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Abstract: With the rapid development of wireless and intelligent computing technologies, emerging applications like au-
tonomous driving and AI agents demand ubiquitous, low-latency, and efficient computing resources. Wireless computing power
networks (WCPNs), which interconnect geographically distributed and heterogeneous computing nodes through wireless com-
munication infrastructures, are regarded as a key paradigm for supporting such computing-intensive and latency-sensitive
services. However, the current critical challenge is how to achieve efficient, low-latency joint optimisation across domains and
multiple tasks by coordinating highly heterogeneous distributed computing and communication resources while protecting each
node’s data privacy. To address the challenge of privacy-preserving collaboration among heterogeneous computing nodes with
non-IID data distributions in WCPNs, this paper introduces a federated intelligence–driven learning framework. By leveraging
federated learning with a FedOpt-based aggregation mechanism, collaborative model training can be achieved without sharing
raw data, while improving accuracy and convergence performance under data and node heterogeneity. To further address the
cross-domain multi-task resource allocation problem under stringent real-time requirements, a joint optimisation model is for-
mulated that incorporates wireless communication conditions, heterogeneous computing capabilities, task service demands, and
system energy consumption. By minimising the total execution delay of multiple tasks subject to resource, energy, and schedul-
ing constraints, a genetic algorithm–based solution is employed to derive near-optimal task orchestration and resource allocation
strategies. Simulation results demonstrate that the proposed framework achieves lower task execution delay and higher energy
efficiency than baseline schemes, validating its effectiveness in WCPNs.
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1 Introduction
With the rapid evolution of sixth-generation (6G) [1] wireless
communication and artificial intelligence (AI) technologies
[2], intelligent applications are undergoing a radical trans-
formation, moving towards autonomy, real-time interaction,
and large-scale collaboration. Rising frameworks such as AI
agents[3], autonomous driving[4], immersive extended real-
ity (XR)[5], and intelligent industrial systems[6] increasingly
depend on persistent perception, decision-making, and learn-
ing from vast volumes of data. These applications impose
rigorous requirements on pervasive computing capability, low
latency, and high reliability, which can no longer be met by
conventional centralised computing architectures.

To sustain such computationally intensive and delay-
sensitive services, computing resources are being extensively
deployed across the network, from centralised clouds to edge
servers and intelligent terminals. In this scenario, nearly every
interconnected device can serve as a computing node, form-
ing a highly distributed computing ecosystem characterised
by heterogeneity in computing capacity, data distribution,
and energy supply [7]. Moreover, these computing nodes are
frequently managed by different service providers or fall un-
der distinct administrative domains, resulting in a dynamic,
cross-domain, heterogeneous computing environment. This
structural transformation drives the rise of wireless computing
power networks (WCPNs)[8], in which dispersed computing
resources are linked via wireless communication frameworks
to jointly support intelligent services.
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However, the dynamic and cross-domain characteristics
of WCPNs also pose crucial challenges that hinder efficient
cross-domain collaboration. On the one hand, computing
nodes are widely distributed across separate administrative
domains, and the datasets generated and stored on these
devices are subject to strict privacy constraints that pre-
vent unrestricted sharing [9]. Concurrently, the substantial
number of heterogeneous devices inherently yields highly
non-independent and identically distributed (non-IID) data
patterns across networked nodes [10]. Without targeted treat-
ment, such data heterogeneity significantly undermines both
the performance and stability of collaborative intelligence
[11]. On the other hand, the massive number of hetero-
geneous computing nodes, coupled with dynamic wireless
communication conditions, makes it extremely challenging to
coordinate cross-domain nodes for efficient collaboration and
computing resource allocation. Task execution performance
is jointly affected by wireless transmission, computing capa-
bility, and energy constraints, and the lack of effective cross-
domain coordination mechanisms can result in suboptimal
task scheduling, increased execution delay, and inefficient
resource utilisation.

Federated learning (FL) has emerged as an effective
paradigm for enabling collaborative intelligence without shar-
ing raw data [12]. In FL, each computing node locally trains
a model on its private data and exchanges only model up-
dates or gradients with a coordinating server, thereby keeping
sensitive data within local domains and significantly reducing
the risk of privacy leakage. This decentralised training mech-
anism is particularly suitable for cross-domain computing
environments, where direct data aggregation is prohibited by
privacy, security, or regulatory constraints. However, in cross-
domain wireless environments, data heterogeneity arises nat-
urally from differences in application scenarios, sensing
modalities, user behaviours, and service objectives, leading to
highly inconsistent local model updates. Under such condi-
tions, conventional aggregation strategies that rely on simple
weighted averaging, such as FedAvg [13], are unable to ad-
equately capture heterogeneous update patterns, resulting in
slow convergence, unstable training dynamics, and perfor-
mance degradation. Therefore, how to effectively mitigate
the non-IID data challenge has become a key research prob-
lem in the design of federated intelligence–enabled wireless
computing power networks.

Existing resource allocation and task scheduling ap-
proaches are often designed based on centralised optimisation
or static resource assumptions, under which global system
information is assumed to be fully available, and network
conditions are relatively stable [14–16]. Such methods typi-
cally rely on predefined models or fixed scheduling rules to
allocate computing and communication resources, which are
difficult to adapt to the highly dynamic and heterogeneous
nature of wireless computing power networks. However, in
wireless computing power networks, the heterogeneity of
computing resources across cloud and edge nodes, com-
bined with multi-domain deployment and complex wireless
environments, makes it challenging to design efficient and
secure cross-domain resource orchestration and collaborative
computing mechanisms [17]. Furthermore, the tight coupling
among task execution delay, computing capability, wireless

transmission, and energy consumption renders traditional
scheduling methods ineffective, often leading to suboptimal
resource utilisation and increased task execution delay [18],
[19]. It is necessary to develop an adaptive and intelligent
resource orchestration framework that jointly considers multi-
task demands, heterogeneous computing resources, and dy-
namic wireless environments, enabling efficient cross-domain
collaboration and optimal resource allocation in wireless
computing power networks.

