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ABSTRACT: In large-scale monitoring scenarios with multiple unmanned aerial vehicles (UAVs) and offloading
nodes, concurrent oftfloading of collected data to the same node within a short time window will cause excessive node
load, prolonged processing delay, and degraded information timeliness. To address this issue, this paper considers the
impact of users’ personalized demands on information timeliness and introduces the concept of Value of Information
(Vo). A user demand-oriented dynamic Vol model is established to accurately describe and evaluate information
timeliness. The multi-UAV offloading node selection problem is formulated as a semi-Markov decision process (SMDP),
and a Behavior Prediction-based Distributed Offloading Decision (BP-DOD) algorithm is proposed. By predicting
UAV offloading behaviors and constructing conflict costs, the algorithm explicitly characterizes the competition for
computing resources caused by the mismatch between the generation order and execution order of different UAV
decisions, thereby significantly improving convergence stability. Furthermore, Dueling DQN, Double DQN and reward
shaping techniques are integrated to further improve algorithm performance. Simulation results show that compared
with benchmark algorithms, the proposed algorithm can increase the average Vol by up to 0.777 and reduce the
information invalidation rate by up to 86.6 percentage points, and exhibits favorable adaptability across different scales
of UAVs and edge nodes.

KEYWORDS: Unmanned aerial vehicle; value of information; multi-access edge computing; user demand; deep
reinforcement learning

1 Introduction

Benefiting from three-dimensional mobility, rapid deployment capability and line-of-sight communi-
cation characteristics, unmanned aerial vehicles (UAVs) offer distinct advantages in improving information
acquisition efficiency of users [1], and have been widely applied in intelligent transportation [2], precision
agriculture [3], disaster monitoring [4] and other fields. However, in time-sensitive scenarios with high real-
time response requirements and wide regional coverage, such as battlefield information monitoring and
emergency rescue, if UAV's transport raw data back to end users after completing information collection,
the timeliness of information may fail to meet user demands. Multi-access Edge Computing (MEC)
technology [5] deploys computing resources at edge nodes close to information sources, enabling UAV's
to offload information nearby for processing and then forward the results to users, which better ensures
information timeliness while improving transmission efficiency [6].

Due to the limited processing capacity of edge nodes, concurrent offloading of multiple UAVs to
the same node within a short time interval will lead to increased node load and processing delay, thus
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impairing information timeliness [7]. To address this issue, researchers have proposed various oftfloading
algorithms. Early studies addressed this problem from the perspectives of convex optimization and game
theory. Ma et al. [8] conduct game-theoretic analysis on the offloading problem of multi-user multi-access
points to minimize delay and energy consumption. Cao et al. [9] study the scenario where UAVss fly between
a given start point and a destination, offloading computation tasks to multiple base stations along the
flight path. The optimization objective is to minimize task completion time by jointly optimizing trajectory
and offloading scheduling. Dai et al. [10] determine the optimal offloading node by comprehensively
considering computation, transmission and delay overhead for multiple UAVs performing sensing and
computation tasks.

In recent years, deep reinforcement learning (DRL) has been widely applied to offloading node selection
problem due to its strong adaptability to complex dynamic environments. Zhang et al. [11] comprehensively
consider quality of service and delay, model them as a utility function, and maximize long-term cumulative
utility by jointly selecting offloading computation, data volume, and target edge node. Sun et al. [12]
investigate joint service caching and computation offloading in mobile edge-cloud computing networks,
with the goal of minimizing the average service delay. Vidya and Gopalakrishnan [13] focus on delay-
sensitive tasks and dynamic edge load characteristics, and minimize energy consumption and transmission
delay. Tang and Wong [14] model delay and task dropping as costs, and minimize the long-term expected
cost by observing the dynamic load of edge nodes. Rahmaty et al. [15] model task completion rate, task
delay and energy consumption as quality of experience, and maximize quality of experience by optimizing
offloading decisions. Wang et al. [16] propose a deep reinforcement learning-based computation task
offloading algorithm, which allows UAVs to determine offloading decisions according to the information
of arriving tasks. Deng et al. [17] propose an offloading strategy based on game theory and reinforcement
learning for UAV swarms performing emergency fault inspection, to select edge servers with the objective
of minimizing energy consumption and delay. Sacco et al. [18] propose a distributed task offloading method
based on multi-agent reinforcement learning, which leverages information from peer devices to solve the
computation offloading optimization problem in real time, so as to minimize task completion time and
energy consumption in UAV networks.

However, the above studies generally assume that oftfloading devices can obtain all kinds of real-time
information required for current offloading and determine the offloading node accordingly. In the scenario
where multiple UAV's offload information to edge nodes, different UAV's have different offloading behaviors
such as offloading timing and data volume. It is difficult for UAV's to know each other’s offloading behaviors
or perceive the real-time status of nodes, rendering existing oftfloading algorithms insufficient to fully address
the node selection problem in such scenarios.

Regarding the quantification of information timeliness, most existing studies [19-24] focus on reducing
the end-to-end delay from information collection to delivery. In particular, studies in [23,24] further
investigate this problem from the perspective of Age of Information (AoI) [25]. Liu et al. [23] study the
scenario where UAVs fly among sensor nodes and collect status updates, and minimize Aol by jointly
optimizing UAV trajectory and sensor node scheduling. Liu et al. [24] propose a clustering-based data
collection strategy, which jointly optimizes collection point locations, node association, upload sequence and
flight trajectory to minimize the maximum and average Aol, respectively.

Nevertheless, all the above studies quantify information timeliness solely from the temporal dimension,
while information timeliness is not only determined by time, but also closely related to users’ personalized
demands [26]. For example, if users need data from a specific historical moment, information timeliness
does not change with delay; if users need real-time status data, the shorter the transmission and processing
delay, the higher the timeliness, and the information may become completely invalid after the deadline. Delay
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alone cannot accurately reflect such demand-oriented timeliness differences. By introducing the concept of
Value of Information (Vol) [27], information timeliness can be described and evaluated more precisely.

Currently, a few studies have applied Vol to data collection scenarios. Abbas et al. [28] propose a Vol-
aware data collection scheme, which deploys the minimum number of UAVSs to collect the most valuable data
and minimize energy consumption under delay and coverage constraints. Jing et al. [29] study multi-UAV
cooperative data collection and maximize total VoI through path planning. However, the above works only
discuss the data collection problem of UAVs, and have not extended the VoI metric to the full workflow of
data offloading, edge processing, and end-user delivery. For large-scale time-sensitive monitoring scenarios,
edge processing and forwarding are essential to preserve information timeliness. A systematic comparison of
the above related works is summarized in Table 1, covering optimization objectives, timeliness quantification
metric, consideration of user demands, and adopted methodologies.

