(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 17, No. 9, 2026

HTBM: A Hybrid-Transformer-Based Method with
Double Deep Q-Learning and Reptile Meta-Learning
for Dynamic MEC Task Offloading

Nouhaila Moussammi'*, Mohamed El Ghmary?

Department of Computer Sciences-Faculty of Sciences, Mohammed V University in Rabat, Morocco

1

ENSAM, Mohammed V University in Rabat, Morocco?

Abstract—Mobile  edge computing (MEC) enables
computation-intensive applications to be processed close to
end users. In dynamic MEC environments, task-offloading
decisions must account for changing communication conditions,
heterogeneous computing resources, and dependencies among
fine-grained subtasks. Conventional reinforcement-learning
approaches may require substantial interaction data and may
suffer from unstable value estimation. This study proposes
a meta-reinforcement-learning framework, termed HTBM
(Hybrid-Transformer-Based Method), for latency-aware task
offloading in dynamic MEC systems. HTBM combines a hybrid-
transformer sequential representation mechanism, Double Deep
Q-Network (DDQN) for discrete offloading decisions, and
the first-order Reptile algorithm for rapid adaptation across
related MEC environments. The system model follows a fine-
grained directed acyclic graph (DAG) representation in which
applications are decomposed into dependent subtasks that can
be executed locally or at an edge server. Experimental evaluation
is conducted under a representative MEC simulation scenario.
Across transmission-rate experiments, a latency reduction of
approximately 2.00% was observed under the evaluated run
configuration compared with GASTO, an existing graph-based
meta-reinforcement-learning offloading method. Additional
experiments examine rapid adaptation, robustness across DAG
topologies, generalization to an unseen topology, inference time,
and an ablation study isolating the contribution of each HTBM
component.

Keywords—Mobile edge computing; task offloading; Double
Deep Q-Network (DDQON); hybrid transformer; deep reinforcement
learning; meta-reinforcement learning; reptile; Directed Acyclic
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I. INTRODUCTION

Mobile edge computing (MEC) brings computation and
storage resources closer to end users and is therefore suitable
for applications with stringent latency requirements [1]. In
such systems, task offloading determines which computations
should be executed locally and which should be transferred
to edge resources. The decision becomes particularly difficult
when the application is composed of dependent subtasks and
when network and computing conditions vary over time [2].

A fine-grained task can be represented as a directed acyclic
graph (DAG), where vertices denote subtasks and directed
edges describe execution dependencies [3]. An offloading deci-
sion must consequently account not only for the computational
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requirements of individual subtasks, but also for the availability
of predecessor outputs, communication delays, and the queue
state of edge servers, a challenge also addressed through
hierarchical DRL formulations for dependent-task offloading

[4].

Deep reinforcement learning (DRL) provides a natural
framework for sequential offloading decisions because the
agent can learn from interactions with the MEC environment
[5]. Nevertheless, conventional DRL approaches may require
many interactions before learning a useful policy. Moreover, a
state at a particular decision instant may not contain sufficient
information to characterize the evolution of previous tasks and
network conditions.

Transformer-based sequence models offer an alternative
representation mechanism because self-attention can capture
relationships among distant observations [6]. In particular,
Gated Transformer-XL (hybrid-transformer) was designed to
improve the stability of Transformer-based reinforcement
learning [7], and Transformer-enhanced DRL has since been
surveyed extensively across communication-network applica-
tions, including computation offloading [8]. In the proposed
framework, hybrid-transformer is used to encode sequences of
MEC experiences into compact representations.

The second component of the proposed framework is Dou-
ble Deep Q-Network (DDQN) [9]. Unlike a conventional DQN
[10], DDQN separates action selection from action evaluation
when constructing the target value, reducing the tendency
of Q-learning to overestimate action values. This property is
useful for discrete offloading decisions where several execution
choices may have similar immediate costs.

Finally, Reptile is employed as a first-order meta-learning
mechanism [11]. Instead of learning a completely independent
model for every MEC configuration, the meta-learner searches
for an initialization that can be adapted rapidly to a new but
related environment, as previously explored for offloading by
meta-reinforcement-learning frameworks such as MRLCO [12]
and GASTO [13].

The main contributions of this work are summarized as
follows:

e A hybrid-transformer-based sequential representation
mechanism is integrated with a Double DQN decision
module for latency-oriented MEC task offloading.
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e A first-order Reptile meta-learning procedure is incor-
porated so that the learned model can rapidly adapt
to previously unseen MEC tasks and environmental
configurations.

e The original fine-grained DAG task structure is re-
tained, allowing dependencies among subtasks to in-
fluence the offloading and execution process.

e A comprehensive experimental evaluation is con-
ducted to study rapid adaptation, convergence, latency
under different transmission rates, DAG-topology gen-
eralization, and inference time.

e  An ablation study is conducted to isolate the individual
contribution of the hybrid-transformer representation,
the Double DQN target rule, and the Reptile meta-
initialization to the overall latency performance of
HTBM.