To address the aforementioned challenges in WCPNs, the
main contributions of this paper are as follows:

• To address the privacy and non-IID data challenges in
cross-domain WCPNs, this paper adopts a FedOpt-based
task-coupled aggregation scheme[20] within the proposed
federated intelligence framework(FI-Opt). FI-Opt builds
upon the standard FedOpt aggregation mechanism and
integrates federated learning with task execution and re-
source allocation decisions in WCPNs.

• To tackle the challenge of dynamic and heterogeneous
multi-task resource management in WCPNs, this paper for-
mulates a joint multi-task optimization model that explic-
itly considers wireless communication conditions, hetero-
geneous computing capabilities, task service requirements,
and system energy consumption. To minimize the total ex-
ecution delay of latency-sensitive tasks under resource and
energy constraints, the proposed model provides a uni-
fied formulation for multi-task orchestration and resource
planning.

• Due to the non-convex and combinatorial nature of the for-
mulated optimization problem, a genetic algorithm–based
solution is developed to derive near-optimal task schedul-
ing and resource allocation strategies. Simulation results
demonstrate that the proposed solution significantly re-
duces task execution delay and energy consumption while
improving resource utilization efficiency compared with
baseline scheduling schemes.

The remainder of this paper is organised as follows.
Section 2 reviews the related work and discusses the research
background. Section 3 presents the system model, including
the network architecture, federated intelligence framework
FI-Opt, and multi-task model. The problem formulation and
solution are described in Section 4. Experimental evaluations
and performance analyses are reported in Section 5. Finally,
Section 6 concludes the paper and outlines future research
directions.

2 Related Work
2.1 Federated Learning for Privacy Preserving

Collaborative Intelligence

FL has been widely studied as a privacy-preserving collabo-
rative learning paradigm, enabling distributed model training
without sharing raw data. Existing research mainly focuses on
improving learning performance, communication efficiency,
and robustness in distributed and heterogeneous environ-
ments.

Zhou [21] et al. demonstrated that FL can support col-
laborative intelligence in large-scale heterogeneous wireless
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systems by enabling decentralized model training under pri-
vacy constraints. Ma [22] et al. systematically analyzed
the non-IID data problem in federated learning, showing
that data heterogeneity severely degrades convergence speed
and model performance. To mitigate non-IID data effects,
Zhou [23] et al. proposed Federated CINN Clustering, which
groups clients based on information-theoretic similarity and
performs clustered aggregation, achieving improved accuracy
under heterogeneous data distributions. Gao [24] et al. intro-
duced FedPC, a prototype-based clustered federated learning
framework that leverages shared feature representations to
reduce distribution mismatch, leading to improved perfor-
mance in highly heterogeneous medical imaging tasks. From
the perspective of aggregation robustness, Pillutla [25] et
al. proposed a geometric-median-based aggregation strategy
to reduce the influence of abnormal or corrupted updates,
improving robustness compared with simple averaging. Hu
[26] et al. developed a lightweight privacy-preserving data
aggregation scheme for federated learning, reducing com-
munication overhead while ensuring secure transmission of
model updates in resource-constrained environments. Despite
these advances, existing FL solutions still face critical limita-
tions when applied to WPCNs. Most approaches either focus
solely on data heterogeneity or robustness, without jointly
considering system heterogeneity, non-IID data distributions,
and resource-aware collaboration. In particular, conventional
aggregation strategies lack adaptability to highly heteroge-
neous update patterns induced by diverse tasks, computing
capabilities, and dynamic wireless environments. This mo-
tivates the adoption of adaptive server optimization–based
aggregation mechanisms, such as FedOpt [20], which can bet-
ter regulate global model updates and enhance convergence
stability under non-IID and heterogeneous conditions.

2.2 Resource Allocation and Multi-Task
Scheduling

Resource allocation and multi-task scheduling have been ex-
tensively studied in distributed computing and edge networks
to minimize execution latency, reduce energy consumption,
and improve overall system efficiency under heterogeneous
and dynamic environments. Existing research mainly focuses
on centralized optimization and intelligent decision-making
mechanisms for complex computing systems.

Tan [27] et al. addressed the joint task offloading and
resource allocation problem in vehicular edge computing sys-
tems by formulating it as a decentralized convex optimization
problem, achieving near-optimal performance while reducing
coordination overhead among distributed nodes. To cope with
dynamic network conditions and user mobility, several works
have incorporated stochastic optimization and control theory.
Chen [28] et al. investigated joint trajectory optimization and
resource allocation in UAV-assisted MEC systems, proposing
a Lyapunov-assisted deep reinforcement learning approach
that effectively reduces system delay and energy consump-
tion under time-varying task arrivals and mobility. Jalali [29]
et al. studied placement, orientation, and resource alloca-
tion in cell-free optical wireless communication networks,
formulating a joint optimization problem and solving it via
successive convex approximation to significantly improve

both spectral efficiency and energy efficiency. For large-scale
distributed computing systems with concurrent task execu-
tion, Min [30] et al. proposed a joint task scheduling and
computing resource allocation framework to handle hetero-
geneous task requirements, demonstrating improved system
throughput while satisfying latency constraints. Similarly, Jie
[31] et al. modelled multi-task resource competition among
distributed nodes using game-theoretic approaches, enabling
cooperative resource allocation and enhancing system sta-
bility and fairness. More recently, learning-based methods
have been introduced to address the high complexity and
uncertainty of dynamic computing environments. Machine
learning has been widely applied to learn adaptive schedul-
ing and resource allocation policies [32], enabling systems
to respond to fluctuating workloads and network conditions
without explicit system models.