Table 1: Comparison of related works.

Information Timeliness

Paper Optimization Objective Method
User Quantification
Demand Metric
(8] Delay and energy consumption x Delay Game theory
(9] Task completion time X Delay Convex optimization
o Compuation mmmissionand Game theory
[11] Quality of service and delay x Delay Ofiline RL (MDP)
[12] Service delay X Delay DQN and SAC (MDP)
[13] Energy consumption and delay x Delay Adaptive DRL (MDP)
[14] Delay and task dropping X Delay DRL (MDP)
[15] Task comple‘::ilcl)enr ;;te’ delay and y Delay DRL (MDP)
[16] Delay and energy consumption x Delay DQN (MDP)
[17] Energy consumption and delay X Delay Game theory and RL (MDP)
[18] Task completion time and energy X Delay MARL (MDP)
Ours Vol v Vol DRL (SMDP)

To address the above limitations, this paper further investigates the oftfloading node selection problem
after UAV information collection, considering the impact of users’ personalized demands on information
timeliness. Due to diverse UAV offloading behaviors, complex interaction with nodes, and difficulty in
obtaining global offloading information in real time, it is difficult for traditional optimization methods to
yield effective solutions. Deep reinforcement learning integrates reinforcement learning with deep neural
networks, which can not only handle high-dimensional state spaces, but also adapt flexibly to complex
dynamic system environments and learn policies that optimize long-term system performance. On this basis,
a distributed offloading decision algorithm based on UAV behavior prediction is proposed, which enables
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nodes to determine appropriate offloading targets for the next collection task without requiring real-time
global state information. The main contributions are as follows:

A user-demand-oriented information value model is constructed. Considering the differences in
information timeliness caused by users’ personalized demands for different target areas, the concept of
Value of Information (Vol) is introduced to accurately describe and evaluate information timeliness.
Meanwhile, the offloading problem is formulated as a semi-Markov decision process (SMDP) to
accommodate irregular decision intervals.

A Behavior Prediction-based Distributed Offloading Decision (BP-DOD) algorithm is proposed. The
algorithm employs LSTM to predict UAV offloading behaviors and combines the predictions with pend-
ing decisions to construct forward and backward conflict costs. This mechanism explicitly characterizes
the competition for computing resources caused by the mismatch between the generation order and
execution order of different UAV decisions, thereby significantly improving convergence stability.
Double DQN and Dueling DQN techniques are adopted to reduce Q-value overestimation and improve
learning efficiency. With the help of reward shaping technology, nodes obtain richer reward signals
during learning, which accelerates policy convergence.

Simulation results show that the proposed algorithm can effectively improve the average Vol of
information and reduce the information invalidation rate, and exhibits favorable adaptability across
different scales of UAV's and edge nodes.

For the convenience of reading, the key notations used throughout this paper are summarized in Table 2.

Table 2: Summary of key notations.

Notation Description
M Set of UAV's
N Set of edge nodes
T Set of time slots
k. (j) The j-th information collected by UAV m
t<°(5) Time slot when UAV m completes collecting k,, ( f)
Am(j) Data size of information k()
4 §) Collection duration of information k, (f)
A (8) Data size offloaded by UAV m to tl.le dedicated queue of node # at the start of
time slot ¢
qm.n(1) Length of the dedicated queue for UAV m at node n by the end of time slot ¢
B, (1), |B.(1)] Set of active queues at edge node 7 in time slot ¢ and its cardinality
tdv(5) Time slot when information k() is fully received by the user
tof( ) Time slot when information k() starts offloading
(i -1) Interval time slots between the j-th offloading and the (j —1)-th offloading
Hon(j) Historical offloading record of length W'maintained for UAV m after the j-th
offloading
sm(7)> am(j)> rm(j) State, action, and reward corresponding to the j-th decision of UAV m

(Continued)
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Table 2 (continued)

Notation Description
Gn Long-term reward of UAV m over the entire task
" Cumulative interval time slots between the (j + 1)-th offloading and the first
’ offloading
Q Pending decision set
p Pending decision information of UAV m’, including target offloading node,
§(m') : L : :
predicted offloading time slot and predicted data size
I (n), I'%(n) Forward conflict cost and backward conflict cost
en(i) A complete experience sample obtained after information k,, (j + 1) is fully
m

delivered

2 System Model

As shown in Fig. 1, this paper considers an offloading node selection scenario after multi-UAV infor-
mation collection. A set of UAVs denoted by M = {1, 2, - - -, M } undertakes periodic information collection
tasks over the target area. After each collection, UAV m € M flies from its target location w,, = (X, ¥m ) toan
edge node inset \'= {1,2, - - -, N'} for offloading. Each edge node n € N/processes the offloaded information
and sends the result to user u.

A ¥ UAV
. {(ﬁ(A).) User

= Edge Node

FIFO Queue

———» UAV Trajectory

\
"\ Transmission Link

Figure 1: Offloading node selection scenario for multi-UAV information collection.

The entire task execution process is discretized into a sequence of time slots 7= {1,2, - - -, T}, each with
a duration of §. The coordinates of edge node n and user u are w, = (x,, y,) and w, = (x,, y, ), respectively.
The following assumptions are adopted: each piece of information is indivisible and can only be offloaded to
a single node; all UAVs fly at a constant speed V' and maintain a fixed altitude; state updates only occur at
the boundaries of time slots.
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2.1 Value of Information Model

UAV m completes its j-th (j € N*) information collection at the target area at the beginning of time
slot t<°!(j) € 7, obtains information k,,(j), and then flies to edge node #,,(j) for offloading. The data size
of information k., (j) is given by A,,,(j) = BI®'(j), where f3 is the data volume coefficient and I°!( §) is the
collection duration. Let 7, (j) denote the number of time slots from the completion of information collection
to its full reception by the user. The value of information is defined as

) e_‘/’me(j), o<t (]) < Tmax’
Vol (kn(1)) = 3 W
0, T (j) > T,
where ¢, is the attenuation coefficient, which reflects the user’s sensitivity to information timeliness; 7;,**

is the delivery deadline (measured in time slots), and information is regarded as invalid if 7,,(j) > T**. @

and 7o

X jointly characterize the user’s personalized demands. When the user requires real-time situational

awareness, the value of information decays rapidly with delay, corresponding to a larger ¢,, and a smaller

max
X

to delay, corresponding to a smaller ¢, and a larger 7},**. By adjusting ¢, and 7,**, the model can flexibly
reflect the impact of different user demands on information timeliness.

