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Abstract

Vehicular edge computing can combine local vehicles, cooperative vehicles,
unmanned aerial vehicles (UAVs), and roadside units, but current observations
do not fully describe the task pressure that may appear in later slots. This paper
presents Pressure Guided Hierarchical Offloading (PGHO), which summarizes
predicted workload, task arrivals, urgency, and deadline changes as future task
pressure before heterogeneous resource selection in UAV-assisted vehicular edge
computing networks. The upper policy selects an execution node using current
resource conditions together with this future information, and the lower policy
then controls UAV movement and the offloading ratio under the link, queue, and
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resource conditions of the selected node. Across normal load, high load, and tight
deadline scenarios, PGHO achieves 0.4301 s average delay and 99.705% task suc-
cess ratio. Compared with multiagent deep deterministic policy gradient, soft
actor critic, and hybrid multiagent proximal policy optimization, average delay
is reduced by 21.1%, 12.1%, and 7.4%, respectively. PGHO also keeps average
delay close to task flow greedy scheduling while improving task success ratio by
about 2.62 percentage points. Component removal experiments show that future
task information and hierarchical decision making mainly reduce average and
tail delay, while action masking supports reliability under tight deadlines. The
results indicate that PGHO maintains low delay and high task completion across
different task pressure conditions.

Keywords: vehicular edge computing networks, task offloading, future task pressure,
hierarchical decision, heterogeneous edge resources

MSC Classification: 68M14, 68M20, 68T05

1 Introduction

Internet of Vehicles (IoV) is evolving from a traditional information exchange network
into a mobile intelligent system that combines sensing, computing, communication,
and coordinated control. Autonomous vehicles must continuously process tasks such
as object recognition, environment understanding, trajectory inference, road coordina-
tion, and safety decisions. These tasks often have large input sizes, high computational
density, continuous arrivals, and different urgency levels. Onboard terminals are lim-
ited by processing capacity, storage, and energy. Under dense traffic or bursty tasks,
local computing alone easily causes queue buildup and longer service delay. A recent
survey of vehicular edge computing describes how computing resources near vehicles
can support task offloading and relieve onboard resource limitations [1]. Vehicular edge
computing (VEC) further includes nearby vehicles, roadside infrastructure, and edge
servers in one cooperative system, providing a basis for task offloading in dynamic road
environments [2]. Recent VEC work has also combined adaptive traffic state assess-
ment with federated reinforcement learning to reduce energy consumption and task
latency under changing traffic conditions [3].

Fixed roadside units (RSUs) can provide stable computing resources, but their
coverage and deployment density are limited by road space, construction cost, and
local traffic distribution. When vehicles gather in a hot spot, a fixed node may face
communication congestion, longer queues, and insufficient processing capacity at the
same time. An unmanned aerial vehicle (UAV) changes this situation by bringing a
movable radio and computing point into the same area. The source vehicle, cooperative
vehicles, UAVs, and RSUs can then form a heterogeneous resource pool spanning
aerial and ground resources. Prior studies treat trajectory, link state, computation
allocation, and energy constraints as coupled decisions in edge computing with UAV
support [4]. Vehicular studies also report that changing aerial position can recover
reachability where roadside coverage is sparse [5]. Task offloading with UAV support
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has also been integrated with digital twin and generative artificial intelligence (AI)
for joint task offloading and resource allocation in IoV [6]. The resulting resource pool
is not simply larger; which nodes are usable, and how long they remain useful, now
varies with both road traffic and UAV motion.

Heterogeneity between aerial and ground resources expands the set of possible
execution nodes, but it also makes offloading decisions harder. Vehicle motion con-
tinuously changes node distance, reliable transmission rate, and connection duration.
Task arrivals, computational load, urgency, and deadlines vary with traffic density,
sensing cycles, and local events. A decision made in the current slot determines where
the present task is transmitted and processed, while also changing later queue buildup,
residual node capacity, and UAV position. Conventional static optimization depends
on accurate models and prior distributions, and repeated solution becomes impracti-
cal under high-dimensional states, coupling across slots, and real-time requirements.
Deep reinforcement learning can learn long-horizon policies through continued inter-
action with a dynamic environment and is now widely used for edge offloading and
vehicular resource allocation [7]. Deep reinforcement learning has also been combined
with a Nash equilibrium game for IoV task offloading optimization [8]. Generative
AI has been combined with fifth generation mobile networks to improve computation
offloading for complex IoV tasks [9]. Even when predictive information is available, a
key remaining question is how future task changes should alter heterogeneous resource
selection before they become visible in the current queue.

Consider two slots with almost the same queue length and radio quality. The
first is followed by ordinary arrivals, while the second is followed by a short burst of
urgent tasks. A policy that sees only the current snapshot has little reason to choose
differently, even though the second choice can create a substantially heavier queue a
few slots later. Prediction can move service decisions earlier in time, but the issue
considered here is not simply whether future information should be used. The more
specific question is how several future task attributes can be represented together
before heterogeneous resource selection, and how that information can remain relevant
after the execution resource has been chosen.

The forecast still has to be translated into a choice among heterogeneous resources.
More computing capacity does not automatically make a candidate the better execu-
tion place. Local processing avoids transmission but can be slow. A cooperative vehicle
may offer spare cycles only while the contact lasts. UAV service depends on where
the aircraft can move and on the link available from that position. An RSU may be
powerful and still carry the longest queue in a crowded area. These quantities have
to be considered together rather than through one rule for each node class. Studies
of hybrid VEC systems consider computing, communication, and resource conditions
jointly [10]. The resource description should therefore preserve the differences among
node types while allowing the feasible set and the expected burden of each candidate
to change with the slot.

Once the candidate resources can be compared, the control variables introduce
a second difficulty. The execution node is a discrete choice, whereas UAV displace-
ment and the offloading ratio are continuous. Changing the node immediately changes
the link used, the queue that receives the task, and the useful range of the ratio;
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UAV movement then changes later coverage. Treating all of these variables as one
flat action makes the policy search over many combinations that are physically weak
or mutually inconsistent. Multi-agent control can coordinate UAV motion [11], while
hierarchical reinforcement learning provides a way to decompose complex decisions
into subtasks [12]. In Pressure Guided Hierarchical Offloading (PGHO), the levels
are organized around the dependency between the decisions: the selected heteroge-
neous execution resource determines the link, queue, resource availability, and ratio
conditions under which the following continuous action is generated.

These two decision issues motivate the online decision components of PGHO.
Future task pressure combines several types of expected task variation before the upper
resource decision, rather than treating one predicted quantity as the sole description
of future demand. The node selected by the upper policy then supplies the link, queue,
resource availability, and ratio conditions used by the lower controller. PGHO there-
fore connects future task evolution with heterogeneous resource selection and then
carries the selected resource conditions into continuous control.

A separate issue during training concerns which learned policy should be retained
after training: the final network update is not necessarily the policy with the best
validation performance on a common task flow. Evaluation can still fluctuate because
of initialization, exploration, replay data, and simultaneous updates among agents.
To address this issue, PGHO compares saved policies on the same validation flow
and retains the candidate with the best observed validation performance. Checkpoint
storage and restoration support the selection of policies that may perform better on
validation than the policy obtained at the end of training. The main contributions are
summarized as follows:

(1) A future task pressure representation jointly summarizes predicted workload,
task arrivals, urgency, and deadline changes before resource selection. This represen-
tation makes several types of future task evolution available to the upper decision
together with the current conditions of heterogeneous resources.

(2) A hierarchical decision structure is organized around the dependency between
resource selection and subsequent continuous control. The selected execution node
supplies the link, queue, resource availability, and feasible ratio conditions used by the
lower policy for UAV movement and offloading control.

(3) Policy selection on a fixed validation flow is used during training to retain poli-
cies with better validation performance. Elite experience and rollback remain auxiliary
operations within this procedure.

The rest of this paper is structured as follows: Section 2 reviews heterogeneous
resource organization, use of future task information, hierarchical decision mech-
anisms, and policy evaluation and selection during training. Section 3 gives the
heterogeneous resource model with aerial and ground nodes, task execution model,
joint decision model, and problem formulation. Section 4 presents the future task pres-
sure representation, hierarchical decision making with predicted task pressure, and
policy selection using validation results. Section 5 gives the experimental settings,
main method comparison, and component removal results. Section 6 summarizes the
conclusions and limitations.
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2 Related Work

Task offloading in VEC with UAV support involves candidate resource organization,
future task information, discrete resource selection, continuous control, and final policy
evaluation. Predicted task demand can affect resource selection, while the selected
node determines the conditions for subsequent continuous control.

This section reviews heterogeneous resource organization, the use of future
task information, and hierarchical decision structures. The last part discusses how
validation results are used for final policy selection.