In contrast, existing studies on resource allocation and
multi-task scheduling primarily assume centralized control or
single-domain coordination, which limits their applicability
in practical wireless computing power networks. Moreover,
cross-domain resource heterogeneity, distributed ownership,
and privacy constraints are often overlooked, making it chal-
lenging to support scalable and flexible collaboration among
heterogeneous computing nodes in dynamic environments.

3 System Model
This paper considers a federated intelligence-driven wireless
computing power network(FIWCPN) with cross-domain col-
laborative capability. As illustrated in Figure 1, FIWCPN
consists of a centralized computing network control cen-
ter R, multiple geographically distributed computing power
clusters, and a large number of heterogeneous computing
nodes. The control center R is responsible for global orches-
tration, including task coordination, resource management,
and global model aggregation. Each computing power clus-
ter is managed by a local agent, which performs cluster-level
coordination, node selection, and local aggregation. The com-
puting nodes deployed in different clusters execute tasks
and participate in federated learning in a distributed manner,
ensuring the data privacy of the computing nodes.

The control center collects global node status information
from all clusters, including computing capability, storage ca-
pacity, communication conditions, and trust levels. Based on
the collected information, tasks are assigned to appropriate
computing clusters and nodes, and the global learning model
is broadcast to selected nodes. The selected nodes perform
local task execution and model training using their private
data. After local execution, task results and model updates
are returned to the cluster agents and further aggregated at
the control center. Finally, node status and trust information
are updated based on observed performance, supporting adap-
tive task scheduling and trusted federated collaboration in
subsequent rounds.

3.1 Network Architecture

The computing power network consists of one control center
R, a task set, and a set of computing power clusters. The task
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Figure 1: Federated intelligence-driven cross-domain collaborative model of wireless computing power networks.

set and the cluster set are denoted by N = {1, . . . ,n, . . . ,N}
and Q = {1, . . . ,q, . . . ,Q}, respectively.

Each computing power cluster q ∈Q deploys M comput-
ing nodes, which are denoted by

Cq = {cq1, . . . ,cqm, . . . ,cqM}. (1)

The computing nodes can be cloud computing centers,
edge computing nodes, or user terminal nodes, reflecting the
heterogeneity of the computing power network.

The computing resources of node cqm are characterized by
a tuple

⟨ fqm,sqm⟩, (2)
where fqm denotes the maximum CPU frequency that node
m in cluster q can provide, and sqm represents the available
memory capacity, measured in bytes.

We assume that the computing power network is con-
nected, i.e., there exists a communication link between the
control center R and each computing cluster. The commu-
nication delay between the control center and cluster q is
denoted by tR→q. Through cross-domain collaboration across
clusters, coordinated allocation of computing resources and
task scheduling can be achieved.

3.2 Multi-Task Model

Assume multiple task initiators simultaneously submit
computational tasks, which are executed in a distributed man-
ner across different computing nodes.The task set is indicated
as N = {1,2, . . . ,n, . . . ,N}, where the parameters for each
task n are defined as:

Tn = ⟨Dn,Cn,On,αn⟩. (3)

Here,Dn represents the input data volume (bits) for task
n, Cn denotes the CPU cycles per bit required, On indicates

the storage demand (bits), and αn represents the maximum
tolerable execution delay threshold. Thus, the total CPU
computation required for task n can be expressed as:

Ctotal
n =CnDn. (4)

Define the task assignment variable as an
qm ∈ {0,1}. When

an
qm = 1, task n is assigned to compute node cqm in cluster q

for execution; otherwise, an
qm = 0 . In a multi-task concurrent

execution scenario, a compute node’s resources can be allo-
cated to multiple tasks. Define β n

qm ∈ (0,1] as the proportion
of compute resources allocated to task n on node cqm. Thus,
the effective compute power for task n on this node is:

f n
qm = fqmβ

n
qm. (5)

3.3 Communication Model

Assuming computing task n is assigned to computing node
cqm, its computational latency is primarily determined by the
CPU processing time. Node cqm provides an effective com-
putational capacity of f n

qm for task n. For task n, its local
computational latency can be expressed as:

tcal
n = an

qm
Ctotal

n

f n
qm

. (6)

Before task execution, task data must be transferred from
the computing network control center to the target comput-
ing cluster, and data forwarding among cluster nodes pleted.
Therefore, the communication delay for node task execution
primarily consists of two parts: link transmission delay and
intra-cluster forwarding delay. Assuming the bandwidth allo-
cated to computing node cqm within cluster q for executing
task n is bn

qm , the task communication delay can be expressed
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as:
tcomm
n = tR→q +

Dn

bn
qm

. (7)

Therefore, the total execution delay for task n on node cqm
is:

tqm
n = tcomm

n + tcal
n . (8)

The power consumption of computing resources consists
of idle power consumption and dynamic power consumption
related to computational load, expressed as:

Eqm = ηPmax
qm +(1−η)Pmax

qm θqm, (9)

where Pmax
qm is the peak power consumption of node cqm at

full load, and η is the ratio of the average idle power con-
sumption of node cqm to its peak power consumption. This
ratio can vary across heterogeneous computing resources in
the network and is measured by the computing power sensing
module. θqm is the current load factor of node cqm, defined as
the ratio of the total task volume processed by node cqm to its
processing capacity. Considering the local training round L in
federated learning, when task n is deployed on node cqm, its
total computational energy consumption can be expressed as

En
qm = ∑

n
(1−η)Pmax

qm L · tcal
n . (10)

Transmission energy consumption, which refers to the en-
ergy consumption incurred during the process of sending task
data from the computing network center to specific nodes, can
be expressed as:

Ecomm
n→qm = pq

Dn

bn
qm

+ pRtR→q, (11)

where pq is the transmission power within cluster q, and pR is
the power of the computing network center. The total system
energy consumption can be expressed as:

En = ∑
qm

an
qm
(
Ecomm

n→qm +En
qm
)
. (12)

3.4 FI-Opt Learning Model

This section presents a federated intelligence-based model
deployed on top of the computing power network and task
models described earlier. In the cross-domain computing
power network considered, data are inherently distributed
across heterogeneous computing nodes and cannot be cen-
trally collected due to privacy, ownership, and communication
constraints. FL is therefore adopted to enable collaborative
model training while preserving data locality and reducing
excessive data transmission.

The computing network control center R acts as the feder-
ated parameter server and maintains a global model w ∈ Rd ,
whereas distributed computing nodes cqm perform local train-
ing using their private datasets. However, due to heterogeneity
in task loads, computing capabilities, and data distributions
across clusters, naive aggregation schemes such as FedAvg
may suffer from slow convergence and unstable updates.

To improve robustness under heterogeneous and non-
IID conditions, a task-coupled federated aggregation strategy

based on FedOpt is employed at the control center, referred to
as FI-Opt. Building upon the server-side adaptive optimiza-
tion mechanism of FedOpt [20], the proposed scheme inte-
grates federated aggregation with task execution and resource
allocation processes in WCPNs. In particular, task-aware re-
source coupling is incorporated into client participation and
aggregation weighting, allowing the global update process
to better reflect heterogeneous computing capabilities and
task loads across distributed nodes. Through this integra-
tion, the proposed framework provides more stable global
model updates and improves training robustness in dynamic
cross-domain computing environments.

(1) Local data and learning objectives. Each comput-
ing node cqm maintains a local dataset Dqm of size |Dqm|. The
local loss function is defined as

Fqm(w) =
1
|Dqm| ∑

ξ∈Dqm

ℓ(w;ξ ), (13)

where ℓ(·) denotes the sample-wise loss function. Accord-
ingly, the global federated learning objective is formulated
as

min
w

F(w) = ∑
q∈Q

M

∑
m=1

pqmFqm(w),

pqm =
|Dqm|

∑q∈Q ∑
M
m=1 |Dqm|

,

(14)

where pqm represents the relative contribution of node cqm.
(2) Round-based federated training. The federated

learning process proceeds in synchronous communication
rounds indexed by t = 0,1, . . . . At the beginning of round
t, the control center R broadcasts the current global model
w(t) to all computing clusters. Within each cluster q, a subset
of computing nodes S

(t)
q ⊆ Cq is selected according to re-

source availability and trust constraints defined in the network
model. Each selected node initializes its local model as

w(t)
qm,0 = w(t), (15)

and performs local training for E iterations.
(3) Local update with proximal regularization. To mit-

igate client drift caused by data heterogeneity and system
dynamics, a proximal regularization term is incorporated into
the local update. Specifically, the local model is updated as

w(t)
qm,e+1 = w(t)

qm,e−η

(
∇Fqm(w

(t)
qm,e)

+µ
(
w(t)

qm,e−w(t))), (16)

where η denotes the local learning rate and µ ≥ 0 is the prox-
imal coefficient. After E local iterations, node cqm obtains the
updated model

w(t+1)
qm = w(t)

qm,E , (17)
which is uploaded to the corresponding cluster agent.

(4) Coupling between task execution and local train-
ing. It is worth noting that local model training competes for
computing resources with task execution. According to the
task model, when an

qm = 1, a fraction β n
qm of the computing
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capacity of node cqm is allocated to task n. As a result, the ef-
fective computing resource available for federated learning at
node cqm can be expressed as

f FL
qm = fqm

(
1− ∑

n∈N
an

qmβ
n
qm

)
, (18)

where fqm denotes the maximum CPU frequency of node cqm.
This coupling allows task scheduling decisions to directly in-
fluence the local training efficiency and participation of nodes
in federated learning.

(5) Hierarchical aggregation at cluster level. After re-
ceiving local models from nodes in S

(t)
q , the cluster agent

performs intra-cluster aggregation to obtain a cluster-level
model

w(t+1)
q = ∑

cqm∈S
(t)
q

α
(t)
qmw(t+1)

qm ,

s.t. ∑
cqm∈S

(t)
q

α
(t)
qm = 1,

(19)

where α
(t)
qm denotes the aggregation weight of node cqm.

The cluster-level update relative to the global model is
defined as

∆
(t)
q = w(t+1)

q −w(t). (20)
(6) FIOpt-based global update. Instead of directly av-

eraging the cluster-level models, the control center applies
a server-side optimization strategy. An aggregated update
direction is first constructed as

∆
(t) = ∑

q∈Q(t)

β
(t)
q ∆

(t)
q ,

β
(t)
q =

∑cqm∈S
(t)
q
|Dqm|

∑q′∈Q(t) ∑cq′m∈S
(t)
q′
|Dq′m|

.