When the user focuses on data at a specific historical moment, the value of information is insensitive

2.2 Edge Node Processing Model

Each edge node maintains a dedicated First In, First Out (FIFO) queue for each UAV. It is assumed that
once a UAV arrives at an edge node in a given time slot, its carried information starts offloading immediately
at the beginning of the next time slot.

Let A, (t) denote the data volume offloaded by UAV m to the dedicated queue of node 7 at the start
of time slot ¢, and g, ,(¢) (in Mbit) denote the length of the corresponding queue at the end of time slot ¢.
A queue is defined as active if it is non-empty in a specific time slot. Let B, () denote the set of active queues
at edge node 7 in time slot ¢, and |B,, ()| denote the number of active queues. Each node shares its current
number of active queues with other nodes at the beginning of every time slot. The minimum number of
bits required to share the number of active queues among all nodes is [logz(M + 1)]

Bu(t)y={m|meM, A, ,(t) >00r gmn(t-1)>0}. (2)

In each time slot ¢, the total processing capacity f, of node n is equally allocated among all active queues.
Accordingly, the queue length g, (t) is updated as

fu-9
prIBa(t)]

where the operator [-]* = max{0, -}, and p is the information processing density representing the number of
computing cycles required to process per unit data. For information waiting sequentially in the same queue,
after the previous piece of information is fully processed within a time slot, the next piece starts processing
at the beginning of the next time slot. The ratio of the processed result data size to the original data size is
denoted as (.

+

Qo (t) = [ Gmn (£ =1) + A u(t) - (3)
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2.3 Transmission Model

Line-of-sight channels are assumed for both UAV-to-node and node-to-user links. The corresponding
transmission rates are given by

Tmn = Bm,nlog, (1 + Em.nPm ) , (4)
OBm,n
gn,upn
nu =Buul 1+ =———]. 5
Tn, i ogz( + NOBn,u) (5)

where B,, , and B, , are the communication bandwidths of the UAV m-node n link and the node n-user u
link, respectively; g, and g, , are the corresponding channel gains; N is the noise power spectral density;
pm and p, are the transmission powers of UAV m and node n, respectively.

For information k,, (j) acquired at the beginning of time slot <°!( ), its offloading start time slot can
be expressed as

me_w”m(])H‘I_i_’V Am(]) (6)

off . coly -
) - 56+ | ,

V(S r My (5) 8
where [-] denotes the ceiling function. The processing result of k,,(j) will be delivered to the user after
[(An(j)/(n..0)] additional time slots. Let t27(j) denote the time slot when k() is fully received by the
user. Then the total end-to-end delay of information k,, () is

T (j) = 10 (J) = £52(j). )

3 Offloading Problem Formulation

In the considered scenario, since UAVs cannot know each other’s offloading behaviors or perceive
node status in real time, they are no longer suitable as decision-makers and only act as execution entities.
Specifically, whenever a UAV offloads information to an edge node, the node observes the current state and
plans an offloading decision for it, so as to maximize the Vol of information received by users. However, since
UAVs carry and transmit information, if the node plans the offloading decision based on the current state
after the UAV arrives at the node, the Vol of information will be further attenuated during transfer between
nodes. Therefore, the node needs to plan the offloading decision for the information currently carried by
the UAV in advance, so that the UAV can fly directly to the target node after collecting the information.
In other words, the offloading decision planned by the node currently does not apply to the information
currently carried by the UAV, but serves as the target offloading node for its next collected information. This
means that the decision will not be executed immediately, and takes effect only after the UAV completes the
next collection and arrives at the target node. For this reason, the Semi-Markov Decision Process (SMDP)
is adopted to model the problem [30].

Generally, a Markov Decision Process (MDP) can be represented by a 5-tuple (S, A, P, r,y), where S
is the state space, A is the action space, P(s’ | s, a) is the state transition probability that depends only on
the previous state s € S and action a € A, r is the reward received after taking action a in state s, and y is
the discount factor that balances the influence of immediate and future rewards. On this basis, the Semi-
Markov Decision Process (SMDP) introduces the action duration distribution F(d | s, a), where d denotes
the duration of executing action a in state s, and can be formulated as a 6-tuple (S, A, P,r, F,y). Unlike
MDP, the state transition probability of SMDP depends on both the previous state-action pair and the action
duration, denoted as P(s’,d | s, a). Therefore, SMDP does not require the system to satisfy the Markov
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property at every time instant as in MDP; instead, the Markov property holds only at state transition instants.
Meanwhile, to account for the impact of action duration on rewards, the discount factor y in SMDP acts as
a per-time-slot discount factor, and the discount weight between two states is given by y*.

In the considered scenario, the duration between different decisions of each UAV is not fixed, making
MDP unsuitable for problem formulation. SMDP allows variable decision execution intervals and is well
suited for offloading selection problems with irregular decision intervals.

3.1 State

Node 7,,() receives information k., () at the beginning of time slot °f( j), and then shares the data
volume A,,(j) of information k,,(j) and the interval time slots I°/(j — 1) elapsed since the last offloading
among all nodes. Each node can locally store the offloading records of UAV m at all nodes. Let H,,(j) denote
the historical offloading record of length W maintained by each node for UAV m after the j-th oftfloading:

Hp(j) = [xm(G =W +1), 20 (j = W +2), -, xm ()], (8)

where each offloading record x,, (i) is defined as
X (1) = (1 (1), I (i = 1), 1 (i) - )

Here, 1, (i) denotes the offloading node, I°(i — 1) denotes the interval time slots between the current
offloading and the last offloading, and A,, (i) denotes the offloaded data volume. The minimum number of
bits required to share a single offloading record x,, (i) among nodes is [log2 N ] + [log2 T] + [log2 /)’T]

The VoI of information received by users is affected by multiple factors. First, due to diverse user
demands, information collected by different UAVs has different attenuation coeflicients and delivery dead-
lines. Second, the varying load levels and processing capacities of edge nodes also lead to different degrees
of VoI degradation. Third, edge nodes need to perceive UAV behavior patterns from historical offloading
records to effectively plan the target offloading node for the next information collection task. Therefore, at
the beginning of time slot £°( j), node n,,( ) identifies the identity of the UAV and observes the attributes
of information k,, (j), node status, and historical offloading records. Specifically, the state observed by node
nm(j) is defined as

40 0) = (10 2 10 () =2) B0 (8 =D} (b ) "
where m denotes the identity of the UAV; g, ... () (t;’nff( j)- 1) represents the length of the dedicated queue
maintained by node n,,(j) for UAV m; {|B,, (£3(j) - l)‘}neN and {f,},.\ indicate the number of active
queues and the processing capacity of each edge node, respectively. In addition, the processing capacity
{fu} neprofall nodes can be determined upon node deployment and does not need to be shared among nodes.