2.1 Heterogeneous Resource Pooling

VEC usually treats the source vehicle, nearby vehicles, RSUs, and edge servers as
candidate execution nodes. Rahmani et al. [13] reviewed offloading for autonomous
vehicles across edge computing architectures, optimization approaches, intelligent
algorithms, communication designs, and security concerns. Local computing does not
require wireless transmission but has limited processing capacity. Nearby vehicles can
share idle resources, but mobility and contact duration limit their service. Roadside
nodes are more stable, but coverage and queue conditions depend on deployment loca-
tion and traffic density. These forms of cooperation enlarge the candidate set. Liqun
Yang [14] investigated task offloading and resource scheduling among vehicles, RSUs,
and cloud resources, using vehicle clustering and a Selfish Herd Optimizer for task
scheduling. These studies provide a basis for heterogeneous resource selection, but dif-
ferent node types often use different state structures or action encodings. A common
method for comparing capacity, queue, distance, and reliability still needs to be made
clear.

A UAV changes the structure of the candidate resources. The UAV can move
closer to the task source, improve edge coverage, and process part of the task, but
its availability is also affected by position, flight region, link quality, and movement
cost. Sun et al. [15] analyzed UAV resource scheduling in an IoV setting. Jeong et
al. [16] modeled aerial edge computing through bit allocation and path planning. These
scheduling and path planning studies illustrate how UAV mobility and computation
decisions interact. Existing studies show the value of aerial nodes, but many models
define variables for specific node types and lack a unified representation for local
vehicles, cooperative vehicles, UAVs, and RSUs.

Long et al. [17] investigated how task splitting and computation resource allocation
can be jointly optimized to balance latency and energy consumption in VEC. From the
decision perspective, a unified resource representation must deal with both feasibility
and comparability. Feasibility asks whether a node can be selected under the current
distance, rate, and transmission time conditions, while comparability asks which feasi-
ble node is more suitable when computing, queue, and link conditions change together.
Existing work therefore motivates a common candidate representation that retains the
physical differences among local vehicles, cooperative vehicles, UAVs, and RSUs.
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2.2 Use of Future Task Information

In the considered setting, task attributes can change over short intervals. Sensing
cycles, local traffic, road events, and service priority can change both the work arriving
at the system and the time allowed for completion. Related scheduling work in mul-
tisensor industrial Internet of Things systems shows that time-sensitive information
freshness can depend on scheduling under shared server resources [18]. This reinforces
the importance of making resource decisions before time-sensitive conditions deteri-
orate. Predictive offloading has used vehicle motion and connection changes to act
earlier [19], while trajectory prediction has been used to reduce offloading delay in
VEC systems [20]. These approaches mainly provide future mobility or connectivity
information.

Future information has also been introduced from the task and traffic side. Wu et
al. [21] combined task demand prediction with UAV edge offloading and energy opti-
mization. Chhabra et al. [22] used traffic information in collaborative task offloading
and service caching. These studies demonstrate that prediction can directly support
resource decisions rather than serving only as an auxiliary observation. The remaining
issue considered in this paper is more specific: workload, task arrivals, urgency, and
deadline pressure can evolve together, and their combined effect has to be represented
before a heterogeneous execution resource is selected. PGHO addresses this issue by
forming future task pressure from several predicted task attributes and carrying that
combined information into the resource decision.

2.3 Hierarchical Decisions with Discrete and Continuous

Actions

Deep reinforcement learning has been widely used to adapt VEC offloading decisions to
changing network and resource states. Bo and Zhao [23] developed a multiagent rein-
forcement learning strategy for vehicular task offloading under resource constraints.
Sun et al. [24] combined long short term memory prediction with multiagent rein-
forcement learning for computation offloading in vehicular networks, while Luo et
al. [25] studied self-learning computation offloading. Yao et al. [26] further addressed a
dynamic edge setting. Wu et al. [27] combined twin delayed deep deterministic policy
gradient with a server selection procedure to address task offloading and load bal-
ancing in VEC. More generally, Yang et al. [28] investigated how deep reinforcement
learning can adapt offloading decisions to fluctuating wireless channels and uncertain
task arrivals in mobile edge computing. The remaining difficulty in the system con-
sidered here is that execution location, UAV movement, and offloading ratio do not
have the same action form.

This distinction is also visible in systems with UAV support. Peng et al. [29] stud-
ied resource management in VEC systems with UAV support. Zhao et al. [30] used
multi-agent reinforcement learning for offloading with UAV support. Ju et al. [31]
jointly considered offloading and path optimization. Liu et al. [32] modeled random
task arrivals, queue evolution, and UAV motion, using Lyapunov optimization with
deep deterministic policy gradient (DDPG) to reduce transmission energy while main-
taining queue stability. Multiagent deep deterministic policy gradient (MADDPG) is
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a common controller when the main decisions are continuous [33]. Zakaryia et al. [34]
optimized task allocation, UAV trajectories, computing resources, and communication
resources in a system with multiple UAVs and mobile edge computing (MEC). These
methods motivate coordinated control, but a discrete execution node is still difficult
to represent as a continuous preference when the set of feasible candidates changes
with the system state.

Recent hierarchical VEC studies provide a closer comparison. Liu et al. [35] used
an upper double deep Q network (DDQN) for discrete communication decisions and
a lower DDPG for continuous power, offloading, and resource allocation decisions. Du
et al. [36] separated service deployment and replacement from continuous task offload-
ing ratios through high and low decision levels. Yang and Yoo [37] organized UAV
deployment and collaborative task offloading over two time scales in a hierarchical
reinforcement learning framework. Navidi et al. [38] combined learning automata for
strategic policy selection with a deep recurrent Q network for control of offloading
ratios in IoV. These studies organize decision making across different action types or
time scales. PGHO organizes the hierarchy around the dependency between heteroge-
neous execution resource selection and the continuous UAV control that follows, while
several predicted task attributes are made available before the resource decision.

2.4 Policy Evaluation and Selection During Training

Training introduces a separate issue from online action generation: which saved policy
should be retained after learning. Late training behaviour can depend on initializa-
tion, exploration, replay data, and the timing of agent updates. Henderson et al. [39]
showed why fixed evaluation protocols and independent runs matter for reproducibil-
ity. Work on self-imitation also suggests that useful historical trajectories can help
retain good behaviour [40]. These observations motivate evaluating retained policies
under common validation conditions rather than assuming that the final training
update is always the most suitable policy for later evaluation.

Taken together, existing studies show that prediction can support offloading deci-
sions, hierarchy can separate discrete and continuous control, and validation can
support policy retention during learning. PGHO focuses primarily on the connection
between future task information and hierarchical control under the conditions of the
selected resource, while validation results are used during training to select the retained
policy.

3 System Model and Problem Formulation

Figure 1 illustrates the heterogeneous resource pooling and task offloading scenario
considered in this paper. The scenario model describes the source vehicle, cooperative
vehicles, UAVs, and RSUs as candidate execution resources and retains their com-
puting, queue, coverage, position, link, and energy conditions. The execution model
describes task transmission, local and remote computation, parallel execution, com-
pletion delay, and task failure. The decision model defines the state information and
the joint choice of execution node, UAV movement, and offloading ratio.
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Fig. 1 Heterogeneous resource pooling and task offloading in VEC with UAV support

3.1 Scenario Model

We consider dynamic task processing in VEC with UAV support and construct the
heterogeneous resource architecture with aerial and ground nodes shown in Fig. 2.
Unlike formulations that introduce separate decision variables for each node type, the
model places local vehicles, cooperative vehicles, UAVs, and RSUs in one candidate
execution space. Different resources can therefore be represented and compared within
the same decision space while retaining the physical conditions of each node.

Figure 2 shows how the four resource types enter one candidate pool while retaining
different mobility, coverage, queue, and computing conditions. This common represen-
tation is used only for resource comparison and does not remove physical constraints
specific to each node.

Fig. 2 Heterogeneous resource pool with aerial and ground nodes
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The system contains task source vehicles, cooperative vehicles, UAVs, and RSUs.
A candidate keeps its own computing capacity, queue, coverage, position, link relia-
bility, and normalized energy coefficient. The same state representation is used for all
node types, while their physical values remain different. Local, cooperative, aerial, and
roadside execution can therefore be represented without defining a separate decision
structure for each node class.

Task flow and resource state evolution are described in discrete time slots. Each
slot contains task arrival, state construction, joint decision making, task execution,
and queue update. The current action changes node queues, UAV positions, and
later resource availability, so slots are not independent. In each slot, a source vehicle
generates a task whose input size, computational density, urgency, and deadline are
represented by the attribute vector

τi,t = (di,t, ci,t, ui,t, Di,t) (1)

The four entries of this vector are used in the computation, deadline, and pressure
models. Specifically, di,t, ci,t, ui,t, and Di,t denote the task input size, computational
density, task urgency, and deadline, respectively; their units are Mbit, Mcycles/Mbit,
dimensionless, and seconds.