The remainder of this study is organized as follows. Sec-
tion II discusses related work. Section III presents the MEC
system model and problem formulation. Section IV formu-
lates the offloading decision as a Markov decision process.
Section V describes the proposed HTBM meta-reinforcement-
learning framework. Section VI presents the experimental
methodology and numerical analysis, including an ablation
study of the three HTBM components. Section VII discusses
the results, and Section VIII concludes the study.

II. RELATED WORK
A. Heuristic and Optimization-Based Offloading

Task offloading has traditionally been formulated as an
optimization problem involving computation latency, com-
munication latency, energy consumption, or combinations of
these objectives [1]. For instance, joint radio-and-computation
resource allocation has been formulated for multi-user multi-
task offloading scenarios in order to jointly minimize latency
and energy consumption under shared MEC resources [15].
Multi-task offloading has been studied under explicit energy
and delay constraints [16], and intelligent task-offloading opti-
mization strategies have more recently been explored for MEC
systems [17]. Greedy strategies and graph-based scheduling
approaches can provide efficient solutions for specific config-
urations, but their decision rules generally depend on manually
designed assumptions. Their ability to adapt to rapidly chang-
ing MEC environments can therefore be limited, a limitation
echoed by recent surveys of the offloading literature [2].

B. Deep Reinforcement Learning for MEC Offloading

DRL methods learn offloading policies by interacting with
the environment [10]. DQN-based methods are particularly
suitable when the action space is discrete, whereas actor—critic
methods such as PPO are often used for more general contin-
uous or stochastic decision problems. DQN variants have been
investigated for MEC offloading [3], but value overestimation
and the difficulty of representing long interaction histories
remain important issues.

DDQN addresses the overestimation problem of standard
DQN by using the online network to select the next action and
the target network to evaluate it [9]. Several recent works apply
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DDOQN specifically to MEC offloading and resource allocation,
reporting improved convergence and reduced latency relative
to conventional DQN and fixed-policy baselines [5]. Graph-
based DRL formulations have further combined DDQN with
graph attention networks to schedule DAG tasks over dynamic
environments [14], digital-twin-assisted DDQN has been used
for mobility-aware dependent task offloading [18], multia-
gent DRL has been explored for combinatorial client-master
offloading decisions [19], and ensemble-learning-augmented
DRL has been applied to reduce offloading latency under
dynamic edge conditions [20]. Beyond terrestrial MEC, DDQN
and its dueling/prioritized variants have also been applied to
satellite edge computing [21], LEO satellite networks with
hybrid action spaces [22], UAV-assisted aerial edge computing
with digital-twin support [23], and Industrial IoT offloading
[24], illustrating the versatility of the DDQN family across
heterogeneous edge deployments. DAG-based task scheduling
under DRL has similarly been studied in vehicular cloud
settings [25], [26] and general real-time systems [27], further
motivating the fine-grained DAG representation retained in
this work. In this work, DDQN is combined with hybrid-
transformer rather than using a conventional feed-forward Q-
network.

C. Transformer-Based Reinforcement Learning

Transformer architectures use self-attention to model rela-
tionships between elements in a sequence [6]. Transformer-XL
extends the effective context through segment-level recurrence,
while hybrid-transformer introduces modifications intended to
improve Transformer stability in reinforcement-learning set-
tings [7]. These properties make hybrid-transformer attractive
for MEC environments where recent observations alone may
not fully characterize the current decision context. Closely
related recent work has combined Transformer-based encoders
with Proximal Policy Optimization (PPO) for dependent-task
offloading, including a Transformer-PPO framework for edge
computing [28] and a GTrXL-PPO offloading technique for
IoT edge environments [29]. Transformer-based representa-
tions have also been applied to distributed task offloading
and resource management in cloud-edge networks [30], to
distributed DRL scheduling of IoT applications [31], and
to Transformer-PPO combinations for general IoT decision-
making [32]. The present work differs from these by pairing
the Transformer-based representation with a Double DQN de-
cision module rather than PPO, and by explicitly incorporating
a Reptile meta-learning outer loop.

D. Meta-Reinforcement Learning for MEC

Meta-reinforcement learning aims to learn knowledge
shared among a distribution of tasks so that adaptation to a new
task requires only a small amount of additional interaction.
Reptile is a first-order meta-learning method that repeatedly
adapts model parameters to sampled tasks and moves the
meta-parameters toward the resulting task-specific parameters
[11]. This principle has previously been applied to MEC task
offloading: MRLCO combines a first-order meta-learning pro-
cedure with a sequence-to-sequence Long short-term memory
(LSTM) policy over DAG-structured applications [12], and
GASTO integrates a graph neural network with a sequence-to-
sequence network under a meta-learning outer loop to improve
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adaptation speed and robustness across dynamic MEC environ-
ments [13]. The proposed framework retains the meta-learning
principle used in these works while replacing their sequence-
to-sequence policy network with a hybrid-transformer repre-
sentation and a DDQN decision module.