3.2 Action and Duration

Let action a,,(j) € N denote the offloading decision generated by node n,,(j) for UAV m. This action
does not take effect for information k,,(j), but serves as the target offloading node for the next collected
information k,, (j + 1). The first offloading of a UAV defaults to the node closest to its target area.

Action a,,(j) will not be executed immediately after generation, and takes effect only when information
k.. (j+1) is offloaded to the corresponding node a,, (j). The duration of action a,,(j) can be expressed as

I () = €987+ 1) — £ ). (11)
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3.3 Reward

After node n,,(j) generates action a,, (j), UAV m takes it as the target offloading node for information
ku(j+1). Since the goal is to maximize the Vol of information received by users, the reward r,,(j) of this
action can be determined by the Vol of information k,, (j +1).

Nevertheless, if reward r,,(j) is only determined by the VoI of information k,,(j + 1), it is difficult
for nodes to pay effective attention to information with slow VoI attenuation. When such information
accumulates in nodes, it will in turn affect the processing of other information. For this reason, reward
shaping technology [31] is adopted to adjust the reward. Reward shaping is a method to guide agent learning
by introducing additional task-related learnable reward signals, which can help agents better understand task
goals, accelerate learning and improve learning effect. Accordingly, reward r,, () is constructed as

. ) Tm(j+1
() = Vol (ki (j +1) - D, 12)
3.4 Optimization Objective
The long-term reward of UAV m during the entire task is defined as
G = 221 13)
j21
where t; = {:1 (1) = % (j + 1) - t°(1) denotes the cumulative interval time slots between the (j + 1)-th

offloading and the first offloading of UAV m; y € (0,1] is the per-time-slot discount factor.

The offloading policy 7, [a (j) | sm ()] is defined as the probability distribution of taking action a,, ( j)
by node n given state s, (j). The optimization objective of this paper is to find the optimal policy 7}, for each
node n to maximize the long-term reward of the entire system, thereby maximizing the VoI of information
received by users.

T, = argmaxE[ > Gu | nn] , (14)
7o meM

where the expectation operator E[-] is used to handle the randomness of the system and the uncertainty of

long-term rewards.

4 The Proposed BP-DOD Algorithm

Most existing deep reinforcement learning architectures are inherently built upon the MDP formula-
tion, where states are observed instantly and actions take effect immediately. In contrast, the problem in this
paper is formulated as an SMDP: the action generated by a node after observing the current state does not
apply to the information currently carried by the UAV, but specifies the target offloading node for its next
collected information. Therefore, what a node truly needs to evaluate during decision-making is which node
is more suitable for processing the information when the UAV performs its next offloading, rather than which
node has the lowest load at the current moment. Intuitively, offloading decisions can be made by predicting
the node load at the next offloading instant. However, there exists a mutual interplay between node load and
offloading decisions: node load not only affects decision-making, but the decisions themselves also reshape
the future load distribution. Since different UAV's have different action execution times, the generation order
of decisions may differ from their actual execution order. Therefore, when making an oftloading decision,
the effects of other UAV offloadings occurring both before and after the target UAV arrives should be jointly
considered in evaluating information processing at the nodes.



10 Comput Mater Contin. 2026;89(3):55

To address this issue, this paper proposes a distributed offloading decision algorithm based on deep
reinforcement learning (DRL). The algorithm is designed on the basis of the DQN architecture [32], which
can learn through interaction with the environment without prior system modeling information and is
capable of handling large-scale state spaces. Meanwhile, the DQN structure is concise and easy to extend. We
modify the internal structure of DQN so that it not only adapts to the SMDP formulation of the considered
scenario, but also explicitly characterizes the potential impact of offloading decisions made by other UAVs
when the current UAV performs its next information oftloading. In the algorithm, the Q-value represents
the expected long-term reward corresponding to each state-action pair. Each node learns the mapping from
states to Q-values of all actions via a neural network, and selects the action that maximizes the Q-value
during decision-making, so as to maximize the long-term VoI of information received by users.

4.1 Network Architecture

The overall neural network architecture of the edge node is illustrated in Fig. 2. State information is first
fed into the network through the input layer: historical offloading records are used to predict future UAV
oftfloading behaviors, while the remaining state features are directly sent to the fully connected layer. The
prediction layer predicts the interval time slots and data volume of the UAV’s next offloading to each node
based on historical offloading records. The feature construction layer further calculates the conflict cost of
each node according to the prediction results. The fully connected (FC) layer learns the mapping from state
features to action Q-values. To improve learning efficiency, the Dueling DQN technique is introduced in the
advantage-value layer. Finally, the Q-value of each action is obtained at the output layer. Let 8,, denote the
neural network parameter vector of node n. The detailed design of each layer is described as follows.

Advantage-Value

/ﬁ S N Layer
Input Layer W Pending /Fﬁ

i C Layer ( )
Decision Set Q | Y O Output Layer
® & ® .0
ro| @l e e |@
Feature Construction Layer —
l )| @ @ @
& @ =
B} &0 le|.
; Prediction |1 (/) 8 : : :
H, - J VN
\L/@WH) @ @ @) o
e
E Experience e, (/) Update network|parameters Minimize the total loss | |
i (50 ()58 (7)o, (D17 (7)1 (741)55, (7 +1)) Copy network parameters L=L2+L+L, :
i 0, <0, I !
! Storel - :
i ———— Batch Evaluation Network 0, Target Network 6, Compute Q-loss i
i | Replay Buller [Sampling |« =aremas0, (v.:0,) 9 =rer 0 (starer) [ B=mEle -eGan)] | !

Figure 2: Neural network architecture of the edge node.