Transmission rate is measured in Mbit/s. Transmission delay can therefore be
calculated directly from the offloaded data and the link rate, while the required compu-
tation follows from input size and computational density. This paper adopts a divisible
task model. Task characteristics vary with the load state, burst state, and service
urgency described in the scenarios below. For a divisible task, the total number of
computational cycles can be calculated as

Ci,t = di,tci,t (2)

The product in Eq. (2) provides the workload later divided between local and remote
execution.

Task parameters are not generated independently. They are driven by a temporally
correlated task flow state. Computational load, arrival intensity, urgency, and deadlines
evolve with the underlying task flow and are adjusted by a common set of rules for each
scenario. The normal scenario represents ordinary pressure. The high load scenario
increases input size and queue competition, while the tight deadline scenario shortens
task deadlines. Scenario differences therefore arise from combinations of task pressure
rather than from a single isolated parameter.

The offloading ratio satisfies 0 ≤ ρi,t ≤ 1, and the local and remote workloads are
given by C loc

i,t = (1− ρi,t)Ci,t and C
off
i,t = ρi,tCi,t, respectively.

When ρi,t = 0, the task is executed entirely on the source vehicle. When 0 < ρi,t <
1, the task is divided between local and remote execution. When ρi,t = 1, the entire
task is executed at the selected remote node.

A task may be divided proportionally between local and remote processing, and the
two parts execute in parallel. This preserves the immediacy of local processing while
allowing the policy to use the greater capacity of a remote node. This is a modeling
assumption of the present system.
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To describe heterogeneous service nodes using one model, each candidate in the
resource pool is represented by multiple attributes. The candidate index identifies its
position in the common candidate set, while node type, queue, computing capacity, and
communication attributes remain in the state. The policy therefore does not require a
different selection procedure for each node type. Accordingly, the candidate execution
space is expressed as

M =
{
sloci
}
∪ U ∪ C ∪ R (3)

The union in Eq. (3) includes the local vehicle, UAVs, cooperative vehicles, and RSUs
without imposing identical resource conditions.

The resource nodes and time slots are indexed by m ∈ M and t ∈ T , respectively.
The resource state of node m in slot t is defined as

zm,t = (fm, Qm,t, Rm, Pm, κm,pm,t) (4)

In Eq. (4), fm, Qm,t, Rm, Pm, κm, and pm,t denote the computing capacity, queued
computational workload, communication coverage range, transmit power, computing
energy coefficient, and position of node m, respectively. The state keeps these quanti-
ties specific to each node so that heterogeneous candidates remain comparable without
being treated as physically identical.

UAV positions vary over time. We control horizontal UAV motion in two dimen-
sions at a fixed altitude, consistent with path planning and task allocation models
for UAV computing nodes. Movement changes the distance between a source vehicle
and an aerial node, and therefore changes reliable transmission rate, coverage, and
remote completion delay. UAV movement must consequently be considered together
with node selection and the offloading ratio. The next UAV position is obtained by
adding the displacement and projecting the result onto the permitted flight region:

puk,t+1 = ProjΩu
(puk,t +∆puk,t) (5)

The projection in Eq. (5) prevents the UAV from leaving the permitted region. The
maximum horizontal speed further imposes the displacement bound

∥ ∆puk,t ∥2≤ vmax∆t (6)

The projection operator ProjΩu
(z) = argminp∈Ωu

∥p − z∥2 confines the updated
position to the permitted flight region, while Eq. (6) limits the displacement within
one slot by the maximum horizontal speed.

To represent node load under competition among tasks, a discrete queue model
is used. Let the new computational workload assigned in slot t to node m be A.
Accounting for the workload arriving during the slot and the amount served by node
m, the queue is updated as

Qm,t+1 = max {Qm,t +Am,t − fm∆t, 0} (7)

The nonnegative update in Eq. (7) adds newly assigned workload and subtracts
the service completed during one slot. A node queue therefore accumulates historical
backlog, current task assignments, and the service provided by the node. Assigning
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more computation to a node in the present slot may reduce the immediate process-
ing cost of the current task, but may also raise queue pressure in later slots. Queue
conditions therefore affect the suitability of candidate nodes over subsequent slots.

3.2 Execution Model

Task completion depends on both wireless transmission and computation, as in stan-
dard mobile edge computation offloading models [41]. The present model uses distance
dependent link rate, transmission delay, and computation delay. A local node requires
no wireless transfer but is constrained by its local queue and computing capacity. A
remote node must additionally satisfy coverage, reliable rate, and maximum transmis-
sion time requirements. The source-to-node distance used for these checks is calculated
as

δi,m,t = ∥ psi,t − pm,t ∥2 (8)

Here, δi,m,t measures the Euclidean distance between the source and candidate node.
Using this distance, the effective wireless rate from si to node m is approximated as

Ri,m,t = clip

(
Bm log2

[
1 +

Pmh0
σ2(δi,m,t + δ0)α

]
,

Rfloor, Rmax

) (9)

In Eq. (9), Bm, Pm, h0, σ
2, and α denote the effective bandwidth, node transmit

power, reference channel gain, noise power, and path loss exponent, respectively. The
numerical rate bounds are Rfloor = 0.2 Mbps and Rmax = 80 Mbps, with δ0 = 1 m
and α = 2.05 in the implementation. The reliability threshold Rmin = 1.35 Mbps is
separate from the numerical clipping bound and is used only in physical feasibility
assessment.

Figure 3 illustrates task partitioning and parallel local and remote execution.
When a fraction ρi,t of the task is offloaded to remote node m, the transmission

time can be calculated as

T tri,m,t =
ρi,tdi,t
Ri,m,t

(10)

The expression in Eq. (10) converts the transmitted data volume into time using the
selected link rate. With local backlog included, completion time on the source vehicle
is given by

T loci,t =
Q0,t + (1− ρi,t)Ci,t

f0,t
(11)

Thus, local execution covers both the queued workload and the task fraction retained
at the source.
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Fig. 3 Parallel execution of a partitioned task

For remote execution, transmission is followed by processing at the selected node,
giving

T offi,m,t = T tri,m,t +
Qm,t + ρi,tCi,t

fm,t
(12)

The remote branch therefore accounts for the wireless transfer and the workload wait-
ing or executing at node m. Because both task fractions execute in parallel, the overall
completion time is determined by

T totali,t = max
{
T loci,t , T

off
i,m,t

}
(13)

The maximum in Eq. (13) captures the slower of the two simultaneous branches;
task completion is not achieved until both parts finish.

The split can change with task size, queue state, and the link to the selected node.
A failure is recorded when the candidate is unreachable, the reliable rate condition
is missed, or the deadline expires. These records separate link failures from deadline
failures in the later analysis.

3.3 Decision Model

The decision state must describe the current task, candidate resources, spatial rela-
tions, queue conditions, and the task flow variables needed to represent changes over
a short horizon. At this stage, the model specifies what information and control vari-
ables are available, without prescribing how a particular policy architecture should
process them.

For each UAV k, the local observation ok,t contains the task attributes available
at decision time, position and reachability information, and the current resource pool
state. The joint decision consists of a choice of execution node, UAV displacement,
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and an adjustment of the offloading ratio. These variables have different action forms
and are coupled because the selected execution resource changes the link, queue, and
resource conditions faced by the continuous control variables. Section 4 describes how
PGHO organizes these generic decision variables into upper and lower policies.

The immediate reward gives priority to reliability. Delay margin and energy effi-
ciency benefits are available only when the task succeeds. Penalties distinguish failure
causes, invalid or infeasible actions, UAV movement, and the gap in estimated com-
pletion delay. This prevents the policy from obtaining an apparently low delay merely
by reducing offloading or repeatedly choosing one node. Task success is consequently
defined by a joint deadline and feasibility condition:

Isucci,t = 1
{
T totali,t ≤ Di,t ∧ Iouti,t + Iinvi,t + IHinvi,t = 0

}
(14)

The indicator in Eq. (14) equals one only if the deadline is met without link
interruption, invalid node selection, or an infeasible upper action. Deadline failure, link
interruption, an invalid node, and an infeasible upper action are recorded with separate
indicators. Additional indicators distinguish remote execution, local execution, and
future high pressure, so the reward retains the source of both reliability penalties and
execution benefits.

The normalized computation and communication energy cost reported in the result
tables includes only normalized local computation, remote computation, and wireless
transmission costs. UAV movement cost participates in policy optimization but is not
added to this reported metric. The metric is therefore not interpreted as the complete
energy consumption of the UAV system and is not expressed in physical joules.

Reward calculation uses normalized completion delay and normalized computa-
tion and communication energy. The reference quantity Eref places computation and
transmission costs on a common scale. The two normalized terms are calculated as

T i,t =
T totali,t

Di,t

, Ei,t =
Eloci,t + Eoffi,t + Etri,t

Eref
(15)

The first ratio measures delay relative to the task deadline; the second measures com-
putation and communication cost relative to Eref . These normalizations allow delay
and energy to enter the reward on comparable scales.