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. MEC Network Model

As shown in Fig. 1, we consider a fine-grained task-
offloading scenario involving multiple user equipment (UEs)
and multiple heterogeneous MEC servers. Each UE may
generate one or more applications, and each application is
decomposed into a set of temporally dependent subtasks. The
execution of these subtasks can be performed locally at the UE
or offloaded to an associated MEC server. The environment
therefore contains heterogeneous computational tasks gener-
ated by different user devices, while the communication and
computing conditions may vary across environments. These
characteristics make the offloading decision dependent not
only on the computational requirements of the current subtask,
but also on the execution status of related subtasks and the
available MEC resources.

Cloud
Data Center
P

. I ' s N
£ e (@YD) (t9)
Edge Layer |
(MEC Servers) |

Subtask 2 (t,)
/)</>< \ Subtask N (ty)

i = N )
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Fig. 1. Overall MEC system model.

The set of user equipment is denoted by:

Z/l:{UbUQ,-.-,UU}, (D

and the set of MEC servers is denoted by:

K:{el,eg,...,eK}. (2)

Each UE can execute application tasks locally or offload
computations to an edge server. For an application, only one
MEC server is considered as its associated edge execution des-
tination. The communication and computing conditions may
vary between environments, making the optimal offloading
decisions environment-dependent.

B. DAG-Based Fine-Grained Applications

Each application is modeled as a directed acyclic graph
(DAG):
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G=(V,E), 3)

where, V' denotes the set of subtasks and E represents
dependency relationships between subtasks.

A subtask is represented by:

T;; =15i;,Ci;,0i;}, 4

where, S; ; is the input-data size, C;; is the required
number of CPU cycles, and O; ; is the output-data size.

The edge (v4,vy) € E indicates that subtask v, cannot
begin until the required output of predecessor subtask v, be-
comes available. Therefore, the execution order is constrained
by the topology of the DAG.

C. Local Execution

For a subtask executed by UE ¢, its computation latency
is:

ue _ Ci;j

2 fue’
i

where, f}'¢ is the CPU frequency of the UE. Local ex-
ecution does not require uplink transmission to the MEC
layer, but its completion time is directly determined by the
computational demand of the subtask and the available UE
processing capability.

®

D. Edge Execution

When a subtask is offloaded to MEC server k, its exe-
cution time includes transmission, queueing, and computation
components. It can be expressed generally as:

k Si,j k,queue C’i,j
tij = BN (6)
J 7 Ryl T A
where, R is the uplink transmission rate, ¢ 1 s the

queueing delay at server k, and fy, is the computing frequency
of the MEC server.

The queueing term depends on previously scheduled com-
putations at the corresponding server. Furthermore, a subtask
can only begin after its predecessor subtasks have completed
and their required data has become available.

E. Subtask Completion and DAG Latency

Let ST(v) and FT(v) denote the start and finish times
of subtask v. The start time is constrained by predecessor
completion times:

ST(v) =

max
pEPred(v)

FT(p), ©)

with the appropriate communication delay included when-
ever predecessor and successor subtasks are executed at dif-
ferent locations.
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The finish time is:

FT(v) = ST(v) +t(v). ®

Let F' denote the set of terminal nodes of the DAG. The
completion latency of an application is therefore determined
by the latest terminal-subtask completion:

Toag = max FT(v). 9)

FE. Optimization Objective

The objective of this study is to minimize the overall
task completion latency. For a collection of applications, the
optimization objective can be written as:

U
min ) Toac.i, (10)

i=1
subject to DAG precedence constraints, execution-location
constraints, and MEC resource constraints.

The resulting problem is combinatorial and dynamically
affected by communication and computing conditions. We
therefore formulate it as a Markov decision process.

IV. MARKOV DECISION PROCESS

A. State Space

At decision step ¢, the environment provides an observa-
tion containing the relevant task and MEC information. The
instantaneous state is denoted by:

si €S. (11)

A sequence of observations:

He = (St—L+1,---,5t) (12)

is retained so that the decision model can exploit temporal
information. This history is particularly relevant in the con-
sidered fine-grained setting because the execution of a subtask
may depend on the completion of preceding subtasks and on
the evolving communication and computing conditions. The
sequential representation therefore provides the learning model
with contextual information beyond the instantaneous state.

B. Action Space

The action determines the execution location of the cur-
rently considered subtask. For a simplified local/edge decision,

at € A, (13)
where, an action corresponds to local execution or an
eligible MEC execution choice.

For multiple MEC servers, the action space can contain
one action for each valid execution destination.
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C. Reward

Because the optimization objective is latency minimization,
the reward is directly defined from the latency contribution of
the current decision:

Ty = *ATIL/, (14)

where, AT; denotes the latency contribution associated
with the current decision. No additional reward normal-
ization or shaping is applied. This formulation keeps the
reinforcement-learning objective directly aligned with the
latency-minimization objective defined in Section III.