4.1.1 Input Layer

The input layer receives state s, (j) and delivers it to subsequent layers. The historical offloading record
H,,(j) in the state is first passed to the prediction layer for learning UAV offloading patterns, while the rest
of the state information is directly sent to the fully connected layer.
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4.1.2 Prediction Layer

The prediction layer is designed based on LSTM, which predicts the interval time slots and data volume
of the UAV’s next offloading to each node using the historical offloading records stored by the node. After
node n,,(j) receives information k,, (), the offloading record is updated from H,,(j —1) to Hy(j). Then,
based on the offloading patterns in H,, (), the prediction layer estimates the interval time slots I°%(n, j)
between the next offloading of UAV m to each node and the current time slot £2(j):

1) = (1%, ), - (15)

Let A, (j +1) denote the predicted data volume of the next offloading. Then the output of the prediction
layer can be expressed as

£0(+1) = (1 G An(i+ D). (16)

4.1.3 Feature Construction Layer

The oftloading decision generated by the node does not take effect immediately, but is executed after
the UAV completes the next information collection and arrives at the target node. For each UAV m’ that has
received an offloading decision but not yet executed it, the relevant decision information is defined as

E(m') = (m'sam (7)), 50 () s A (1)) 5 (17)

where a,,/(j') denotes the target offloading node of UAV m/, £°if(j") denotes the predicted offloading time
slot, and A,,+(j") denotes the predicted offloading data volume. After generating an offloading decision, the
node shares &(m") with other nodes, and all nodes maintain an identical pending decision set Q = {&(m”)}.
The minimum number of bits required to share each pending decision &(m") among nodes is [log2 M ] +
[log2 N] + [log2 T] + [log2 ﬁT]

When UAV m chooses to offload to node #, the UAVs in () may arrive at node n earlier than,
simultaneously with, or later than UAV m. The closer the arrival times are, the greater the impact on UAV
m. Accordingly, the forward conflict cost T¢*(#) and backward conflict cost T'(#1) are defined to quantify
the impact of UAVs in Q:

Zoff 1\ _ Foff(,
1500) = S8 G (1) = W1 ) < 38 0) o (1) e (VIR0 ) g
Q
1 Zoff “off i i (n, j+1) = 57 (j7)
K0) = S0 o (1) = TG > B0 0) o (1) exp (LD )
Q

where %(n, j+1) = t°(j) + I°%(n, j); I(-) is the indicator function, which equals 1 if the condition inside
holds and 0 otherwise; « is the scaling coefficient used to adjust the exponential decay rate.

The feature construction layer calculates the forward and backward conflict costs of each node based
on the prediction layer output %,,(j + 1). Its output can be expressed as

v, = [(l"fna(n),l"i: n))]neN. (20)
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4.1.4 Fully Connected Layers

Three fully connected layers are responsible for learning the mapping from state features to action Q-
values. Each fully connected layer consists of a set of neurons with the ReLU activation function, and each
neuron is fully connected to all neurons in the preceding and subsequent layers.

4.1.5 Advantage-Value Layer and Output Layer

The advantage-value layer and the output layer jointly implement the Dueling DQN technique [33] and
output the Q-value of each action. Its core idea is to separately learn the state value (the part of Q-value
determined by the state itself) and the action advantage value (the part of Q-value determined by action
selection), and then combine them to compute the final Q-value, so as to improve estimation accuracy.

The advantage-value layer contains two fully connected subnetworks: the advantage network and the
value network. For node n, the advantage network learns the advantage value A, (s,,(j),a;6,) for each
action a € N, and the value network learns the state value V,,(s,,(j);6,). Based on the outputs of the
advantage-value layer, the Q-value of action a € A'under state s, (j) at node n is computed as

Qu (sn(i)r160,) =V, <sm<j>;en>+(An (i) asf) - - 3 4, <sm<j),a';en>), o

|'A/| a’eN

where | V] denotes the total number of candidate actions.

4.2 Algorithm Training Process

Each node maintains an evaluation network and a target network separately to implement the Double
DQN technique [34]. The evaluation network is used for oftfloading decision-making and parameter update,
while the target network is dedicated to target Q-value calculation. The two networks share an identical
architecture, with parameters denoted as 0, and 0,,, respectively.

An e-greedy policy is adopted during training to balance exploration and exploitation. The action
selected by node n,,(j) for UAV m is given by

a randomly selected node, with probability ¢,
am(j) = (22)

arg max Qu (sm(j),a;0,), with probability 1 — .
ae

As training proceeds, ¢ is gradually decreased, so that the algorithm shifts from extensive exploration
in the early stage to exploitation of the learned offloading policy. In addition, each node n maintains
an experience replay buffer D,. A complete experience sample is obtained by the node once a piece of
information is fully delivered:

em(7) = (sm(j)s am(j)s rm(7)> It (j)s tm (j+ 1) sm(j+1)) . (23)

When sufficient experiences are accumulated in the replay buffer, a mini-batch of samples Z is
randomly drawn from D, for training. Random experience replay alleviates the temporal correlation among
consecutive decision samples and improves the utilization efficiency of historical experiences. For the i-th
sample in the mini-batch, s;, a;, r;, I°%, n/ and s/ denote the current state, action, reward, action duration,

next offloading node and next state, respectively.

Since the UAV may offload to a different node in the next step, the Q-value of the next state should be
calculated by the network corresponding to node n!. To mitigate the Q-value overestimation problem caused
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by using the same network for both action selection and evaluation in conventional DQN, the Double DQN
method is adopted. First, the evaluation network of node n’ is used to select the optimal action in state s':

* ! /
a: =argmaxQ, (s:,a;0,). 24
= argmax Qu (57, a0 (24)
Then the target network of node #/ is used to evaluate this action, and the target Q-value is obtained as
_ 1ot _
Qi =ri+y" Qu (sﬁ,a?;@nlf_). (25)

The Q-value loss function of node 7 is expressed as

LS Q7 - Qu (s ais0)T (26)
|Z| iel

where |Z] is the batch size of samples.

LY =

In addition, the prediction layer needs to learn UAV offloading behaviors. The offloading interval
prediction loss L) and data volume prediction loss L} are calculated via mean squared error, respectively.
The total loss function of node # is given by

L,=L2+LL +1} (27)

The node updates the parameters of the evaluation network and the prediction layer by minimizing L,,.
The parameters of the evaluation network are copied to the target network every fixed number of updates:

0,

<~ 0,. (28)

The overall procedure of the proposed BP-DOD algorithm is summarized in Algorithm 1.