(21)

Based on ∆(t), the control center performs a FedOpt up-
date. Taking FedAdam as a representative instance, the first-
and second-order moment estimates are updated as

m(t) = ρ1m(t−1)+(1−ρ1)∆
(t),

v(t) = ρ2v(t−1)+(1−ρ2)
(
∆
(t)⊙∆

(t)), (22)

where ρ1 and ρ2 denote the momentum coefficients. Finally,
the global model is updated as

w(t+1) = w(t)+ γ
m(t)

√
v(t)+ ε

, (23)

where γ is the server learning rate and ε is a small constant to
ensure numerical stability.

Algorithm 1 describes an FI-Opt hierarchical scheme with
explicit task-aware resource coupling for WCPNs. In each
training round, computing nodes perform local model updates
on private data using limited resources that are jointly shared
with task execution, thereby capturing realistic resource com-
petition. Local updates are first aggregated at the cluster level
to mitigate heterogeneity and reduce communication over-
head, and then further optimized at the control center using

a FedOpt-based server-side optimizer. By adaptively regulat-
ing global model updates under non-IID data distributions
and heterogeneous system conditions, the proposed algo-
rithm achieves stable convergence and efficient cross-domain
collaborative learning while preserving data privacy.

Algorithm 1 FedOpt-Based Task-Coupled Aggregation
Scheme

1: Input: Initial global model w(0); local datasets {Dqm};
task allocation variables {an

qm,β
n
qm}; FL parameters.

2: Output: Trained global model w(T ).
3: Initialization: Server initializes moment vectors m(0) =

0, v(0) = 0.
4: for t = 0,1, . . . ,T −1 do
5: Broadcast global model w(t) to all clusters.
6: for each cluster q ∈Q in parallel do
7: Select participating nodes S

(t)
q .

8: for each node cqm ∈S
(t)

q in parallel do
9: Compute effective FL computing capacity

f FL
qm = fqm

(
1−∑

n
an

qmβ
n
qm

)
10: Perform local model update based on dataset

Dqm.
11: end for
12: Aggregate local updates to obtain cluster update

∆
(t)
q .

13: end for
14: Aggregate cluster updates {∆(t)

q }.
15: Update global model via FedOpt

w(t+1) = w(t)+ γ
m(t)

√
v(t)+ ε

16: end for
17: return w(T )

4 Problem Formulation and Solu-
tion

In this section, we formulate a joint task orchestration and
computing resource allocation model that integrates com-
munication latency, multi-task heterogeneous computing de-
mands, and federated learning model performance. The opti-
mization objective is to minimize the system-wide maximum
execution latency, thereby ensuring efficient concurrent task
processing. Specifically, our model accounts for critical con-
straints including task-specific latency thresholds, system
energy budgets, node capacity limits, and model accuracy re-
quirements. Given that the formulated problem is a complex
non-convex optimization problem with coupled variables, we
utilize a Genetic Algorithm (GA)-based [33] decision-making
approach to effectively seek the optimal strategy for task
scheduling and resource planning.

4.1 Problem Formulation

We consider a computing network system consisting of
a computation-network control center, multiple computing
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clusters, and heterogeneous computing nodes. The system ex-
ecutes multiple concurrent computational tasks, which must
be scheduled to appropriate computing nodes while satisfying
real-time and performance requirements. Due to the multi-
round local training and global aggregation characteristics of
federated learning, together with limited computing resources
and energy constraints at computing nodes, the task schedul-
ing and resource allocation problem is highly coupled and
complex.
(1) Optimization Objective

This paper aims to minimize the multi-task execution
latency. Since the overall system performance is typically
dominated by the task with the longest completion time,
the maximum task completion latency is adopted as the
optimization objective. Let the task set be denoted by

N = {1,2, . . . ,N}. (24)

The maximum system execution latency in the current
scheme is defined as

Tn = max
n∈N

t tot
n , (25)

where t tot
n denotes the total execution latency of task n, in-

cluding both communication and computation delays. Specif-
ically, the execution latency of task n can be expressed
as

t tot
n = ∑

q,m
aqmn

(
tR→q +

Dn

bqmn
+ tcal

nqm

)
, (26)

where aqmn indicates whether the task n is assigned to the
computing node cqm.

• Task orchestration variable can be described as:

aqmn ∈ {0,1}, (27)

which indicates whether task n is assigned to computing
node cqm.

• Computing resource allocation variable can be de-
scribed as:

βqmn ∈ (0,1], (28)
which represents the proportion of computing resources
allocated by node cqm to task n.

(2) Constraints
In practical computing networks, task scheduling and

resource allocation are subject to multiple system constraints:

• C1: Task latency constraint. The execution latency of
each task must not exceed its maximum tolerable delay:

∑
q,m

tnqm ≤ αn, ∀n. (29)

• C2: System energy constraint. The total system energy
consumption should not exceed the energy budget:

E tot ≤ Emax. (30)

• C3: Computing resource constraint. The total comput-
ing resources allocated to all tasks at each computing node

cannot exceed its available capacity:

∑
n

aqmnβqmn ≤ 1, ∀q,m. (31)

• C4: Task performance constraint. The final performance
of the federated learning model must satisfy a minimum
accuracy requirement:

Accn ≥ A0, ∀n ∈N . (32)

This constraint guarantees that each participating clus-
ter contributes a model of acceptable quality, avoiding
low-accuracy local training results that could undermine
system-level learning performance.