V. PROPOSED HTBM FRAMEWORK
A. Framework Overview

The proposed HTBM architecture consists of three main
components. The overall interaction and information flow
among these components is illustrated in Fig. 2. The fig-
ure shows how the task-related observations are transformed
into a sequential representation before being provided to the
DDQN decision mechanism, while Reptile operates at the
meta-learning level to obtain an initialization that can be
efficiently adapted to new MEC environments. The individual
contribution of each of these three components to the overall
latency performance is examined separately in the ablation
study reported in Section VI-H.

Task DAG
Subtasks + dependencies

4

Transformer encoder
DAG self-attention

System state (new)
Load, bandwidth, energy

Combine into state s¢
Task rep + system features

Online Q-network
Q(s,a) for offloading

Target Q-net
Periodic sync

Select offloading action

MEC environment
Reward + next state

Replay buffer
Store (s,a,r,s')

Train online network
TD target + loss + update 6

Fig. 2. Workflow of the proposed HTBM meta-reinforcement-learning
framework.

e  The hybrid-transformer module encodes a sequence
of MEC observations and extracts a representation
containing information from the interaction history.

e DDOQN maps the encoded representation to action-
value estimates and selects the offloading action.

e Reptile learns an initialization across a distribution
of MEC tasks, enabling rapid adaptation to unseen
configurations.
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B. Hybrid-Transformer Sequential Representation

The input to HTBM is a sequence of state representations
obtained from agent—environment interactions. The hybrid-
transformer module uses self-attention to capture relationships
among observations at different positions in the sequence and
produces a compact representation for the decision process.

Let h; ,, denote the hidden representation corresponding to
the n-th element of the sequence for task i. The sequence rep-
resentation is obtained by aggregating the normalized hidden
states:

N
1
= N Z LayerNorm(h; ). (15)

n=1

The resulting representation summarizes the interaction
history and is supplied to the DDQN decision module. The
hybrid-transformer therefore acts as the representation-learning
component, while DDQN performs the discrete offloading
decision and Reptile provides the meta-initialization.

C. Double Deep Q-Network

Let Qo(s,a) denote the online Q-network and Qy- (s, a)
denote the target Q-network. DDQN selects the next action
using the online network:

a* = argmax Q(se41,’). (16)

The target value is then evaluated using the target network:

Yr =i +7Q0- (st+1,arg max Qo(st+1, a’)) . A7)

for nonterminal transitions. For terminal transitions,

Yt =Tt (18)
The DDQN loss is
1B
L) =5 ; (s — Qo(sv,1))” (19)

where, B is the mini-batch size.

The target network is periodically synchronized with the
online network:

0~ 0. (20)
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D. Experience Replay

To improve the stability and data efficiency of DDQN
training, the interactions generated during the execution of
each MEC task are stored in an experience replay buffer. Each
transition contains the current state, the selected offloading
action, the resulting latency-based reward, the next state, and
a terminal indicator. The replay memory is defined as:

D = {(s¢,at,7¢, $t41,d) } 21

where, d; € {0,1} indicates whether the transition termi-
nates an episode. For the sequence-based decision process, the
states stored in the transitions are associated with their corre-
sponding observation histories so that the hybrid-transformer
can reconstruct the temporal context required for the decision.

Once the replay buffer contains a sufficient number of
transitions, a mini-batch of B samples is randomly drawn for
each learning update. The sampling operation can be expressed
as:

B= {(sb7 ap, T'p, 8;;7 db)}szla (8b7 ap, T'p, Sé, db) ~D.

(22)

Random sampling reduces the correlation between consec-
utive experiences and allows previously collected transitions to
be reused during several learning updates. The resulting mini-
batch is subsequently used to calculate the DDQN targets and
update the task-specific parameters.

For a terminal transition, the target contains only the
immediate reward, whereas a nonterminal transition also in-
corporates the estimated value of the next state. Accordingly,
the target used by the DDQN update can be written in the
unified form:

Yo =1+ (1 — dp)Qo- (SZ, argrr;a}XQe(Sé,a')) . (23)

This formulation allows the same replay mechanism to han-
dle both intermediate subtask decisions and the final decision
that completes a DAG application.

E. Reptile Meta-Learning

The MEC environment is viewed as a distribution of related
tasks

T ~ p(T). 24)

Each task represents a particular MEC configuration and
task/DAG condition under which the HTBM model must learn
an effective latency-oriented offloading policy. The objective
of meta-learning is therefore to obtain a common initialization
that can be efficiently adapted to an individual task.

Let 6 denote the shared meta-parameters of the hybrid-
transformer and DDQN components. For each sampled task
T;, the task-specific parameters are initialized from the current
meta-parameters:
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09 < 0. (25)

The initialized model interacts with 7}, stores the resulting
transitions in its replay buffer, and performs a number of
DDON inner-loop updates. After adaptation, the resulting
parameters are denoted by 9;.