Combining the reliability and efficiency benefits with failure and action penalties,
the immediate reward is written as

ri,t = Rsucci,t +Reffi,t − Cfaili,t − Cacti,t (16)

In Eq. (16), the positive terms reward successful and efficient execution, whereas
the negative terms penalize failures and unfavorable actions. The basic value of the
success term is 12 for success and −12 for failure. The efficiency term includes delay
margin and normalized energy only when the task succeeds. The failure cost combines
deadline failure, link interruption, and invalid or infeasible actions. The action cost
combines UAV movement, estimated delay difference, a very small offloading ratio,
and future pressure. The fixed coefficients preserve reliability as the primary objective
and are used consistently across the reported PGHO experiments. Evaluation across
methods is based on task success ratio, average delay, 95th percentile delay (P95),
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99th percentile delay (P99), and normalized energy cost. Policy optimization return is
excluded because the learning methods use different reward constructions and Task
Flow Greedy (TF Greedy) has no reinforcement learning return.

3.4 Problem Formulation

Let At ⊆ M denote the candidate execution nodes available in slot t before the
physical screening used by PGHO. The method then constructs a feasible subset
Amask
t ⊆ At, defined in Section 4.2, before the upper node decision.
The joint decision in slot t consists of a discrete execution node, a continuous

offloading ratio, and UAV displacement, and it belongs to the feasible set Ut. The joint
control vector is expressed as

ut = (xi,t, ρi,t,∆pu,t) ∈ Ut (17)

The three components in Eq. (17) correspond to node selection and continuous con-
trol. In particular, xi,t, ρi,t, and ∆pu,t denote the selected node, offloading ratio, and
UAV displacement, respectively. The set Ut enforces node availability, ratio limits,
UAV displacement, and the permitted flight region. Coverage, reliable rate, and trans-
mission time are checked later through Amask

t . Task flow, queues, and vehicle and UAV
positions continue to evolve after the decision. An action taken in one slot therefore
changes part of the state used in the next. The objective is the discounted return over
the decision horizon. Delay, normalized energy, deadline failure, and task completion
enter through the reward. The objective over the decision horizon can be written as

J(π) = Eπ

[
T−1∑

t=0

γtrt

]
(18)

The expectation in Eq. (18) accumulates discounted slot rewards under policy π,
thereby accounting for the influence of each action on later states.

The admissible node, ratio, displacement, and flight region conditions can be
expressed together as

Ut = {(x, ρ,∆p) : x ∈ At, 0 ≤ ρ ≤ 1, ∥∆p∥2 ≤ vmax∆t,

pu +∆p ∈ Ωu}
(19)

The constraints in Eq. (19) limit the available execution node, the offloading
proportion, and the UAV movement within each slot.

The problem contains discrete node selection, a continuous offloading ratio, and
UAV movement control. The objective is also affected by future task changes, link con-
ditions, and queue evolution. The problem is therefore a nonconvex sequential decision
problem with mixed discrete and continuous variables. In the present problem, the
discrete choice of execution node determines part of the link, queue, and resource con-
ditions under which the continuous variables are selected. This dependency motivates
the solution structure introduced in Section 4.
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4 Proposed PGHO Method

4.1 Future Task Pressure Representation

To describe the temporal correlation of the task flow, this paper records four online
sequences: task computational load, urgency, arrival intensity, and deadline. Each
sequence keeps a history buffer of at most 96 samples. A short horizon of 4 slots is
predicted with three time scales for recent bursts, medium-term changes, and longer
trends.

In PGHO, predicted workload, predicted urgency, arrival pressure, deadline pres-
sure, and the future task flow pressure index (FTPI) are included in the observation.
The predicted task information is included in the upper decision state and contributes
to candidate evaluation before node selection. The predictive information also enters
lower continuous control directly and affects the future risk and reward terms that use
the predicted information. Prediction therefore remains active through node evalua-
tion and action generation instead of appearing once as an independent preprocessing
output.

For any observed sequence, the predictor uses three time scales. The prediction
horizon is H = 4, the maximum history length is Lh = 96, the three window lengths
are (ws, wm, wl) = (3, 6, 12), the smoothing factors are (αs, αm, αl) = (0.70, 0.48, 0.30),
the fusion weights are (ωs, ωm, ωl) = (0.50, 0.30, 0.20), and the trend decay factor is
δ = 0.82.

Each time scale calculates an exponentially weighted moving average (EWMA)
level term and a window trend term. When the history is shorter than the window,
the available part is used. Trend decay limits excessive extrapolation of short-term
anomalies. The results from the three scales are combined with fixed weights to balance
response speed and fluctuation suppression.

For each temporal scale k, the smoothed level is obtained from the recent
observations by

ℓ
(k)
t = EWMAαk

(yt−wk+1:t) , k ∈ {s,m, l} (20)
Here, αk controls how strongly the EWMA responds to newer observations. The
corresponding trend is estimated from the change across the selected window:

g
(k)
t =

yt − yt−wk+1

max {1, wk − 1}
(21)

The difference in Eq. (21) expresses the average change per slot within the window.
To predict h slots ahead, the three levels and decayed trends are combined as follows:

ŷt+h = clip

⎛
⎝ ∑

k∈{s,m,l}

ωk

[
ℓ
(k)
t + hδh−1g

(k)
t

]
, ymin, ymax

⎞
⎠ (22)

The weighted sum in Eq. (22) balances recent and longer trends, while the clip
operation keeps each prediction within its valid range.

The same prediction process is applied to task computational load, urgency, arrival
intensity, and deadline, giving four sequences for short-term prediction. The four vari-
ables describe future task pressure from different aspects. Computational load shows
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the processing demand of one task, arrival intensity shows the pressure from the num-
ber of tasks, urgency affects resource priority, and the deadline shows the allowed
completion time. The four resulting prediction sequences are collected as

ŷt =
(
L̂t+1:t+H , ût+1:t+H , Ât+1:t+H , D̂t+1:t+H

)
(23)

These four sequences retain the forecast for each task attribute and provide the inputs
used to construct the pressure features.

From the four predicted sequences, this paper extracts cumulative load, peak load,
mean arrival intensity, peak urgency, deadline pressure, and burstiness to form a com-
pact pressure vector. After fixed scale normalization, the components are combined
by weight vector w into FTPI. The original predicted sequences remain in the state.
FTPI only gives a compact expression of risk over the short prediction horizon and
does not replace the original information. The pressure components are organized into
the vector

qt =
(
Lcumt , Lpeakt , Ameant , upeakt , P ddlt , Bt

)
(24)

The components have different ranges, so they are first normalized before their
weighted combination:

q̃t = Norm (qt) (25)

The normalized pressure terms are then aggregated into a bounded index:

FTPIt = clip
(
wTq̃t, 0, 2

)
(26)

The resulting FTPI in Eq. (26) is a compact summary of the six pressure components,
not a substitute for the four predicted sequences. The deadline is treated as an observed
online sequence and is processed by the same predictor rather than being inferred
from urgency alone. The task-flow generation rules used to create the experimental
pressure scenarios are given in Section 5.1.

Fig. 4 Future task pressure representation
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Urgency remains a continuous state variable. For thresholded reward handling and
auxiliary success statistics, tasks with ui,t ≥ 0.65 are treated as high urgency tasks.
This thresholded category is not reported as a separate primary metric. Figure 4 shows
the future task pressure representation. The four predicted task sequences are sum-
marized into pressure features so that workload, task arrivals, urgency, and deadline
changes can be considered together before resource selection. The resulting information
enters state construction, risk evaluation, and both policy levels.

4.2 Hierarchical Decision Making with Predicted Task

Pressure

The upper decision is made first. Its state contains current heterogeneous resource
conditions together with the future task pressure representation, and the selected
resource is restricted by the dynamic feasible set. The lower controller is then formed
around that choice: the relevant link, queue, resource availability, and ratio bounds
enter its observation, while future task pressure remains available. UAV displacement
and the offloading ratio are generated under the conditions associated with the selected
node. The hierarchy therefore follows the dependency between resource selection and
continuous control rather than simply assigning different action types to different
learning algorithms.

The upper policy produces the discrete decision on the execution node,

aHi,t = πH (st) , aHi,t ∈ Amask
t , (27)

and the lower policy uses the conditions of the selected node together with the local
observation to generate UAV displacement and the adjustment of the offloading ratio:

aLk,t = πLk
(
ok,t, a

H
i,t

)
, aLk,t = (∆xk,t,∆yk,t, ηk,t) . (28)

Equations (27) and (28) implement the dependency identified in Section 3.4: the exe-
cution resource is selected first, and the continuous action is then generated under the
conditions associated with that choice. During learning, both policy levels use the slot
reward defined in Eq. (16).

