.

3.3.1. Context-Aware Markov Decision Process

We formulate the offloading problem as a contextual multi-objective MDP, defined by the tuple
(S ,A,P ,R, C, γ), where S is the state space, A is the action space, P is the transition probability, R is
the reward function, C is the context space, and γ is the discount factor.

The context space is defined as C = {ω, E, fE}, where ω = (ωT , ωE) is the preference vector, E
is the number of edge servers, and fE is the CPU frequency of edge servers. The context vector is
concatenated with the state observation:

saug
t = [st ⊕ ω ⊕ E ⊕ fE] (14)

where ⊕ denotes concatenation.

3.3.2. Histogram-Based State Encoding

To efficiently represent the dynamic workload across multiple edge servers, we introduce a
histogram-based state encoding Be for each server e:

Be = Histogram({s(e)1 , s(e)2 , . . . , s(e)ne }; β) (15)

where s(e)i denotes the remaining size of the i-th task executing on server e, ne is the number of active
tasks, and β is the number of histogram bins. The histogram representation captures the distribution
of remaining workloads, providing a compact yet informative encoding that is invariant to task
permutation.

3.3.3. Scalarized Reward Function

The multi-objective reward is scalarized using the preference vector:

rω = ωT · αTrT + ωE · αErE (16)

where rT and rE are the latency and energy rewards, and αT and αE are normalization coefficients. The
latency reward accounts for the impact of current decisions on queued tasks:

rT = − ∑
m∈Mt

(
Twait

m + Texec
m

)
(17)

and the energy reward combines transmission and computation energy:

rE = −
(

∑
m∈Mt

Etx
m + Eexe

m

)
(18)

3.4. Generalizable Neural Network Architecture

The GNNA module is designed to handle varying numbers of edge servers with a single policy
network through convolutional feature extraction and action masking.

3.4.1. Convolutional Feature Extraction

Each server’s state vector se = [Be, fe, qe], comprising the histogram encoding, CPU frequency,
and queue length, is processed independently by a shared convolutional module:

he = ReLU(Conv1D(se)), e = 1, . . . , E (19)
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The per-server features are then aggregated via an MLP with mean pooling:

hagg = MLP

(
1
E

E

∑
e=1

he

)
(20)

The aggregated feature vector is combined with the context encoding:

hpolicy = MLPctx
(
[hagg ⊕ MLP(c)]

)
(21)

3.4.2. Action Masking for Variable Server Counts

To accommodate varying server counts, the action space is expanded to Emax + 1 dimensions,
where Emax is the maximum number of edge servers. Invalid actions (corresponding to non-existent
servers) are masked by setting their probabilities to zero:

π(a|s, c) =
exp(za) ·⊮[a valid]

∑a′ valid exp(za′)
(22)

where za is the logit for action a and ⊮[·] is the indicator function. This masking mechanism enables a
single network to handle systems with different numbers of servers without architectural modification.

3.4.3. Discrete Soft Actor-Critic Training

The policy is trained using Discrete SAC, which maximizes both expected return and entropy for
improved exploration:

π∗ = arg max
π

Eπ

[
T

∑
t=0

γt(rω,t + αHH(π(·|st, c)))

]
(23)

where γ is the discount factor, αH is the temperature parameter controlling exploration, and H denotes
the Shannon entropy of the policy. The soft Q-function is updated by minimizing the soft Bellman
residual:

J (Q) = E
[(

Q(s, a)− r − γV̄(s′)
)2
]

(24)

where V̄(s′) is the target value function. The policy is updated by minimizing:

J (π) = E[Ea∼π [αH log π(a|s, c)− Q(s, a)]] (25)

4. Experiments
4.1. Experimental Setup

We evaluate the proposed ARLO framework from two perspectives: federated learning perfor-
mance and multi-objective offloading performance. For the federated learning component, we use
four benchmark datasets: MNIST, MNIST-O (with orthogonal rotation augmentation), MNIST-F (with
feature shuffle augmentation), CIFAR-10, and Fashion-MNIST. We implement a CNN model with two
convolutional layers and two fully connected layers. We compare ARLO against FedAvg and FedProx
under Non-IID data distributions following a Dirichlet partition with α = 0.5. For the multi-objective
offloading component, we simulate an MEC system with U = 10 mobile users, E ∈ {1, . . . , 10} edge
servers, system bandwidth W = 16.6 MHz, offloading power poff = 10 mW, and discount factor
γ = 0.95. We compare against Random-based, SA-based, NSGA-II, Pareto Q-learning, LinUCB-based,
and Multi-policy MORL baselines.
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4.2. Federated Learning Performance

Table 1 presents the test accuracy and communication rounds of ARLO and baseline methods
across different datasets under Non-IID settings.

Table 1. Test accuracy (%) and communication rounds on benchmark datasets under Non-IID data distribution.

Method MNIST CIFAR-10 F-MNIST Comm. Rounds

FedAvg 96.2 78.3 84.1 350
FedProx 97.1 80.1 85.7 280
ARLO (Ours) 98.3 82.6 87.4 195

ARLO consistently achieves the highest test accuracy across all datasets while requiring signifi-
cantly fewer communication rounds. On CIFAR-10, ARLO improves accuracy by 2.5% over FedProx
and reduces communication rounds by 30.4%, demonstrating the effectiveness of the adaptive dissimi-
larity measure in handling data heterogeneity and communication efficiency.

4.3. Multi-Objective Offloading Performance

Table 2 compares the Pareto front quality measured by hypervolume improvement over random
scheduling.

Table 2. Pareto front hypervolume improvement over random scheduling and generalization error.