The task-specific adaptation can be represented by the
generic update:

k+1 _ pk k
05+ = 0F — Vs L7 (69), (26)

where, oy, is the inner-loop learning rate and LT]. is the DDQN
loss evaluated using experiences collected from task 7;. After
K inner-loop updates,
/ _ pK
0;=10;. 27)
The Reptile outer loop then moves the shared initialization
toward the task-adapted parameters. For a meta-batch contain-
ing N sampled tasks, the update is:

N
1
0+ 60+e N293—9 7 (28)
j=1

where, e denotes the outer-loop learning rate. Equivalently,
the meta-objective can be expressed as minimizing the average
task-specific loss after adaptation:

Hbin L’meta(B) = ETN,D(T) [LT(GIT)] . (29)

Unlike second-order meta-learning methods, Reptile does
not require explicit computation of second-order derivatives.
Instead, the meta-parameters are progressively moved toward
parameter configurations that perform well after task-specific
adaptation. The learned meta-parameters are subsequently used
as the initialization for new MEC tasks.

F. Meta-Training

Meta-training repeatedly exposes HTBM to a collection of
related MEC tasks. At the beginning of each meta-iteration,
a meta-batch of N tasks is sampled from p(7). For every
sampled task, the current meta-parameters are copied to a task-
specific model, which then collects interaction trajectories and
performs DDQN adaptation using its replay buffer.

For task 7;, the inner-loop learning process can be sum-
marized as:

ot =6k — ain Ve L7, (07, k=0,...,K—1, (30)

where, K is the number of inner-loop updates. The DDQN
loss is evaluated using mini-batches sampled from the task-
specific replay buffer. After the K updates, the adapted pa-
rameters are stored as 93- = HJK .

The outer loop aggregates the adapted parameters from all
tasks and updates the common initialization according to:
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N
1
gnew — g 1 ¢ ﬁZ%*@ ) 31
j=1

The updated parameters §™°" are then used to initialize
the next meta-iteration. Repeating this process enables the
model to capture information shared across different MEC
environments while retaining the ability to specialize to an
individual task through a small number of DDQN updates.

The complete meta-training procedure is summarized in
Algorithm 1.

Algorithm 1 Meta-Training of HTBM

1: Initialize meta-parameters 6

2:fori=1,...,M do

3:  Sample N tasks from p(7)

4 for j=1,...,N do

5: Initialize task parameters 0; < 6

6 Initialize the replay buffer D;

7 Interact with task 7; and collect trajectories

8 Encode trajectory sequences using hybrid-transformer

9: Store transitions in D;

10: for k=1,...,K do

11: Sample a mini-batch from D;

12: Select next actions using the online Q-network

13: Evaluate selected actions using the target Q-
network

14: Compute the DDQN loss and update 6;

15: end for

16: 9; — 0]'

17:  end for
18:  Update 6 using the Reptile interpolation rule
19: end for

G. Meta-Testing

During meta-testing, the outer-loop parameters remain
fixed. A previously unseen MEC task is initialized with the
learned meta-parameters and adapted using a limited number
of DDQN updates.

Algorithm 2 Meta-Testing of HTBM

Select an unseen MEC task Ticqt
Initialize O;.4; < 0
Collect a small amount of task-specific experience
Encode the observed sequence using hybrid-transformer
for k=1,...,L do
Sample replay transitions
Compute DDQN targets
Update 6,5t
end for
Evaluate the adapted model on T;s;

S AN A i

—_

VI. EXPERIMENTAL METHODOLOGY AND NUMERICAL
ANALYSIS

A. Simulation Settings

The principal simulation parameters used in the experi-
ments are summarized in Table I. The experimental environ-
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TABLE I. EXPERIMENTAL PARAMETER SETTINGS USED IN THE HTBM

EVALUATION
Parameter Definition Value
Number of Meta-Training Tasks (Count) 100
Number of Meta-Testing Tasks (Count) 100
Communication-to-Computation Ratio (CCR) 0.3~ 0.5
DAG Fat (Fat) {0.1,0.3,0.4,0.5,0.7}
DAG Density (Density) {0.4,0.5,0.6,0.7,0.8}
Inner-loop learning rate 0.1
Outer-loop learning rate 0.01

ment contains four MEC servers and twenty user devices.
Each application is represented by a randomly generated DAG,
parameterized by the density and fat values listed in Table I.
The DAG generation methodology and the ranges of density,
fat, and communication-to-computation ratio values follow the
same random-DAG generation approach and comparable pa-
rameter ranges adopted by MRLCO [12] and GASTO [13], so
as to provide a consistent and directly comparable evaluation
basis across all baseline methods. The UE CPU frequency is
set to 1 x 107 cycles/s and the edge-server CPU frequency is
set to 8 x 107 cycles/s.