The offloading ratio is zero for local execution. For remote execution, the environ-
ment first selects a baseline from a fixed set of candidate ratios. The mean ratio residual
produced by the UAVs is multiplied by 0.16 and added to that baseline, then clipped
by dynamic bounds determined from task pressure, link quality, and the node queue.
The lower policy makes a continuous correction around a feasible baseline rather than
searching the entire ratio interval. Ratio averaging and dynamic bounds incorporate
task pressure, link quality, and queue conditions directly into the continuous offloading
decision.

The upper and lower policies are trained with the standard DDQN and MADDPG
update rules used by the hierarchical controller. The upper DDQN first selects the
next feasible action using its online Q network and evaluates that action with its target
network. The resulting temporal difference target is calculated as follows:
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yHt = rt + γ(1− dt)Q
H
θ−

(
st+1, argmax

a∈Amask
t+1

QHθ (st+1, a)

)
(29)

Here, dt is the episode termination indicator, and θ and θ− identify the parameters
of the online and target upper Q networks, respectively. The upper network is trained
by minimizing the corresponding Smooth-L1 loss:

LH(θ) = E
[
SmoothL1

(
yHt −QHθ

(
st, a

H
t

))]
(30)

The loss in Eq. (30) penalizes the difference between the estimated upper Q value and
its target. For the continuous lower control, the target value of UAV k is defined by

yLk,t = rt + γ (1− dt)Qk,ϕ−

k

(
st+1, µ

− (ot+1)
)

(31)

Here, ϕ−k denotes the target Critic parameters, and µ− denotes the target Actor
output. The online Critic, parameterized by ϕk, is updated using the loss

LQk
(ϕk) = E

[
SmoothL1

(
Qk,ϕk

(st, at)− yLk,t
)]

(32)

The loss in Eq. (32) fits the Critic to the target for UAV k. The corresponding Actor
parameters ψk are updated through the deterministic policy gradient:

∇ψk
Jk = E[∇akQk,ϕk

(st, at)∇ψk
µψk

(ok,t)] (33)

The gradient in Eq. (33) adjusts the Actor through the sensitivity of the centralized
Critic to the UAV action. Both value losses use Smooth-L1 to limit the influence of
occasional large temporal difference errors during training.

The upper level uses an online Q network to select the next node and a target Q
network to evaluate the target value. The lower Critic evaluates the joint action of all
UAVs, while each Actor updates continuous control from its local observation. Target
networks are updated through soft parameter synchronization, which stabilizes the
value and policy updates during training.

Figure 5 emphasizes decision conditions rather than network architecture. Future
task pressure contributes to upper node evaluation and remains available to lower
continuous control. The dynamic feasible set is formed from physical feasibility and
estimated execution conditions before the upper policy ranks the remaining candi-
dates. The node chosen by the upper policy constrains the lower action through link
state, queue state, resource availability, and the feasible ratio range. DDQN and MAD-
DPG implement the discrete and continuous policies, respectively, within this decision
sequence.

The upper Q network has two hidden layers with 256 units each. Each lower Actor
has two hidden layers with 192 units, and the Critic has two hidden layers with 256
units. DDQN and MADDPG both use replay buffers and target networks, whose
parameters are synchronized gradually by soft updates. Future task pressure enters
both upper selection and lower control, while the upper action specifies the execution
conditions under which the continuous decision is generated.
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Fig. 5 Hierarchical offloading using future task pressure and the conditions of the selected node

In a dynamic vehicular network, not every candidate node is available in every
slot. PGHO first identifies nodes satisfying coverage distance, minimum reliable rate,
and maximum reliable transmission time. The physical feasible set is defined by

Amask
t = {a ∈ At : δa,t ≤ Rcov

a , Ra,t ≥ Rmin,

T tr
a,t ≤ τ trmax} ∪ {0}

(34)

Here, Rcov
a denotes the coverage range of candidate a, and index zero corresponds

to local execution. The set in Eq. (34) represents physical feasibility only. PGHO
then uses estimated completion delay to screen preferred candidates. If no candidate
satisfies the estimated time limit, a small number of nodes with lower estimated delay
are kept from the physical feasible set as the fallback set. The subsequent screen based
on estimated delay and the fallback rule further restrict this physically feasible set
before node selection.

Within the feasible candidate set, the upper value uses a bounded processing cost
correction to reduce the probability of selecting a node with clearly high delay:

aHt = argmax
a∈Amask

t

[
QHθ (st, a)− λpriorc

prior
t (a)

]
(35)

The selection rule in Eq. (35) uses the learned Q value while applying a bounded
penalty to candidates with high estimated processing cost. The correction may change
the ordering of candidates; it does not alter the physical feasibility screening.

4.3 Policy Selection Using Validation Results

Policy selection uses periodic validation rather than simply retaining the policy
obtained at the end of training. During training, the current policy is evaluated on
a fixed validation flow, and an improvement creates a new checkpoint. A sequence
of evaluations without improvement, together with a persistent decline, can restore a
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checkpoint with better validation performance. The validation procedure ends before
deployment and does not alter the online hierarchical decision. Figure 6 shows how
periodic validation, checkpoint retention, degradation detection, and restoration are
used for final policy selection. The diagram separates policy selection during training
from the online hierarchical decision used after training.

Fig. 6 Policy selection using checkpoint evaluation

Periodic validation uses a score that prioritizes reliability while also accounting
for average and tail delays. The checkpoint retention score can be expressed as fol-
lows: Crel combines the success ratio threshold and penalties for deadline failure, link
interruption, and invalid upper actions. ∆bal combines the balance terms for offload-
ing ratio and node use. The fixed weights follow the checkpoint retention score used
during the main training stage, while reliability conditions are evaluated jointly with
the aggregate score.

S(π) = 165Rsucc − Crel − 20Tavg − 5TP95 − 4Eavg +∆bal (36)

In Eq. (36), TP95 is the 95th percentile delay. A higher score reflects the selected bal-
ance of reliability, delay, energy, and policy use. Besides the aggregate score, candidate
policies are also retained according to reliability, average delay, the 95th percentile
delay P95, the 99th percentile delay P99, normalized energy, and policy return. Can-
didate policies are first compared by task success, then by deadline failure, link
interruption, and invalid upper actions, and finally by delay, energy, offloading ratio,
and node use.

Checkpoint selection within PGHO uses the validation score in Eq. (36). Evaluation
across methods instead uses the common physical metrics reported in the experiments,
because policy returns and validation scores are not directly comparable across meth-
ods with different reward constructions and TF Greedy has no reinforcement learning
return.
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Periodic evaluation produces a candidate set using different criteria such as reli-
ability, aggregate score, average delay, and tail delay. Using several criteria prevents
the candidate set from concentrating around policies selected by a single metric.

Each retained policy is then continued under predefined refinement settings and
evaluated again on the same validation flow. During refinement, candidate ranking
keeps reliability as the primary requirement but places stronger weight on average
delay, P95 delay, and P99 delay than the checkpoint retention score in Eq. (36). The
selected checkpoint is then used for the final evaluation. The variant without selection
inheritance (PGHO no SI) removes checkpoint retention, restoration, and candidate
refinement together. The result of PGHO no SI therefore evaluates the complete pro-
cedure and cannot identify rollback, inherited parameters, or one refinement setting
as the sole cause.

Algorithm 1 summarizes the execution order of the procedure based on valida-
tion results, including checkpoint update, restoration after persistent degradation,
candidate refinement, and final policy selection.

Algorithm 1 Policy selection for PGHO using validation results
1: Initialize the predictor, policy networks, replay storage, validation log, and checkpoint pool.
2: repeat
3: Build the current state and the future pressure features used to assess heterogeneous nodes.
4: Build the dynamic feasible node set through physical feasibility checks, comparison using predicted

task information, and action masking.
5: Select the execution node with the upper policy, then generate UAV movement and offloading ratios

under the selected node conditions.
6: Execute the joint action, store transitions, and update the upper and lower policy networks.
7: Evaluate the current candidate periodically on the fixed validation task flow.
8: Save the checkpoint when the validation score improves.
9: Restore the historical best checkpoint when the persistent degradation criterion is met.
10: until the main training criterion is met
11: Construct a diverse candidate pool from retained checkpoints using different evaluation criteria.
12: for each candidate strategy in the pool do
13: Refine the candidate using predefined refinement settings.
14: Evaluate the refined candidate on the same fixed validation task flow.
15: Update the global best checkpoint when the reliability and delay ranking during refinement improves.
16: end for
17: Restore the global best checkpoint as the selected PGHO policy.

The checkpoint comparison and candidate refinement stages of Algorithm 1 are
completed before deployment, so they do not add an online control branch to the
deployed policy.

The online complexity of the final policy consists of prediction updates, candidate
execution estimates, the upper node decision, and forward evaluation of lower continu-
ous control. Let the unit costs of prediction update, one candidate execution estimate,
one upper forward pass, and one lower Actor forward pass be CP , CE , CH and CL.