(3) Problem Formulation
The joint task orchestration and computing resource allo-

cation problem is formulated as follows:

min
a,β

max
n∈N ∑

q,m
aqmn

(
tR→q +

Dn

bqmn
+ tcal

nqm

)
,

s.t. C1 – C4,

(33)

where our goal is to minimize the system-wide maximum ex-
ecution latency under the stringent constraints of task-specific
delay thresholds (C1), system energy budgets (C2), comput-
ing resource capacities (C3), and federated model accuracy
requirements (C4). By jointly optimizing the task scheduling
variables a and resource allocation ratios β, we aim to achieve
a balanced trade-off between task execution efficiency and
communication energy consumption, thereby ensuring reli-
able and low-latency collaborative intelligence in wireless
computing power networks.

4.2 Dynamic Adaptive Decision Algorithm
Based on Federated Intelligence

This optimization problem jointly involves discrete variables
aqmn and continuous variables βqmn, while both the objec-
tive function and constraints are highly nonlinear. As a result,
the formulated problem is a typical mixed-integer nonlinear
programming (MINLP) problem. When the number of tasks
and computing nodes becomes large, the problem cannot be
efficiently solved in polynomial time using conventional con-
vex optimization or exhaustive search methods. Therefore,
it is necessary to design efficient approximation or heuris-
tic algorithms to obtain feasible suboptimal solutions. To
seek the optimal strategy for cross-domain task orchestra-
tion and computing power scheduling, this paper employs a
GA-based approach to design a federated intelligence-based
dynamic adaptive decision algorithm. The algorithm design is
illustrated in Algorithm 2.

To align the minimization objective of the joint orchestra-
tion problem with the maximization framework of the Genetic
Algorithm (GA), we reformulate the fitness function as

Fitness =−Tn−
4

∑
i=1

λi Pi, (34)



Feng et al. / J. Intell. Comput. Netw. 2026 2(1):22–34 29

where Tn denotes the system latency objective defined in
Equation 25, and λi is the penalty coefficient associated with
constraint Ci.

The penalty term Pi corresponding to constraint Ci is
given by

Pi =

{
0, if constraint Ci is satisfied,
∆i, if constraint Ci is violated,

(35)

where ∆i represents the violation magnitude or a prede-
fined positive constant reflecting the severity of constraint
violation.

The training latency under different resource allocation
methods is the maximum training latency when executing
tasks on the selected computing node, that is,

T = max

(
tR→q +

Dn

bn
qm

+ tcal
n

)
. (36)

If the execution delay exceeds the global limit αis or the
energy consumption exceeds the threshold, it is treated as a
penalty function to impose a penalty on solutions that do not
satisfy constraints, guiding the algorithm to converge faster to
the optimal solution within the feasible search space.

Algorithm 2 Dynamic Adaptive Decision Algorithm Based
on Federated Intelligence

1: Input: {Dn,Cn}n∈N , { fqm}, and GA parameters
(NP,NG,Pc,Pm).

2: Output: Optimal task assignment A∗ = [aqmn] and re-
source allocation B∗ = [βqmn].

3: Initialization:
4: Proxy execution initializes global model parameters w0;
5: Generate initial population P(0) of size NP, where each

chromosome encodes (A,B);
6: Set generation counter g = 0;
7: while g < Gmax do
8: for each individual in P(g) parallel do
9: Fitness Evaluation with Penalty Design

10: Perform FL local updates and global aggregation
under the individual’s resource scheme;

11: Calculate system maximum latency Tn using
Equation 25;

12: Fitness←−Tn +∑
l

λl Pl ;

13: end for
14: Selection: Apply Roulette Wheel selection based on

Fitness;
15: Crossover: Generate offspring via binary/arithmetic

crossover with probability pc;
16: Mutation: Perform mutation with probability pm to

maintain population diversity;
17: Update population P(g+1) and increment g← g+1;
18: end while
19: return Best strategy (A∗,B∗) with the highest fitness

from the final population.

5 Experimental Evaluation and
Performance Analyses

5.1 Simulation Settings

To evaluate the proposed task orchestration model and the
corresponding GA-based solution, experiments were con-
ducted in a Python-based numerical simulation environment
that emulates a wireless computing power network with
heterogeneous computing nodes, task arrivals, and wireless
communication conditions. The simulation mainly focuses on
the multi-task optimization problem described in Section 4,
where the genetic algorithm is used to determine task as-
signment and resource allocation under latency, energy, and
resource constraints.

The key system and algorithmic parameters are explicitly
specified, as summarized in Table 1. The noise power spectral
density is set to−174 dBm/Hz, corresponding to the standard
thermal noise level used in wireless communication analysis.
The number of computing tasks is varied from 5 to 20, and
the number of computing nodes is varied from 8 to 40, so
as to evaluate the scalability of the proposed scheme under
different workload intensities and resource scales. The com-
puting capacity of each node is randomly generated within
the range of 20–60 GHz to reflect heterogeneous node capa-
bilities in cross-domain environments. The task density is set
within 100–200 to emulate different levels of task generation
intensity.

For the GA configuration, the population size and the
number of generations are both set to 100, which provides
a balance between solution quality and computational cost.
The crossover probability is set to 0.7 to enhance the global
exploration capability of the population, while the mutation
probability is set to 0.2 to avoid premature convergence and
maintain population diversity. Under this setting, the pro-
posed method is evaluated in terms of execution delay, energy
consumption, task execution efficiency, and energy efficiency,
thereby enabling a systematic assessment of its effectiveness
under different task and node configurations.