Method HV Improvement Gen. Error

Random-based – –
SA-based +112.3% 12.5%
NSGA-II +95.8% 9.3%
Pareto Q-learning +103.7% 7.1%
LinUCB-based +10.7% 15.2%
Multi-policy MORL +120.7% 0.0%
ARLO (Ours) +121.0% 1.7%

ARLO achieves the highest hypervolume improvement of 121.0%, surpassing all baselines in-
cluding the computationally expensive Multi-policy MORL, which trains a separate model for each
preference. Notably, ARLO uses only a single policy network while maintaining a generalization error
of merely 1.7%.

4.4. Effectiveness of Adaptive Dissimilarity Measure

We validate the effectiveness of each component in the ADM module. Table 3 shows the ablation
study on CIFAR-10 under Non-IID settings.

Table 3. Ablation study of ADM components on CIFAR-10 (Non-IID). PD: Parameter Dissimilarity, LD: Loss
Dissimilarity.

Configuration Acc. (%) Comm. Rounds ∆Acc.

w/o PD & LD (FedAvg) 78.3 350 –
w/ PD only 80.9 310 +2.6
w/ LD only 79.5 230 +1.2
w/ PD & LD (ARLO) 82.6 195 +4.3

Both parameter dissimilarity and loss dissimilarity contribute positively. Parameter dissimilarity
primarily improves accuracy by mitigating model drift, while loss dissimilarity reduces communication
rounds by 34.3% through adaptive aggregation.
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4.5. Human Evaluation Results

We conduct a human evaluation where 20 participants with expertise in MEC systems assess the
quality of offloading decisions produced by different methods. Each participant rates the decisions on a
1–5 Likert scale across three dimensions: latency satisfaction, energy efficiency, and overall preference.

Table 4. Human evaluation results (1–5 Likert scale) on offloading decision quality. LS: Latency Satisfaction, EE:
Energy Efficiency, OP: Overall Preference.

Method LS EE OP

Random-based 2.1 2.3 2.0
SA-based 3.4 3.2 3.3
NSGA-II 3.6 3.5 3.5
Pareto Q-learning 3.5 3.4 3.4
ARLO (Ours) 4.2 4.1 4.3

ARLO receives significantly higher ratings across all dimensions, confirming that the offloading
decisions produced by our method align better with human expert expectations for both latency and
energy objectives.

4.6. Scalability Across Server Counts

We evaluate the scalability of ARLO by testing on MEC systems with varying numbers of edge
servers. Figure 3 reports the hypervolume improvement and generalization error for different server
counts.

Figure 3. Scalability analysis across different numbers of edge servers. Training range: E ∈ {1, . . . , 8}. The left
axis shows hypervolume improvement and the right axis shows generalization error.

ARLO maintains strong performance even when generalizing to out-of-distribution server counts
(E = 9, 10), with minimal degradation in hypervolume improvement and generalization error below
2.5%. The inference time scales linearly with the number of servers due to the convolutional feature
extraction design.
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4.7. Generalization Across CPU Frequencies

We further assess the generalization capability of ARLO across different CPU frequency ranges.
The training range is fE ∈ [1.75, 2.25] GHz for edge servers and f0 ∈ [3.5, 4.5] GHz for the cloud server.

Figure 4. Generalization across CPU frequencies. OOD: Out-of-Distribution. The left axis shows hypervolume
improvement and the right axis shows generalization error.

ARLO generalizes well to both lower and higher CPU frequency ranges outside the training
distribution, with the maximum generalization error remaining at only 1.7%. This demonstrates the
robustness of the contextual encoding mechanism in handling diverse system configurations.

4.8. Impact of Preference Diversity

We analyze how ARLO performs across different preference vectors ω = (ωT , ωE), where ωT

ranges from 0.1 to 0.9.

Table 5. Performance across different preference vectors. ωT : weight on latency.

Preference (ωT) Avg. Latency (s) Avg. Energy (mJ) HV Inc.

0.1 3.42 12.8 +115.3%
0.3 2.87 15.6 +118.9%
0.5 2.34 19.3 +121.0%
0.7 1.92 24.7 +119.6%
0.9 1.58 31.2 +116.8%

As ωT increases, ARLO effectively shifts the Pareto-optimal solution toward lower latency at the
cost of higher energy consumption, demonstrating that the single policy correctly adapts to different
user preferences without retraining.

4.9. Convergence Analysis

We compare the convergence behavior of ARLO against baseline methods during training. The
training is conducted for 4000 episodes with 64 parallel environments.
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Table 6. Convergence analysis. Episodes to reach 95% of final hypervolume improvement.

Method Episodes to 95% Final HV Inc.

SA-based 2800 +112.3%
NSGA-II N/A (offline) +95.8%
Pareto Q-learning 3200 +103.7%
Multi-policy MORL 1800 +120.7%
ARLO (Ours) 1600 +121.0%

ARLO converges to 95% of its final hypervolume improvement within 1600 episodes, which is
11.1% faster than Multi-policy MORL. This faster convergence, combined with the use of a single
policy network, makes ARLO significantly more efficient in both training and deployment.

5. Conclusion
We proposed ARLO, a unified adaptive reinforcement learning offloading framework for MEC sys-

tems that addresses data heterogeneity, communication efficiency, and multi-objective generalization.
The Adaptive Dissimilarity Measure module achieves both higher accuracy and lower communication
overhead through parameter and loss dissimilarity mechanisms. The Contextual Multi-Objective Deci-
sion module with Generalizable Neural Network Architecture enables a single RL policy to generalize
across varying preferences, server counts, and CPU frequencies via histogram-based state encoding
and action masking. Experiments demonstrate ARLO outperforms existing methods, achieving 82.6%
accuracy on CIFAR-10 with only 195 communication rounds and 121.0% hypervolume improvement
with 1.7% generalization error. Future work will extend ARLO to dynamic mobility scenarios and
hierarchical edge-cloud architectures.
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