For N candidate nodes, G fixed ratio evaluation points per node, and Nu UAVs,
the decision complexity per slot is O(CP +N ·G ·CE+CH +Nu ·CL). Policy selection
is completed before the final policy is selected and does not change the parameter size
of the deployed networks. Online computation is dominated by candidate execution
estimation over fixed size sets.
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5 Results and Discussion

Section 5 first compares PGHO with TF Greedy and learning baselines under identical
task flows and a common evaluation protocol. It then analyzes the main component
variants and finally examines the evaluation traces over episodes. The variant without
prediction enhancement (PGHO no PE) removes predicted task information from
the decision process. The variant without hierarchical decision making (PGHO no
HD) removes the hierarchical decision structure. The variant without action masking
(PGHO no AM) removes action masking. PGHO no SI removes the validation selection
procedure. Elite experience and policy rollback remain auxiliary operations within the
training procedure.

5.1 Experimental Setup

The experiments use normal load, high load, and tight deadline task pressure scenarios
with random seeds 42, 43, and 44. For each generated task, the initial deadline depends
on urgency, load state, and burst state. Before scenario adjustments, it is calculated as

Dbase
i,t = clip

(
6.50− 2.40ui,t − 0.65lt − 0.25bt + εDi,t, 2.50, 6.50

)
. (37)

The clipped expression in Eq. (37) limits the baseline deadline to the specified
range. The load and burst states represent the current task flow and its changes, while
the random term allows tasks under the same conditions to have different deadlines.
The normal scenario leaves the generated task flow unchanged. The high load scenario
increases task input size and computational density by factors of 1.12 and 1.08, shifts
urgency, arrival intensity, and burst state by 0.02, 0.06, and 0.08, scales the dead-
line by 0.96, and increases background load by a factor of 1.06. The tight deadline
scenario uses factors of 1.03 and 1.02 for task size and computational density, shifts
urgency, arrival intensity, and burst state by 0.08, 0.02, and 0.03, scales the deadline
by 0.88, and increases background load by a factor of 1.02. After scenario adjustment,
deadlines are clipped to the interval from 2.20 s to 6.50 s. The predictor processes
the resulting deadline sequence online. The main comparison methods are TF Greedy,
MADDPG, soft actor critic (SAC), hybrid multiagent proximal policy optimization
(H MAPPO), and PGHO. SAC uses maximum entropy continuous control [42], while
the H MAPPO baseline is adapted from multiagent proximal policy optimization
(MAPPO) [43]. Recent vehicular edge research has investigated greedy computation
offloading [44] and applied MADDPG to joint offloading and resource allocation [45].
TF Greedy performs scheduling using fixed rules from current resource states and task
estimates over a short horizon, whereas MADDPG encodes UAV movement, node pref-
erence, and offloading ratio in one continuous action. Recent UAV MEC research has
applied SAC to computation offloading and flight related control [46]. Recent multi-
UAV MEC research has applied MAPPO to collaborative trajectory scheduling [47].
In this implementation, H MAPPO selects a node with a discrete policy and pro-
duces UAV movement and the offloading ratio with a continuous policy. PGHO differs
by more than its network choice. PGHO compares heterogeneous resources through
future task pressure before node selection and passes the conditions created by that
choice to the lower controller.
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All component variants use the same environment and evaluation protocol. PGHO
no PE removes predicted task information from the decision process. Terms that
require predicted information are therefore inactive in this variant. PGHO no HD
keeps the predicted task information, action masking, validation settings, task flows,
and random seeds, but removes the separate upper DDQN and the lower controller
that operates under the conditions of the selected node. One flat MADDPG policy
produces UAV movement, node preference, and the offloading ratio. This variant is
used only to measure the effect of the hierarchical decision structure. PGHO no SI
removes periodic evaluation inheritance, policy recovery, and candidate refinement.
PGHO no AM removes upper action masking. The variants without elite experience
assistance (PGHO no EI) and without rollback (PGHO no RB) remove these two
auxiliary operations, respectively. All other settings follow the corresponding PGHO
experiment unless the removed mechanism requires a structural change.

To reduce variation caused by different task flows, all methods share paired task
flows and background load sequences under the same scenario and seed. After training,
every scenario is evaluated for 1000 episodes on a reserved fixed task flow with no
parameter updates. These 1000 episodes belong to one continuous evaluation trace and
should not be treated as 1000 independent random samples. PGHO selects its final
policy from candidate checkpoints through the validation procedure described earlier
in Section 4, whereas PGHO no SI uses the policy obtained from a single training path.

The evaluation metrics are average delay, P95 delay, P99 delay, task success ratio,
and normalized energy cost. The normalized energy cost includes normalized local
computation, remote computation, and wireless transmission costs only. Each scenario
reports the mean and sample standard deviation over three seeds. The arithmetic
mean across the three scenarios is reported without an overall standard deviation, and
policy returns are not compared because they are not commensurate across methods.

Table 1 summarizes the physical parameters of tasks, links, and heterogeneous
nodes. The same physical environment, communication coverage, time scale, and
feasibility limits are used for all compared methods.

Table 1 defines the shared physical basis of the comparison. Its task, node, coverage,
and feasibility parameters remain unchanged across the scheduling methods, while
method-specific learning settings are listed separately in Table 2.

Table 2 gives the network architecture and optimization settings used by the learn-
ing methods. The table separates policy structure, replay capacity, learning rates,
exploration, and prediction settings from the common physical system parameters in
Table 1.
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Table 1 System parameters

Symbol Description Value
Ns Number of task source vehicles 10
Nu Number of UAV edge nodes 2
Nc Number of cooperative vehicle nodes 2
Nr Number of RSU nodes 2
N Number of candidate execution nodes 7
flocal Computing capacity of the local vehicle 7 GHz
fuav Computing capacity of each UAV node 25 GHz
fcv Computing capacity of each cooperative vehicle 15 GHz
frsu Computing capacity of each RSU node 40 GHz
Rcov,UAV Communication range of a UAV node 500 m
Rcov,CV Communication range of a cooperative vehicle 320 m
Rcov,RSU Communication range of an RSU node 420 m
T Time slots per episode 30
L Evaluation episodes 1000
Scenarios Task pressure scenarios normal, high load, tight deadline
Seeds Random seeds for repeated evaluation 42, 43, 44
∆t Duration of one time slot 1 s
vmax
u Maximum horizontal movement of each UAV per

slot
25 m/slot

Rmin Minimum reliable transmission rate used in fea-
sibility assessment

1.35 Mbps

τmax
tx Maximum reliable transmission time used in fea-

sibility assessment
1.85 s

Table 2 Network and policy optimization configurations

Configuration Item Setting Description
Upper DDQN
architecture

256× 256, rectified linear unit (ReLU),
output dimension N

Upper discrete node
selection in PGHO

Lower Actor
architecture

192× 192, ReLU, hyperbolic tangent
output

One independent Actor for
each UAV

Lower Critic
architecture

256× 256, ReLU, centralized input Centralized value
estimation in MADDPG

Replay buffer capacity PGHO 60,000; MADDPG 60,000; SAC
80,000

Maintained separately for
each method

Discount factor and
soft update coefficient

γ = 0.97, τ = 0.01 DDQN, MADDPG, and
SAC

Batch size PGHO upper and lower policies 64;
MADDPG and SAC 128; H MAPPO 128

Main policy update
parameters

PGHO learning rates DDQN 7× 10−4; Actor 7× 10−4; Critic
1.0× 10−3

DDQN, Actor, and Critic

MADDPG and SAC
learning rates

MADDPG Actor 8× 10−4, Critic
1.2× 10−3; SAC Actor 5× 10−4, Critic
1.0× 10−3, temperature 3× 10−4

Main parameters of the
comparison methods

H MAPPO network
parameters

Discrete branch 256× 256; continuous
branch 192× 192; Actor 3× 10−4;
Critic 6× 10−4

Mixed-action comparison
method

Upper ε exploration 0.30 → 0.02, linearly decayed over the
first 65 percent of episodes

Hierarchical PGHO variant

Lower continuous noise 0.12 → 0.015, linearly decayed over the
first 65 percent of episodes

Hierarchical PGHO variant

Prediction windows
and fusion weights

Horizon H = 4; windows 3, 6, 12;
weights 0.50, 0.30, 0.20; trend decay 0.82

Online prediction with
multiple time scales
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Table 2 separates the learning process from the common physical environment in
Table 1. These optimization settings determine how each learning method is trained,
whereas the final comparison uses the same physical performance metrics for all
methods.

Table 3 summarizes the structural differences among the baselines, the complete
PGHO method, and the component variants. TF Greedy uses scheduling rules based
on current resource states and task estimates over a short horizon. MADDPG is a
flat multi-agent continuous baseline that jointly outputs UAV movement, node prefer-
ence, and offloading ratio. SAC is a maximum entropy continuous control baseline. H
MAPPO is an adaptation with discrete node selection and continuous movement and
offloading control. PGHO uses predicted task information during resource selection,
hierarchical offloading under the conditions of the selected node, and policy selec-
tion based on validation results. PGHO no HD removes the separate upper and lower
decision structure and uses one flat policy while retaining the predicted task infor-
mation. PGHO no PE removes predicted task information, and terms that require
these predictions are inactive accordingly. PGHO no SI removes periodic validation
inheritance, policy recovery, and candidate refinement. PGHO no AM removes upper
physical feasibility masking.