(1) Compared schemes. To demonstrate the performance
advantages of the proposed approach, the following baseline
schemes are implemented for comparison:

• Proposed scheme: Joint cross-domain task orchestration
and resource allocation with FedOpt-based federated learn-
ing.

• Task-only scheduling: Task orchestration without consid-
ering dynamic computing resource optimization.

• Resource-only scheduling: Resource allocation without
task-aware coordination.

• No scheduling: Tasks are executed without any orchestra-
tion or optimization strategy.

All schemes share the same network topology, task gener-
ation process, and federated learning configuration to ensure
a fair comparison.

(2) Performance Metrics. The performance of different
schemes is evaluated using the following quantitative metrics:

• Model accuracy: Classification accuracy of the federated
learning model.
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Table 1: Simulation parameters used in the experiments.

Parameter Value

Noise power spectral density (N0) −174 dBm/Hz
Number of generations (NG) 100
Population size (NP) 100
Chromosome length (LC) determined by task-node mapping
Mutation probability (PM) 0.2
Crossover probability (PC) 0.7
Number of tasks 5–20
Number of computing nodes 8–40
Computing capacity 20–60 GHz
Task density 100–200

• Training loss: Difference between predicted outputs and
ground-truth labels during model training.

• Task execution delay: Time required to complete comput-
ing tasks.

• Energy consumption: Total system energy consumed for
task execution and model training.

• Task execution efficiency: Number of tasks processed per
unit time.

• Energy efficiency: Number of tasks processed per unit
energy consumption.

• Resource utilization: Utilization ratios of computing and
communication resources.

These metrics jointly characterize learning performance,
system efficiency, and resource effectiveness under hetero-
geneous and cross-domain conditions. To assess robustness
and scalability, experiments are conducted under different
task workloads and computing node configurations. For each
configuration, the experiments are repeated multiple times,
and the averaged results are reported to mitigate randomness.
Comparative results demonstrate that the proposed scheme
consistently reduced task execution delay, and improved en-
ergy efficiency compared with baseline methods, validating
its effectiveness in multi-task cross-domain wireless comput-
ing power networks.

5.2 Performance Evaluation

5.2.1 Evaluation of Task Quantity on System Perfor-
mance

To investigate the performance of our proposed FI-Opt
scheme under varying workloads, we evaluate the system
performance across different numbers of computing tasks.
The performance is examined from four aspects: task execu-
tion delay, energy consumption, task execution efficiency, and
energy efficiency.

(1)Task execution delay. Figure 2 illustrates the varia-
tion of execution delay with increasing numbers of computing
tasks under different scheduling strategies. As the task load
increases, the execution delay of all schemes grows due to
intensified competition for computing and communication
resources. Nevertheless, the proposed FI-Opt scheme consis-
tently achieves the lowest execution delay. When the number
of tasks reaches 15, FI-Opt reduces the execution delay by
6.7%, 8.0%, and 19.8% compared with task-only scheduling,
resource-only scheduling, and no scheduling, respectively.

This demonstrates that FI-Opt maintains favourable scalabil-
ity and delay performance under multi-task conditions.

(2)Energy consumption. Figure 3 presents the energy
consumption comparison as the task number increases. As
with the delay trend, overall energy consumption increases
with heavier workloads across all schemes. However, the pro-
posed FI-Opt scheme exhibits the lowest energy consumption
across all task settings. At 15 tasks, FI-Opt improves energy
consumption performance by 9.9%, 10.6%, and 54.1% rela-
tive to the three baseline schemes, indicating its effectiveness
in jointly optimizing task execution and resource utilization.
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Figure 2: Time consumption varies with the number of com-
puting tasks under different algorithms.
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Figure 3: Energy consumption varies with the number of
computing tasks under different algorithms.
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(3)Task execution efficiency. The task execution effi-
ciency under different task quantities is depicted in Figure 4.
The proposed FI-Opt scheme consistently achieves the high-
est execution efficiency. In particular, when the number of
tasks is 15, FI-Opt improves task execution efficiency by
6.7%, 8.0%, and 19.8% compared with task-only scheduling,
resource-only scheduling, and no scheduling, respectively.
Moreover, under light workloads (e.g., 5 tasks), FI-Opt ex-
hibits significantly higher efficiency gains of 20.7%, 25.7%,
and 57.2%, highlighting its strong adaptability to both low-
load and high-load scenarios.

(4)Energy efficiency. Figure 5 further compares the en-
ergy efficiency of different schemes. The proposed FI-Opt
scheme consistently outperforms the baseline methods in
terms of energy efficiency. When the number of tasks is 15,
FI-Opt achieves energy efficiency improvements of 9.9%,
10.6%, and 54.1% over task-only scheduling, resource-only
scheduling, and no scheduling, respectively. These results in-
dicate that FI-Opt effectively balances task performance and
energy consumption under varying task workloads.

Overall, the experimental results demonstrate that the pro-
posed FI-Opt scheme caachieve low delay, low energy con-
sumption, and high execution efficiency across varying task
counts, validating its scalability and robustness for multi-task
cross-domain wireless computing power networks.
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Figure 4: Task execution efficiency varies with the number
of computing tasks under different algorithms.
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Figure 5: Energy efficiency varies with the number of com-
puting tasks under different algorithms.