The scenario further considers applications composed of
20 fine-grained subtasks each, evaluated over a test set of 100
DAGs/applications. Transmission-rate experiments use uplink
and downlink rates of 4, 7, and 10 Mbps.

The DDQN settings are selected from commonly used
DDQN configurations. In particular, a learning rate of 1074,
discount factor v = 0.99, mini-batch size of 32, replay-
buffer capacity of 100,000 transitions, initial exploration rate
€start = 1.0, minimum exploration rate €3, = 0.01, and a
target-network synchronization interval of 1,000 training steps
are adopted. These values are consistent with an established
Double DQN implementation configuration, which uses a 10~*
learning rate, v = 0.99, batch size 32, replay capacity 100,000,
and a 1,000-step target-network synchronization interval [33].
The relatively conservative learning rate is selected because
HTBM jointly trains the hybrid-transformer representation and
the DDQN value function, while the discount factor of 0.99
allows the agent to account for future latency costs. These
settings are used consistently throughout the HTBM training
and evaluation experiments. These values were not obtained
through an independent sensitivity analysis or through tuning
specific to the MEC offloading setting; rather, they were
adopted because they constitute an established and widely
reproduced Double DQN configuration that is also broadly
consistent with the hyperparameter ranges reported in other
DDQN-based MEC offloading studies [5], providing a stable
and reproducible starting point in line with common practice in
the offloading literature. Similarly, the Reptile inner- and outer-
loop learning rates in Table I follow the default configuration
proposed in the original Reptile formulation [11] rather than
a setting tuned specifically for the MEC environments con-
sidered here. A systematic sensitivity analysis of the DDQN
and Reptile hyperparameters is identified as a valuable direc-
tion for future work, complementing the multi-seed statistical
validation discussed in Section VII. The implementation of
HTBM and the MEC simulation environment used to produce
the reported results is available from the corresponding author
upon reasonable request.
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B. Evaluation Metrics

The evaluation focuses on the following metrics:

e Task completion latency: total latency required to
complete the DAG applications.

e  Rapid adaptation: number of iterations or interactions
required for the adapted model to reach a stable
performance level.

e  Generalization: performance under DAG topologies
and task configurations not used during meta-training.

e Inference time: time required to obtain offloading
decisions from the trained neural model.

e Latency reduction: relative reduction in average task-
completion latency compared with a selected baseline,
computed as

Tvase — THTBM
Rlat = I

x 100%. 32)
Tbase

C. Rapid Adaptation Under Different Transmission Rates

This experiment studies the behavior of HTBM under
different communication rates. The evaluation uses uplink and
downlink rates of 4, 7, and 10 Mbps. The latency trajectories
are shown in Fig. 3. HTBM progressively reduces latency
as adaptation proceeds, with the final values reaching ap-
proximately 965 ms, 735 ms, and 595 ms for 4, 7, and 10
Mbps, respectively. The results indicate that the meta-learned
initialization enables the model to improve its decision quality
during the adaptation process.

Latency (ms)

0.0 25 5.0 75 10.0 125 15.0 17.5 20.0
Iteration

Fig. 3. Rapid adaptation performance of HTBM at different transmission
rates.

D. Comparison with Alternative Offloading Algorithms

The latency comparison under different transmission rates
is presented in Fig. 4 and summarized in Table II. The
evaluated methods are Greedy, MRLCO [12], GASTO [13],
T-PPO [28], and the proposed HTBM. At 4 Mbps, HTBM
obtains a latency of 965 ms, compared with 980 ms for
GASTO. At 7 Mbps, the corresponding values are 735 ms
and 750 ms, while at 10 Mbps they are 595 ms and 610
ms. Thus, HTBM provides reductions of 1.53%, 2.00%, and
2.46% relative to GASTO at 4, 7, and 10 Mbps, respectively.
Therefore, an average task-completion latency reduction of
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TABLE II. TASK-COMPLETION LATENCY UNDER DIFFERENT
TRANSMISSION RATES

Method 4 Mbps 7 Mbps 10 Mbps
Greedy 1090 830 625
MRLCO 995 760 615
GASTO 980 750 610
T-PPO 1010 790 650
HTBM 965 735 595

N Greedy WEE T-PPO
mes MRLCO  mm HTBM
1000

a ®
g 8
s s

Average Latency (ms)
S
8
8

7 Mbps 10 Mbps
Transmission Rate

Fig. 4. Task-completion latency comparison under different transmission
rates.

approximately 2.00% was observed for HTBM compared with
GASTO across the evaluated transmission rates under this run
configuration.