Table 3 Main method configurations

Method Forecast Node condition Validation Mask

TF Greedy Rules No Not applicable Not applicable

MADDPG No No No No

SAC No No No No

H MAPPO No Yes No No

PGHO Yes Yes Yes Yes

PGHO no HD Yes No Yes Yes

PGHO no PE No Yes Yes Yes

PGHO no SI Yes Yes No Yes

PGHO no AM Yes Yes Yes No

The auxiliary variants PGHO no EI and PGHO no RB retain all four main mech-
anisms shown in Table 3. They differ from PGHO only by removing elite experience
assistance or policy rollback and are therefore discussed separately in the component
results.

5.2 Comparison with Baseline Methods

The three task pressure scenarios are reported separately so that the effect of work-
load and deadline pressure can be distinguished from variation caused by random
initialization. Each scenario gives the mean and sample standard deviation over three
random seeds. The arithmetic mean of the three scenario means is used only as an
overall summary and does not replace the individual scenario results. This subsection
compares PGHO with TF Greedy and the learning baselines before the component
analysis and evaluation traces are examined separately.
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Table 4 Normal scenario results, mean ± sample standard deviation

Method Average
Delay (s)

P95 Delay
(s)

P99 Delay
(s)

Norm.
energy cost

Task Success
Ratio (%)

TF Greedy 0.409±0.000 0.636±0.003 0.750±0.004 0.709±0.001 97.088±0.100
MADDPG 0.510±0.066 0.853±0.157 0.987±0.194 0.973±0.142 88.002±17.035
SAC 0.465±0.028 0.755±0.050 0.852±0.053 0.895±0.039 98.021±1.656
H MAPPO 0.421±0.028 0.727±0.063 0.845±0.079 0.910±0.027 98.932±0.962
PGHO 0.398±0.002 0.677±0.011 0.791±0.015 0.900±0.003 99.732±0.192
PGHO no HD 0.544±0.014 1.036±0.035 1.144±0.037 0.918±0.008 99.766±0.205
PGHO no PE 0.570±0.031 1.029±0.011 1.134±0.012 0.939±0.029 99.331±0.347
PGHO no SI 0.563±0.012 1.034±0.011 1.141±0.017 0.926±0.007 98.526±1.298
PGHO no AM 0.484±0.162 0.851±0.241 0.970±0.235 0.833±0.039 98.847±1.684
PGHO no EI 0.392±0.011 0.680±0.018 0.797±0.022 0.847±0.027 99.684±0.188
PGHO no RB 0.397±0.007 0.673±0.007 0.786±0.016 0.871±0.033 99.741±0.352

Table 4 presents the results under normal load. PGHO achieves an average delay of
0.398±0.002 s together with a task success ratio of 99.732%±0.192%. In this scenario,
the available computing resources leave enough spare capacity for several methods
to complete most tasks, so the difference is reflected more clearly in execution delay.
PGHO selects the execution node before adjusting UAV movement and the offload-
ing ratio. The hierarchical separation reduces the coupling among decisions and lets
the continuous controller operate with the conditions of the selected resource already
known. The predicted task information also helps distinguish candidates that look sim-
ilar in the current slot but are likely to face different queue pressure shortly afterward.
H MAPPO stays relatively close because it already separates discrete node selection
from continuous control. TF Greedy is also competitive when queues are short because
current link and resource states are often sufficient for a good immediate choice. Even
under this favorable condition, PGHO maintains both lower mean delay and a higher
task success ratio, showing that its advantage is not limited to congested operation.

Table 5 High load scenario results, mean ± sample standard deviation

Method Average Delay
(s)

P95 Delay (s) P99 Delay (s) Norm. energy
cost

Task Success
Ratio (%)

TF Greedy 0.481±0.000 0.772±0.006 0.911±0.006 0.825±0.001 97.088±0.100

MADDPG 0.556±0.005 0.834±0.013 0.929±0.014 1.032±0.018 96.992±0.480

SAC 0.535±0.012 0.863±0.009 0.965±0.011 1.048±0.031 98.587±0.263

H MAPPO 0.524±0.047 0.964±0.142 1.110±0.153 1.078±0.028 99.519±0.213

PGHO 0.483±0.017 0.854±0.020 0.989±0.024 1.016±0.042 99.533±0.413

PGHO no HD 0.750±0.021 1.531±0.049 1.682±0.056 1.084±0.020 99.980±0.023

PGHO no PE 0.760±0.051 1.499±0.022 1.645±0.027 1.075±0.023 99.667±0.009

PGHO no SI 0.790±0.030 1.531±0.020 1.680±0.021 1.096±0.027 99.324±0.852

PGHO no AM 0.542±0.087 1.090±0.256 1.261±0.286 0.966±0.045 97.179±2.275

PGHO no EI 0.480±0.013 0.847±0.014 0.979±0.018 1.048±0.043 99.506±0.320

PGHO no RB 0.466±0.011 0.825±0.013 0.959±0.024 0.998±0.039 99.851±0.213
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Table 5 reports the results under high load, where stronger resource competition
and faster queue buildup make the quality of the execution node decision more impor-
tant. TF Greedy gives an average delay only about 0.002 s lower than PGHO, while
MADDPG gives slightly smaller P95 and P99 values. These isolated advantages are
accompanied by clearly lower task completion reliability. PGHO reaches a task suc-
cess ratio of 99.533%, higher than those of TF Greedy and MADDPG and essentially
the same as the 99.519% of H MAPPO. Under high load, the mean delay therefore
remains close to the minimum while task completion stays near 100%. When candidate
nodes become congested, a poor resource choice is difficult to recover from through
later UAV movement or ratio adjustment. PGHO reduces this risk by considering pre-
dicted task pressure and current feasibility before continuous control is applied. The
higher normalized energy cost reflects more active use of the available air and ground
resources, but that additional resource use is accompanied by higher execution relia-
bility. The high-load results show that average delay remains low without sacrificing
task completion as resource competition increases.

Table 6 Tight deadline scenario results, mean ± sample standard deviation

Method Average Delay
(s)

P95 Delay (s) P99 Delay (s) Norm. energy
cost

Task Success
Ratio (%)

TF Greedy 0.425±0.000 0.691±0.004 0.819±0.005 0.732±0.001 97.088±0.100

MADDPG 0.570±0.092 0.956±0.167 1.064±0.162 0.943±0.012 96.471±1.780

SAC 0.468±0.005 0.768±0.009 0.877±0.014 0.902±0.013 98.542±0.384

H MAPPO 0.448±0.027 0.787±0.058 0.916±0.064 0.958±0.032 99.380±0.157

PGHO 0.409±0.003 0.710±0.009 0.830±0.011 0.897±0.025 99.850±0.159

PGHO no HD 0.613±0.015 1.136±0.037 1.250±0.042 0.960±0.009 99.657±0.337

PGHO no PE 0.613±0.024 1.118±0.008 1.230±0.011 0.988±0.037 98.796±0.487

PGHO no SI 0.545±0.097 0.984±0.162 1.099±0.150 0.945±0.019 98.004±1.317

PGHO no AM 0.462±0.065 0.898±0.174 1.035±0.186 0.862±0.022 93.413±5.818

PGHO no EI 0.412±0.013 0.713±0.028 0.832±0.031 0.907±0.024 99.647±0.406

PGHO no RB 0.413±0.009 0.702±0.005 0.818±0.013 0.912±0.041 99.877±0.147

Table 6 gives the results when the task deadlines are tightened. PGHO obtains an
average delay of 0.409±0.003 s and a task success ratio of 99.850%±0.159%. Its average
delay is lower than those of MADDPG, SAC, and H MAPPO, while the success ratio
is the highest among the principal baselines. Tight deadlines leave little time to recover
after an unsuitable resource has already been selected and transmission or queueing has
begun. The predicted workload, arrivals, urgency, and deadline information become
useful before the task is assigned, and the action mask removes candidates whose
current communication conditions already make reliable execution difficult. Future
task information and action masking jointly reduce the chance that the continuous
controller starts from a resource choice with little margin for adjustment. The success
loss of PGHO no AM under the same scenario further supports the importance of
early feasibility screening when deadline slack becomes small.