Algorithm 1: The proposed BP-DOD algorithm

Input: Node set N, UAV set M, discount factor y, exploration probability ¢, batch size, target network
update period
Output: Offloading policy for each node
1: Initialize prediction network, evaluation network, target network, and replay buffer for each node; set
0,0,
2: Initialize historical offloading records H,,, pending decision set (2, incomplete experience map
3: for each training episode do

4: while k,,(j) is offloaded to node 1,,(;j) do
5: Update H,,, observe state s, (j)
6: Predict intervals Tf( j) and data size A,,(j +1)
7: Compute conflict costs using O
8: Select a,, (j) via e-greedy policy
9: Add pending decision to ), create an incomplete experience for k,, (j + 1)
10:  end while
11:  while k,,(j+1) is completely received by the user do
12: Compute reward r,, ()
13: Store the complete experience e, (j) into D,

14: end while

(Continued)
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Algorithm 1 (continued)

15:  while training conditions are met do

16: Sample mini-batch from D,,

17: Compute target Q-values

18: Compute L, L1, LA, L,

19: Update 0,, via gradient descent
20: Periodically set 8, < 6,

2l:  end while
22:  Decrease ¢ gradually
23: end for

4.3 Complexity Analysis

Time complexity: Let £ denote the number of multiplication operations in the neural network. For
each training sample, the computation cost of forward propagation and backward propagation is both O(L).
Given a batch size of |Z], the time complexity of a single training step is O(L£|Z|). Let N°'f denote the total
number of decision events per episode and N°P' denote the number of training episodes. Then the time
complexity of the entire training process is O(NP'N°f£|7]).

Space complexity: Let |D,| denote the size of the experience replay buffer. Each experience needs to
store the current state, action, reward, action duration, next offloading node and next state, with a constant
storage overhead. Therefore, the space complexity of a single node is O(|D,|), and the total space complexity
of all nodes is O(|V]|D,|). The storage overhead of neural network parameters is relatively small and fixed,
which can be ignored.

5 Simulation Experiments and Performance Analysis

The simulation is conducted in a 2000 x 2000 m” area with 25 UAVs and 2 edge nodes. The simulation
parameters are set based on existing works [14,35]. We set 120 training episodes, each containing 12,000 time
slots with a duration of 0.1 s per slot. The exploration factor ¢ linearly decays from 1to 0.01, and the RMSProp
optimizer is adopted. The length of historical offloading records W is 25, and the attenuation coefficient
¢m is selected from the set {0.0,0.0001, 0.0002,0.0003,0.0004 }. The user is located at (1000, 0), and the
two edge nodes are located at (700, 400) and (1300, 400), respectively. To simulate diverse UAV oftloading
behaviors, the collection duration is set to four patterns—sinusoidal, triangular, sawtooth and random—as
in [36], which also demonstrates that more complex patterns can be derived from combinations of these
basic patterns. The remaining simulation parameters are listed in Table 3.

Table 3: Simulation parameters.

Parameter Description Value Parameter Description Value
Flight speed V 30 m/s Data volume coefficient 0.3
Communication bandwidth B,, ,,, B, 1MHz, 1 MHz Information processing density p 0.397 GHz/Mbit
Channel power gain gm.»» £n,u —80 dB, —48 dB Batch size 128
Noise power spectral density Ny -180 dBm/Hz Learning rate 0.001
Transmission power p,,, pn 0.5W,20 W Discount factor y 0.9995
Processing capacity f, 2,2.5GHz Replay buffer size 20,000
Delivery deadline 7;,;** 800, 900, 1000 LSTM cell 64
Result-to-original data ratio 0.1 FC layer neurons 128 x 3

Scaling coefficient 200
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All simulations are performed on a Windows 10 workstation equipped with a quad-core/eight-thread
Intel CPU, 8 GB system memory and an NVIDIA GeForce MX250 GPU. The algorithm is implemented in
Python 3.9.21 with TensorFlow 2.10.0, using PyCharm as the development platform.

5.1 Performance Comparison with Benchmark Algorithms

Three benchmark algorithms are selected for comparison: the random selection algorithm, the nearest
node first algorithm, the DRL-based algorithm proposed in [13], and the Multi-Agent Proximal Policy
Optimization (MAPPO) algorithm. The evaluation metrics include average VoI, information invalidation
rate, average node residence time (the duration from information offloading to completion of processing),
and average number of active queues per node. All results are statistical averages of 30 independent
experiments under the same scenario.

Fig. 3a shows the comparison of average Vol and information invalidation rate among all algorithms.
The proposed BP-DOD algorithm achieves an average Vol of 0.882, while the random selection algorithm,
the nearest node first algorithm, the DRL-based algorithm and the MAPPO algorithm obtain average Vol
of 0.667, 0.313, 0.105 and 0.854, respectively—representing an increase of up to 0.777 in average Vol. The
gap in information invalidation rate is more significant: the invalidation rates of the four benchmarks are
26.1%, 66.1%, 88.9% and 5.1%, respectively, whereas that of the proposed BP-DOD algorithm is only 2.3%,
representing a maximum reduction of 86.6 percentage points. In terms of stability, the standard deviation
of average VoI of the proposed BP-DOD algorithm is 0.0066, and the standard deviation of information
invalidation rate is 0.0069, slightly higher than 0.0026 and 0.0028 of the DRL-based algorithm. However,
this does not mean that the DRL-based algorithm is more stable; instead, it indicates that the scenario has
reached the performance limit of the DRL-based algorithm, whose performance is at an extremely low level
with very little fluctuation.
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Figure 3: Performance comparison with benchmark algorithms. (a) Average Vol and information invalidation rate;
(b) Average residence time and number of active queues.

Fig. 3b presents the comparison of average node residence time and average number of active queues.
The average residence times of the random selection algorithm, the nearest node first algorithm, the DRL-
based algorithm and the MAPPO algorithm are 408.23, 1176.68, 4805.42 and 230 time slots, respectively,
while that of the proposed BP-DOD algorithm is only 202.54 time slots. In terms of average number of
active queues, the four benchmarks have 5.938, 8.142, 9.983 and 3.905 queues on average, respectively, all
higher than 3.449 of the proposed BP-DOD algorithm. For stability, the standard deviation of average node
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residence time of the proposed BP-DOD algorithm is 10.8105, the lowest among all algorithms; the standard
deviation of average number of active queues is 0.1851, higher than 0.0672 of the nearest node first algorithm
and 0.0242 of the DRL-based algorithm. This is because the average number of active queues of the proposed
BP-DOD algorithm is significantly lower than that of other algorithms, making it more susceptible to node
load fluctuations.