This increasing relative improvement with transmission
rate can be explained qualitatively in terms of the latency
composition described in Section III-D. At lower transmission
rates (e.g., 4 Mbps), the transmission term S; j/ Ry in Eq. (6)
dominates the total execution time of any offloaded subtask,
largely independently of which offloading policy is used.
Because this term is shared across all evaluated methods, it
acts as a common additive latency floor that compresses the
relative (percentage) differences between methods even when
the underlying decision-quality gap in absolute terms (ms) is
comparable across transmission rates. As the transmission rate
increases and the communication term diminishes, total latency
becomes increasingly dominated by queueing and decision-
dependent components, allowing differences in offloading-
decision quality, and in particular the contribution of the
hybrid-transformer’s sequential representation, to be reflected
more directly in the relative-improvement metric of Eq. (32).
We note that this interpretation should ultimately be examined
jointly with the multi-seed statistical validation identified in
Section VII, since the observed trend spans a comparatively
narrow range (1.53%-2.46%) that should be confirmed to lie
outside run-to-run variance.

E. Generalization Across DAG Topologies

To evaluate robustness to structural variations in the ap-
plication graph, three density—width configurations are con-
sidered. The first uses density 0.7 and width 0.4, the second
uses density 0.4 and width 0.6, and the third uses density
0.1 and width 0.5. The corresponding latency trajectories are
presented in Fig. 5, 6, and 7, respectively. These figures
illustrate the evolution of the latency values under the three
different DAG structures and allow the behavior of HTBM
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Fig. 5. Latency evolution for DAG density 0.7 and width 0.4.

DAG density = 0.4, width = 0.6
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Fig. 6. Latency evolution for DAG density 0.4 and width 0.6.

DAG density = 0.1, width = 0.5
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Fig. 7. Latency evolution for DAG density 0.1 and width 0.5.

to be compared with the alternative methods throughout the
evaluated iterations.

For the first configuration, HTBM obtains an average
latency of approximately 559.90 ms, compared with 566.14
ms for GASTO, corresponding to a reduction of approximately
1.10%. For the second configuration, HTBM achieves approx-
imately 538.05 ms compared with 544.95 ms for GASTO, cor-
responding to a 1.27% reduction. For the third configuration,
the corresponding values are approximately 428.57 ms and
434.05 ms, giving a 1.26% reduction. These results show that
the proposed method maintains lower average latency across
different DAG structures and remains competitive when the
structural characteristics of the application graph change.
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F. Generalization to an Unseen DAG Topology

To further examine generalization, HTBM is evaluated on
an unseen topology with density 0.4 and width 0.9, as shown in
Fig. 8. The average latency of HTBM is approximately 566.48
ms, whereas GASTO and MRLCO obtain approximately
580.33 ms and 593.38 ms, respectively. Thus, HTBM reduces
average latency by approximately 2.39% relative to GASTO
and 4.53% relative to MRLCO on the unseen topology.

The unseen-topology result is important because it evalu-
ates whether the learned representation remains useful when
the structural properties of the DAG differ from the other
evaluated configurations. The continued latency advantage
suggests that the combination of sequence representation and
meta-learning provides useful transfer across related DAG en-
vironments. Table III summarizes the average latency achieved
by all evaluated methods across the three DAG-topology
configurations and the unseen topology.

TABLE III. AVERAGE LATENCY ACROSS DAG-TOPOLOGY EXPERIMENTS

Method (0.7,0.4) (0.4,0.6) (0.1,0.5) Unseen
Greedy 640.00 675.00 450.00 720.00
MRLCO 574.57 545.90 431.95 593.38
GASTO 566.14 544.95 434.05 580.33
HTBM 559.90 538.05 428.57 566.48

Unseen topology: density = 0.4, width = 0.9
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700
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650 —— Greedy

MRLCO
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575 \\—\/—\\*
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0.0 25 5.0 75 10.0 125 15.0 17.5 20.0
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Fig. 8. Generalization performance on an unseen DAG topology with density
0.4 and width 0.9.

G. Comparison of Network Architectures

The inference-time experiment compares the hybrid-
transformer encoder with recurrent alternatives as the number
of tasks increases. The measured inference times are shown in
Fig. 9. The hybrid-transformer requires approximately 0.26—
0.32 ms, while LSTM requires approximately 3.30-3.40 ms
and GRU approximately 2.05-2.20 ms over the evaluated
task counts. These results indicate that the transformer-based
representation used by HTBM can provide a low inference-
time overhead in the evaluated setting.

H. Ablation Study

To assess the individual contribution of each of the three
components of HTBM, three ablated variants are evalu-
ated: HTBM without the Reptile meta-initialization (HTBM-
NM), HTBM without the hybrid-transformer sequence en-
coder (HTBM-MLP), and HTBM without the Double DQN
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Fig. 9. Inference-time comparison of the hybrid-transformer encoder, LSTM,
and GRU as the number of tasks increases.

target rule (HTBM-DQN). Each variant modifies exactly one
component while keeping the remaining architecture, DDQN
hyperparameters, and DAG generation settings identical to
those used for the full HTBM model in Section VI-A. All
variants are evaluated under the same 7 Mbps transmission-rate
configuration and the same test set of 100 DAG applications
used in Section VI-D.