Averaged over the three scenarios, PGHO achieves 0.4301 s average delay and
99.705% task success ratio. Relative to MADDPG, SAC, and H MAPPO, average
delay is reduced by 21.1%, 12.1%, and 7.4%, respectively, while task success ratio
increases by 5.88, 1.32, and 0.43 percentage points. H MAPPO remains the closest
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learning baseline because it already separates node selection from continuous control.
TF Greedy also gives low mean delay because current queue and link states support
effective immediate choices. Against TF Greedy, PGHO keeps a 1.83% advantage in
average delay and improves task success ratio by about 2.62 percentage points. Taken
together, the results show a trade-off between mean delay and task completion across
changing workload and deadline pressure rather than the minimum value of every
individual metric. The approximately 24.2% higher normalized energy cost relative
to TF Greedy reflects the additional resource use associated with this reliability. The
following subsection examines the main components of PGHO.

5.3 Analysis of Main Components

Fig. 7(a) isolates the effect of the hierarchical decision structure. PGHO no HD keeps
the same future task information and the main evaluation settings, but removes the
separate execution node decision and uses one flat policy. Introducing the hierarchy
reduces average delay by 26.9%, 35.5%, and 33.2% under normal load, high load,
and tight deadlines, respectively. The mean of the three scenario values decreases
from 0.6355 s to 0.4301 s, a reduction of 32.3%. The size and consistency of these
reductions indicate that the hierarchical separation contributes to latency reduction.
Once the execution node is fixed, the lower policy only needs to adjust UAV movement
and the offloading ratio for that resource condition. The flat policy must coordinate
node preference and continuous control at the same time, which leaves more weak
combinations to be explored. The latency benefit becomes most visible under high
load, where an unsuitable resource choice leaves less room for later adjustment.
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Fig. 7 Impact of the hierarchical decision structure on (a) average delay and (b) P95 delay.

Fig. 7(b) shows an even stronger effect on tail delay. P95 delay is reduced by 34.6%,
44.2%, and 37.5% in the three scenarios, and its mean decreases from 1.2343 s to
0.7472 s, corresponding to a 39.5% reduction. The largest change again appears under
high load. The larger reduction under high load indicates that separating resource
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selection from continuous control becomes particularly valuable as queue imbalance
and resource competition increase. PGHO no HD still maintains a very high task
success ratio, so the evidence does not suggest that the hierarchy is necessary for basic
task feasibility. Its main benefit in these experiments is a substantial improvement in
both average and tail delay.

The validation procedure mainly affects which trained policy is retained for final
evaluation. Compared with PGHO no SI, the complete method reduces the average
delay across the three scenarios by 32.0% and P95 delay by 36.8%, while task success
ratio increases by 1.09 percentage points. Under high load alone, average delay falls
from 0.7900 s to 0.4833 s. These differences suggest that relying on the last training
state can discard a policy with better validation performance that appeared earlier
on the same task flow. Because PGHO no SI removes periodic validation, recovery,
and candidate refinement together, the experiment supports the complete selection
process rather than any one of those operations in isolation.

Action masking removes candidates whose current coverage, reliable rate, or trans-
mission time already makes them poor execution choices. Compared with PGHO no
AM, the complete method reduces the average delay across the three scenarios by
13.3% and P95 delay by 21.1%, while task success ratio increases by 3.23 percent-
age points. The effect is most visible under tight deadlines, where task success ratio
rises from 93.413% ± 5.818% without masking to 99.850% ± 0.159% with the com-
plete method. Failure statistics show that the lost tasks are mainly associated with
link interruption rather than deadline violation. The main role of the mask is to pre-
vent obviously unreliable assignments before the upper policy ranks the remaining
resources. The observed reliability gain is consistent with the role of early feasibility
screening when deadline slack is limited.

The additional results for elite experience and policy rollback show a more limited
effect. The average delay values across the three scenarios for PGHO no EI and PGHO
no RB are 0.4281 s and 0.4257 s, close to the 0.4301 s of PGHO and lower in some
scenarios. Their task success ratios are 99.612% and 99.823%, respectively. The two
auxiliary operations do not show a consistent independent improvement in average
performance. They are therefore treated only as auxiliary components for candidate
update and policy selection.

Removing the future task information increases both average and tail delay. Com-
pared with PGHO no PE, the complete method reduces the average delay across the
three scenarios by 33.6% and P95 delay by 38.5%, while task success ratio changes
by only 0.43 percentage points. Most tasks can still be assigned to a feasible resource
without prediction, but they are more often sent to nodes whose queues become less
favorable in the following slots. The much larger change in average and tail delay
than in completion rate is consistent with the intended role of future task pressure:
it mainly improves the timing and destination of resource selection rather than basic
execution feasibility. PGHO no PE therefore evaluates the overall contribution of pre-
dicted task information to the decision process and does not isolate the effect of one
prediction variable or of the pressure representation alone.
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5.4 Evaluation Traces and Focused Comparisons

Figure 8 shows task success ratio over 1000 evaluation episodes under high load. PGHO
remains close to 99.5% throughout the trace and stays in the same reliability range
as H MAPPO, while SAC, TF Greedy, and MADDPG remain lower. The curve also
complements the tabled mean values by showing that the high success ratio of PGHO
is sustained over the evaluation trace rather than being produced by a small number of
favorable episodes. The curve is averaged over seeds 42, 43, and 44 and then smoothed
with a 60 episode moving average.
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Fig. 8 Task success ratio over episodes in the high load scenario

Each scenario uses only three random seeds. The pressure scenarios for the same
seed are generated from the same basic task flow by scenario rules. Because the pressure
scenarios for a given seed share the same underlying task flow, the analysis is based on
scenario means, sample standard deviations, the arithmetic mean of the three scenario
means, and the observed metric changes rather than significance testing across the the
nine combinations of scenarios and seeds.

Figure 9 compares PGHO with TF Greedy, the baseline with the closest average
delay. PGHO reduces average delay by 2.62% under normal load and 3.72% under
tight deadlines. Under high load, TF Greedy is lower by only 0.51%, corresponding
to about 0.002 s after rounding to the precision used in Table 5. The mean of the
three scenario values is 0.4301 s for PGHO and 0.4381 s for TF Greedy, so PGHO
retains a small overall delay advantage while improving mean task success by about
2.62 percentage points. The comparison is useful because TF Greedy is already very
competitive in instantaneous delay; PGHO adds reliability without giving up that
level of mean delay performance.

30



Normal High Load Tight Deadlines
Scenario

0.0

0.1

0.2

0.3

0.4

0.5
Av

er
ag

e 
de

la
y 

(s
)

PGHO TF Greedy

Fig. 9 Average delay comparison between TF Greedy and PGHO. Error bars indicate sample stan-
dard deviations over three random seeds.
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Fig. 10 P95 delay over episodes in the high load scenario

Figure 10 shows P95 delay over the same high load evaluation trace. PGHO is
generally below SAC and H MAPPO, indicating better control of the upper part of
the delay distribution than these two learning baselines. MADDPG has a slightly
smaller mean P95 value, but its task success ratio is about 2.54 percentage points
lower. The comparison reinforces the main high load result: PGHO gives up a small
tail delay advantage to MADDPG with a task success ratio higher by 2.54 percentage
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points while keeping the mean delay substantially lower. The curve uses the same seed
aggregation and moving average as Fig. 8.

Figure 11 gives the corresponding P99 delay. PGHO remains generally below SAC
and H MAPPO, while MADDPG retains a slightly smaller mean P99 value. Together
with the average delay and task success ratio results, the comparison of tail delay
shows that PGHO maintains low mean delay and task completion close to 100% while
remaining competitive in the upper part of the delay distribution under heavy load.
The curve uses the same seed aggregation and smoothing as Fig. 10.

200 400 600 800 1000
Evaluation episode

0.9

1.0

1.1

1.2

1.3

P9
9 

de
la

y 
(s

)

TF Greedy
MADDPG
SAC
H MAPPO
PGHO

Fig. 11 P99 delay over episodes in the high load scenario

6 Conclusion

This paper presents PGHO for task offloading in VEC with UAV support and hetero-
geneous execution resources. PGHO summarizes several predicted task attributes as
future task pressure before resource selection, then performs continuous UAV move-
ment and offloading control under the link, queue, resource, and ratio conditions
associated with the selected execution node.

Across normal load, high load, and tight deadline scenarios, PGHO achieves 0.4301
s average delay and 99.705% task success ratio. Average delay is 21.1%, 12.1%, and
7.4% lower than MADDPG, SAC, and H MAPPO, respectively. Compared with TF
Greedy, PGHO keeps a small advantage in average delay while improving task success
ratio by about 2.62 percentage points, at the cost of higher normalized energy cost. The
component removal results show that future task information and hierarchical decision
making mainly affect average and tail delay, while action masking is especially relevant
to reliability under tight deadlines. The validation procedure supports policy retention
during training, with elite experience and rollback serving as auxiliary operations.
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The experiments use simulated traces, a single wireless model, a fixed network size,
and three random seeds. Normalized energy cost does not include full UAV propulsion
energy. Future work will consider measured link conditions, real vehicle trajectories,
larger resource pools, prediction uncertainty, and stricter deadline settings.
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