5.2 Ablation Study

To verify the contributions of the LSTM, conflict cost, Double DQN and Dueling DQN, four algorithm
variants are compared: the full BP-DOD algorithm, the standard DQN (without Dueling DQN and Double
DQN), the BP-DOD algorithm without LSTM (with the prediction layer removed), and the BP-DOD
algorithm without conflict cost (with the feature construction layer removed).

Fig. 4aand Fig. 4b show the convergence performance of average Vol and information invalidation rate
for each variant, respectively. It can be observed that as the number of training episodes increases, the full
BP-DOD algorithm converges the fastest with the highest stability and the best performance upper bound,
followed by the standard DQN with slower convergence and slightly worse performance. The BP-DOD
without LSTM achieves slightly lower performance than the standard DQN. For the variant without conflict
cost, since it cannot estimate the future competition for node computing resources during offloading, it is
difficult to effectively plan offloading decisions for UAVs. Therefore, it has the slowest convergence, the worst
performance and the largest fluctuation.
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Figure 4: Results of ablation study. (a) Convergence of average Vol; (b) Convergence of information invalidation rate.

In addition, we quantify the prediction accuracy, and the results are summarized in Table 4. The NRMSE
is obtained via min-max normalization, i.e., RMSE is divided by the value range (difference between the
maximum and minimum values) of the corresponding data type in the experiment.

Table 4: Prediction accuracy.

MAE RMSE NRMSE (%)

Offloading intervals (time slots) 15.528 21.621 1.971
Data size (Mbit) 2.456 3.022 12.591
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5.3 Effect of Reward Shaping

To further analyze the impact of the reward function on the performance of the proposed BP-DOD
algorithm, the current reward function is compared with the pure Vol reward function. All results are
statistical averages of 30 independent experiments under the same scenario.

Fig. 5a,b shows the convergence performance of average Vol and information invalidation rate under
the two reward forms. It can be seen that with reward shaping, the proposed BP-DOD algorithm converges
faster and more stably. Fig. 5¢ further presents the detailed performance after reward shaping. After reward
shaping, the average Vol increases from 0.852 to 0.882, and its standard deviation decreases from 0.0111 to
0.0066; the information invalidation rate decreases from 5.2% to 2.3%, and its standard deviation decreases
from 0.0114 to 0.0069; the average node residence time decreases from 261.74 to 202.54, and its standard
deviation decreases from 16.6267 to 10.8105; the average number of active queues decreases from 4.464 to
3.449, and its standard deviation decreases from 0.2844 to 0.1851.
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Figure 5: Performance comparison with and without reward shaping. (a) Convergence of average Vol; (b) Convergence
of information invalidation rate; (c) Detailed performance comparison.

The above results indicate that although using Vol directly as reward is most consistent with the
optimization objective in form, for information with slow or even no attenuation, although they are
insensitive to delay, they still continuously occupy node queues and processing resources. If not processed
in time, they will affect the Vol of other information. Theoretically, this effect can be learned through long-
term rewards, but in practical scenarios, such reward signals are difficult to be effectively captured by nodes.
Reward shaping enables nodes to more effectively perceive the long-term impact of resource competition
by introducing auxiliary reward signals, thereby improving the performance upper bound and stability of
the algorithm.

5.4 Parameter Sensitivity Analysis

We further analyze the impact of different scaling coeflicients, learning rates and batch sizes on the
convergence performance of average Vol and information invalidation rate of the proposed BP-DOD
algorithm, while keeping other simulation settings unchanged.

Fig. 6a and Fig. 6b show the impact of different scaling coeflicients on the convergence performance
of average VoI and information invalidation rate, respectively. It can be observed that the scaling coefficient
mainly affects the early training stage. When the scaling coeflicient is small, the convergence performance
is unstable and slow. When the scaling coefficient increases from 200 to 250, the convergence performance
does not improve significantly.



18 Comput Mater Contin. 2026;89(3):55

o

°
>

Average Vol
S

Invalidation rate
Average Vol

°
<

0 20 40 60 80 100 120 0 20 40 60 80 100 120 0 20 40 60 80 100 120
Episode Episode Episode

a b ¢

Invalidation rate
Average Vol
Invalidation rate

o

0.0 - - —
) 20 40 60 80 100 120 ) 20 40 60 80 120 0 20 40 60 80 100 120

Episode Episode Episode

d e f

Figure 6: Parameter sensitivity analysis. (a) Scaling coefficient vs. average Vol; (b) Scaling coeflicient vs. information
invalidation rate; (c) Learning rate vs. average Vol; (d) Learning rate vs. information invalidation rate; (e) Batch size vs.
average VoI; (f) Batch size vs. information invalidation rate.

Fig. 6¢,d shows the impact of different learning rates. When the learning rate increases from 0.0001 to
0.001, the convergence speed in the early training stage is improved, while there is little difference in the later
stage. When the learning rate continues to increase, the early convergence speed decreases. Especially when
the learning rate equals 0.1, obvious oscillation occurs during training.

Fig. 6e,f shows the impact of different batch sizes. The batch size also mainly affects the early training
stage. In the early stage, as the batch size increases from 32 to 128, the convergence speed is improved. When
the batch size further increases to 256, the convergence performance does not improve significantly.

5.5 Information Exchange Frequency Experiment

Fig. 7a,b shows the impact of different state information exchange frequencies between nodes on the
convergence performance of average Vol and information invalidation rate. In the default scenario, the
original BP-DOD algorithm assumes that nodes can exchange state information every time slot, and the
minimum bits required for sharing the three types of state information are 5, 27 and 32 bits, respectively.
To evaluate the sensitivity of the algorithm to information exchange frequency, we compare the training
performance when nodes exchange state information every 100, 500, 800 and 1000 time slots.

The results show that the impact of information exchange frequency is mainly concentrated in the
early training stage. The scheme with information exchange every 100 time slots achieves almost the same
performance as the per-slot exchange scheme. As the information exchange frequency further decreases, the
convergence performance of the algorithm degrades gradually.