For HTBM-NM, the network is initialized randomly rather
than from the meta-trained parameters ¢, and is then adapted
using the same number of inner-loop DDQN updates speci-
fied in Algorithm 2. For HTBM-MLP, the hybrid-transformer
encoder is replaced by a feed-forward encoder that maps the
instantaneous state s; directly to the representation used by
DDQN, without access to the observation history H;. For
HTBM-DQN, the target value in Eq. (17) is replaced by the
conventional DQN target, in which the target network is used
for both action selection and action evaluation.

Table IV summarizes the average task-completion latency
obtained by each variant, together with the relative degradation
with respect to the full HTBM model.

TABLE IV. ABLATION RESULTS AT 7 MBPS TRANSMISSION RATE

Variant Component Removed  Avg. Latency  Degradation vs. HTBM
HTBM (full) — 735.10 —
HTBM-NM Reptile meta-init 779.40 +6.04%
HTBM-MLP Hybrid-transformer 758.85 +3.24%
HTBM-DQN Double Q target 747.60 +1.71%

The largest degradation is observed when the Reptile meta-
initialization is removed, indicating that rapid adaptation to a
new task benefits more from a favorable starting point than
from either the sequence representation or the Double-DQN
target rule alone. Removing the hybrid-transformer produces
a smaller but non-negligible increase in latency, suggesting
that the observation history contributes useful context beyond
the instantaneous state, consistent with the queueing and
precedence dependencies described in Section III. The smallest
degradation follows from replacing the Double DQN target
with the standard DQN target, which is consistent with the
discrete and relatively small action space considered in this
work; value overestimation has a comparatively limited effect
here, though it may become more pronounced with a larger
number of candidate edge servers. These results indicate that
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all three components contribute positively to HTBM, with
the meta-learning initialization providing the largest single
contribution under the evaluated setting.

VII. DISCUSSION

HTBM combines three complementary mechanisms: the
hybrid-transformer provides a sequence-level representation
of past experiences, DDQN provides a value-based decision
mechanism that reduces the overestimation tendency of stan-
dard DQN, and Reptile provides a meta-initialization that
adapts efficiently to new MEC environments. As reported in
Section VI, HTBM consistently achieves lower average latency
than GASTO across the evaluated transmission rates and DAG
topologies, including the unseen topology.

These results provide evidence for the latency-oriented
effectiveness of HTBM under the evaluated simulation settings,
complemented by the preliminary component-level evidence
from the ablation study in Section VI-H. Several aspects of
the evaluation remain open and are identified as concrete
priorities for ongoing follow-up work. First, all experiments
use synthetically generated DAGs (Table I), generated with
the same methodology as MRLCO and GASTO for fair
comparison, and training cost (wall-clock meta-training time,
parameter count) is not benchmarked against these baselines;
both aspects, together with evaluation on real application
traces, warrant further study. Second, the reported comparisons
(Table II, Table III, Fig. 3-9) reflect single training runs
per configuration; given the well-known run-to-run variance
of deep reinforcement learning, a multi-seed evaluation (five
or more independent runs, mean =+ standard deviation, and
a paired t-test for the HTBM-vs-GASTO comparisons) is
planned, together with a similar statistical treatment of the
ablation results. Third, the DDQN and Reptile hyperparam-
eters (Section VI-A) were adopted from established refer-
ence configurations rather than tuned or sensitivity-tested for
this setting; an independent sensitivity analysis is planned
alongside the multi-seed evaluation. Finally, the evaluation is
conducted entirely in simulation and does not model realistic
wireless traces, mobility, or device-level hardware constraints;
validating HTBM on physical MEC testbeds with real network
traces is identified as an important next step toward practical
deployment.

VIII. CONCLUSION

This study proposed HTBM, a hybrid-transformer-based
meta-reinforcement-learning framework for latency-oriented
task offloading in dynamic MEC environments. The approach
retains a fine-grained DAG representation of applications
and combines hybrid-transformer sequence encoding, Double
DQN-based action-value learning, and Reptile meta-learning.

The hybrid-transformer component captures temporal rela-
tionships within sequences of MEC observations, while DDQN
provides the decision mechanism for discrete execution-
location choices. Reptile learns a meta-initialization that can
be rapidly adapted to new task and environment configurations.

Consistent with the results reported in Section VI, HTBM
achieves lower average task-completion latency than GASTO
across the evaluated transmission rates, DAG topologies, and
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the unseen topology. The ablation study in Section VI-H fur-
ther indicates that each of the three components — the hybrid-
transformer representation, the Double DQN target rule, and
the Reptile meta-initialization — contributes positively to this
performance, with the meta-initialization providing the largest
single contribution under the evaluated setting. These results
support the feasibility of the proposed hybrid-transformer and
DDQN combination for latency-oriented MEC task offloading.
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