5.2.2 Performance Impact of Varying Numbers of Com-
puting Nodes

In practical WCPNs, the number of available computing
nodes may vary significantly due to dynamic deployment,
mobility, and cross-domain participation. Therefore, it is es-
sential to evaluate whether the proposed FI-Opt scheme can
maintain stable performance as the network scale changes. To
this end, we analyze the system performance under different
numbers of computing nodes from the perspectives of execu-
tion delay, energy consumption, task execution efficiency, and
energy efficiency.

The execution delay under different node configurations is
depicted in Figure 6. As more computing nodes become avail-
able, the overall execution time decreases for all schemes,
benefiting from increased parallel processing. However, the
proposed FI-Opt scheme consistently achieves the lowest de-
lay across all settings. When the number of computing nodes
reaches 40, FI-Opt reduces the execution delay by 15.59%,
20.85%, and 35.36% compared with task-only scheduling,
resource-only scheduling, and no scheduling, respectively.
This significant reduction indicates that FI-Opt can effectively
coordinate a large number of heterogeneous computing nodes
and fullleverageof network scaling.

Figure 7 illustrates the corresponding energy consumption
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Figure 6: Time complexity varies with the number of com-
puting nodes under different algorithms.
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Figure 7: Energy consumption varies with the number of
computing nodes under different algorithms.
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results. Although increasing the number of computing nodes
generally reduces energy consumption by improving work-
load distribution, the proposed FI-Opt scheme clearly out-
performsbaseline methods. At 40 computing nodes, FI-Opt
reduces energy consumption by 13.38%, 15.63%, and 35.45%
compared with the three baseline schemes. These results
demonstrate that FI-Opt not only improves computational
performance but also enhances energy-aware resource utiliza-
tion in large-scale networks.

The impact of node scaling on task execution efficiency
is shown in Figure 8. Across all node configurations, the
proposed FI-Opt scheme achieves the highest execution effi-
ciency. In particular, when the number of computing nodes
is 32, FI-Opt improves execution efficiency by 17.41%,
24.39%, and 50.71% over task-only scheduling, resource-
only scheduling, and no scheduling. As the number of nodes
increases to 40, the performance gains further increase to
19.04%, 25.35%, and 55.07%, respectively. These results
highlight the strong capability of FI-Opt to leverage addi-
tional FI-Opt’s strong ability to execute.

Energy efficiency under varying numbers of computing
nodes is presented in Figure 9. The proposed FI-Opt scheme
consistently outperforms the baseline methods. When the
number of nodes is 32, FI-Opt achieves energy efficiency im-
provements of 16.31%, 20.75%, and 56.97% compared with
task-only scheduling, resource-only scheduling, and no sche-
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Figure 8: Task execution efficiency varies with the number
of computing nodes under different algorithms.
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Figure 9: Energy efficiency varies with the number of com-
puting nodes under different algorithms.

-duling. When the number of nodes increases to 40, the corre-
sponding improvements further rise to 16.52%, 19.48%, and
54.46%. These results confirm that FI-Opt remains highly
energy-efficient as the network scale expands.

Overall, the above observations indicate that the proposed
FI-Opt scheme exhibits strong scalability and robustness with
respect to the number of computing nodes, and can effec-
tively adapt to large-scale and dynamically changing wireless
computing power networks.
5.2.3 Results Summary

For representative analysis, Table 2 summarizes the key per-
formance indicators of the proposed approach with a task
number of 5. Functionally, all major system components op-
erate as expected; extensive testing validates the accuracy and
completeness of data acquisition, transmission, storage, and
processing, with correct recording of computing node con-
figurations, consistent mapping between user requests and
allocated resources, effective resource planning matched to
task requirements, and accurate real-time updates of node op-
erational states such as training loss and model accuracy, con-
firming the framework’s functional correctness and reliability.
Performance-wise, the proposed FI-Opt scheme outperforms
all baseline methods across model accuracy, execution delay,
energy consumption, energy efficiency, and task execution
efficiency, maintaining superiority under diverse task loads
and computing node scales and demonstrating strong effec-
tiveness, scalability, and robustness as system size increases.
Overall, the experimental results fully validate the effective-
ness, reliability, and scalability of the proposed FI-Opt-based
cross-domain collaborative computing framework.

6 Conclusion
This paper proposes a cross-domain collaboration framework
in WCPNs under heterogeneous resources and privacy con-
straints. To enable collaborative intelligence without raw data
sharing and to mitigate the impact of non-IID data, a federated
intelligence–driven learning framework with a FedOpt-based
aggregation mechanism was proposed, achieving improved
convergence stability and model accuracy. Furthermore, to
handle cross-domain resource allocation and multi-task ex-
ecution under dynamic network conditions, a task-aware
optimization model was formulated by jointly considering
communication links, computing capabilities, task require-
ments, and energy constraints, and an efficient solution was
obtained to derive near-optimal task orchestration strategies.
Experimental results verified that the proposed approach con-
sistently reduces execution latency and energy consumption
while improving task execution efficiency and energy effi-
ciency compared with baseline schemes, demonstrating its
effectiveness for cross-domain collaboration in wireless com-
puting power networks.
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Table 2: Overall experimental results under the baseline setting (number of tasks = 5).

Scheme Latency (s) Energy (J) Efficiency metrics

Energy efficiency1 Execution rate2

Proposed 0.68 3.33 1.927×107 9.512×107

Task-only 0.82 3.94 1.632×107 7.881×107

Resource-only 0.85 4.15 1.547×107 7.566×107

No scheduling 1.06 5.30 1.211×107 6.050×107

1 Energy efficiency = processed task volume / energy consumption. 2 Execution rate = processed task volume / time cost.
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