Frequent state information exchange helps the algorithm converge quickly. However, the algorithm
training is based on random sampling from the experience replay buffer rather than relying solely on
the latest experience, so it has a certain tolerance to the reduction of information exchange frequency. In
addition, with the accumulation of interactions between nodes, nodes can fully understand the oftloading
behaviors of UAVs, which compensates for the adverse effect of reduced exchange frequency. Therefore, the
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communication overhead can be reduced by appropriately lowering the information exchange frequency
without significantly deteriorating the algorithm performance.
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Figure 7: Performance under different information exchange frequencies. (a) Average VoI; (b) Information invalida-
tion rate.

5.6 Impact of UAV and Node Scales

Fig. 8 shows the impact of different UAV and node scales on algorithm performance, where solid lines
represent average values of 30 independent experiments and shaded areas represent standard deviations.

In Fig. 8a,b, the number of edge nodes is fixed at 4 and the number of UAVs is adjusted to investigate
the impact of UAV scale. As the number of UAVs increases, the average Vol of the random selection
algorithm drops from 0.807 to 0.576, and its information invalidation rate rises from 11.367% to 36.038%,
with consistently large standard deviation. The nearest node first algorithm always performs the worst: its
average Vol increases from 0.119 to 0.319, and its information invalidation rate decreases from 87.367% to
65.43%. The DRL-based algorithm achieves an average Vol of 0.769 with 40 UAVs, but drops sharply to
0.437 at 45 UAVs and then stabilizes; its information invalidation rate surges from 14.897% to 52.564% and
then levels off. The MAPPO algorithm sees its average Vol decrease from 0.85 to 0.47 and its information
invalidation rate increase from 6.985% to 46.872%. In contrast, the proposed BP-DOD algorithm always
maintains the highest average Vol: it reaches 0.87 with 40 UAVs and remains basically stable, staying at
0.838 with 55 UAVs. Its information invalidation rate is always the lowest, 5.128% at 40 UAV's and basically
unchanged afterwards, remaining at 6.962% with 55 UAVs. The results verify that the adaptability of the
proposed BP-DOD algorithm under different UAV scales is significantly better than other algorithms.

In Fig. 8¢,d, the number of UAVs is fixed at 40 and the number of edge nodes is adjusted to investigate
the impact of node scale. The nearest node first algorithm still achieves the worst overall performance. The
average Vol of the random selection algorithm rises from 0.018 to 0.837, and its information invalidation rate
drops from 97.981% to 8.214%. The DRL-based algorithm sees its average Vol increase from 0.07 to 0.868
and its information invalidation rate decrease from 92.304% to 5.323%. The MAPPO algorithm achieves an
average Vol from 0.016 to 0.873 and an information invalidation rate from 98.238% to 5.063%. The proposed
BP-DOD algorithm yields an average Vol from 0.075 to 0.908 and an information invalidation rate from
92.256% to 0.686%, consistently outperforming other algorithms. The above results indicate that when the
number of nodes is small and computing resources are tight, the performance of all algorithms is at a low level
with little difference. As the number of nodes increases, the performance gap between algorithms widens
rapidly. When the number of nodes further increases, sufficient computing resources compensate for the
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performance limitations of each algorithm, and the performance of all algorithms reaches a satisfactory level
with gradually narrowing gaps.
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Figure 8: Performance under different UAV and node scales. (a) Average Vol vs. number of UAVs; (b) Information
invalidation rate vs. number of UAVs; (c) Average Vol vs. number of nodes; (d) Information invalidation rate vs. number
of nodes.

5.7 Computational and Storage Overhead

We evaluate the practical computational and storage overhead of the BP-DOD algorithm under the
default scenario. In each episode, the total training time includes both algorithm computation and discrete-
time environment simulation, while the decision latency only covers the computation from processing the
observed state to generating the offloading action, excluding environment advancement and task scheduling.

As shown in Table 5, completing 120 training episodes takes approximately 62.32 min, i.e., an average
of 31.16 s per episode. Each training episode contains an average of 406.28 offloading decisions and 122.13
network-update rounds. The mean decision latency and the 95th-percentile decision latency are 15.30 and
18.68 ms, respectively, both significantly shorter than the duration of a single time slot. This indicates that
the BP-DOD algorithm can generate an offloading decision within one time slot on the simulation platform.

In terms of storage, each node contains 120,201 trainable parameters plus target network parameters,
which occupy only about 0.46 MiB when stored in FP32 format. Under the configured capacity, the replay
buffer of each node occupies approximately 21.90 MiB. During training, the full simulation process reaches
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peak CPU and GPU memory usage of about 1193.80 and 17.89 MiB, respectively. Note that the CPU memory
here includes the simulation environment, replay buffer, Python runtime and TensorFlow runtime, so this
value is a conservative upper bound rather than the storage requirement of the BP-DOD algorithm itself.

Table 5: Computational and storage overhead of BP-DOD.

Metric Value
Total training time, 120 episodes 62.32 min
Average training time per episode 3L16 s
Mean/95th percentile decision latency 15.30/18.68 ms
Model storage per node 0.46 MiB
Replay-bufter storage per node 21.90 MiB
Peak CPU/GPU memory during training 1193.80/17.89 MiB

6 Conclusion

This paper investigates the offloading node selection problem after multi-UAV information collection,
considering the impact of users’ personalized demands on information timeliness. In this problem, UAVs
can neither know each other’s offloading behaviors nor perceive the real-time status of nodes. On this basis,
the concept of Value of Information is introduced, the offloading node selection problem is modeled as a
semi-Markov decision process, and a Behavior Prediction-based Distributed Offloading Decision (BP-DOD)
algorithm is proposed. The algorithm is designed on the DQN architecture, with LSTM introduced to learn
and predict UAV offloading behaviors, and conflict cost adopted to estimate future resource competition
of nodes. Dueling DQN, Double DQN and reward shaping techniques are further integrated to improve
algorithm performance. Simulation results show that the proposed BP-DOD algorithm can reasonably
allocate offloading nodes for UAVs according to their behaviors, effectively improve the average Vol of
information and reduce the information invalidation rate, and exhibits favorable adaptability across different
scales of UAVs and edge nodes. Future work will consider more sophisticated UAV data collection behaviors,
and conduct further research on flight obstacle avoidance, complex electromagnetic environments, hetero-
geneous demands of multiple users, and node energy consumption, so as to enhance the adaptability and
scalability of the proposed algorithm in more complex scenarios.
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