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1. Introduction

An Industrial Internet-of-Things (IIoT) platform integrates computational
resources from both cloud datacenters and nearby edge nodes to help hetero-
geneous devices on the shop floor perform collaborative supervision, compu-
tation, decision-making, and control. It has been applied to many discrete
manufacturing processes for flexible production line reconfiguration and effi-
cient customized production.

In this scenario, large-scale manufacturing jobs, their constituent manu-
facturing operations, and associated computational tasks arise with complex
communication and material-flow dependencies. For example, the produc-
tion of an electronic product requires dozens of machining and assembly
tasks, each of which can be further divided into dozens of operations involv-
ing material or component transportation. In addition, each manufacturing
job is associated with a job-level computational task that involves several
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data exchanges with the shop floor. When dozens or even hundreds of orders
for different product types are submitted to the IIoT platform, thousands of
hybrid tasks must be performed simultaneously.

Cloud–edge–device collaborative scheduling is therefore essential for the
efficient operation of the IIoT platform [1]. It determines where each compu-
tational task is executed, which device processes each manufacturing opera-
tion, and in what order these tasks are carried out. Under cross-layer task
and resource constraints, the main objectives are to reduce makespan and
energy consumption.

Existing methods for solving the cloud–edge–device collaborative schedul-
ing problem can be broadly grouped into mathematical programming meth-
ods, evolutionary and metaheuristic methods, and learning-based methods.

The existing EAs usually encode all decision variables into a single vector
and apply evolutionary operators to search for feasible solutions [2, 3]. As
the number of decision variables increases, population-based iterative search
becomes increasingly inefficient. To reduce the repeated random exploration
of EAs in such a large solution space, RL has been introduced as a high-level
heuristic for parameter setting and operator selection [1, 4, 5]. However, the
effectiveness of evolutionary operators and heuristics varies across decision
variables.

To further reduce scheduling time, RL has also been used to map current
resource states to scheduling decisions in a step-by-step manner [6]. In such
settings, policy, value, actor, and critic networks are typically trained in
a simulation environment where resources and tasks are fixed [7]. As the
number of decision variables (i.e., action spaces) increases, training becomes
harder to converge. Moreover, when the scheduling scenario changes, a pre-
trained RL policy may not generalize well to the new setting.

In summary, the effectiveness of evolutionary operators, heuristics, and
RL-based policies varies across decision subspaces such as computational-
task offloading, manufacturing-operation sequencing, and device assignment.
Using a single operator for all decision variables in the cloud–edge–device col-
laborative scheduling problem can reduce search efficiency in each subspace.
A collaborative search strategy is therefore needed to optimize this large-scale
scheduling problem in parallel while maintaining high search efficiency.

To this end, this paper proposes a Cooperative Coevolution algorithm
with a Heterogeneous-Island-Based Hyper-Heuristic (CCHIHH) to solve the
large-scale cloud–edge–device collaborative task scheduling problem. A divide-
and-conquer strategy is used to decompose the decision variables into three
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decision blocks: computational-task offloading, manufacturing-operation se-
quencing, and device assignment. These decision blocks are then optimized
cooperatively within a heterogeneous island model through parallel iterative
search. The same operator pools are available to all islands, but indepen-
dently updated localized contextual bandits allow different islands to develop
different operator-selection distributions and search trajectories. A stability
gate conditioned on search stagnation is further introduced to stabilize co-
operative coevolution across islands.

The main contributions are as follows:

1. A divide-and-conquer cooperative coevolution strategy is in-
troduced to decompose the joint optimization problem into three deci-
sion blocks according to its natural decision structure. Each decision
block is evolved cooperatively within parallel islands, while cross-block
coupling is preserved through full-solution evaluation.

2. A contextual bandit-based hyper-heuristic is proposed for oper-
ator selection in each decision block at each evolutionary generation.
Thus, the operator preferences learned by each bandit reflect the search
dynamics of its corresponding block, rather than being diluted by mixed
signals from unrelated decision variables, thereby improving the relia-
bility of credit assignment and the search efficiency in heterogeneous
subspaces.

3. A stability-aware gate mechanism is introduced to regulate the use
of high-perturbation operators during cooperative coevolution. Specif-
ically, disruptive resampling operators are suppressed while the search
is still improving and are activated only after sustained stagnation,
thereby preserving useful partial structures during convergence.

The remainder of this paper is organized as follows. Section 2 reviews re-
lated work. Section 3 formulates the cloud–edge–device collaborative schedul-
ing problem. Section 4 presents the overall framework and technical details
of CCHIHH. Section 5 reports the experimental results. Section 6 concludes
the paper.

2. Related Work

This section reviews related work from two aspects: the evolution of
problem formulation for cloud–edge–device collaborative scheduling, and the
design of solution algorithms for this problem.
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2.1. Task Scheduling Models for Cloud–Edge–Device Collaborative Schedul-
ing

Research related to cloud–edge–device collaborative scheduling has de-
veloped from several earlier lines, including cloud-only scheduling, edge–
cloud collaborative scheduling, and device–edge–cloud cooperative comput-
ing [8, 9, 10]. These studies show the growing need to coordinate hetero-
geneous computing and manufacturing resources across multiple layers, but
they usually focus on only part of the full scheduling process.

DSAC-DE [1] explicitly formulates cloud–edge–device collaborative schedul-
ing as a three-layer problem involving cloud datacenters, edge nodes, and
end devices. In this formulation, computational tasks and manufacturing
operations are scheduled jointly, so the problem is no longer limited to task
offloading alone. This three-layer formulation provides the modeling basis
adopted in the present paper.

After this formulation was introduced, subsequent studies mainly ex-
tended it in three directions. First, more constraints were considered, such as
cross-layer collaboration modes, task precedence relations, resource-capacity
limits, deadlines, and device-eligibility constraints [11, 12, 13]. Second, the
objectives expanded from makespan-only optimization to joint criteria such
as makespan, energy consumption, and service-related indicators [11, 12].
Third, different model construction methods were adopted for different sce-
narios, including mathematical programming for offline optimization and se-
quential decision formulations for learning-based scheduling [10, 6].

This paper follows the same three-layer formulation and does not modify
the problem definition itself. Instead, it focuses on an algorithmic difficulty
that becomes prominent in large-scale instances. Under this formulation,
the decision variables form three coupled decision blocks: computational-
task offloading, manufacturing-operation sequencing, and device assignment.
These blocks differ in meaning, size, and search behavior. As the problem
scale grows, a single shared adaptive mechanism becomes less effective across
all three blocks. This paper addresses this large-scale algorithmic difficulty.

2.2. Algorithm Design for Cloud–Edge–Device Collaborative Scheduling
Existing methods for cloud–edge–device collaborative scheduling fall into

three groups: mathematical programming [10, 14], adaptive evolutionary
algorithms, and deep reinforcement learning.

Mathematical programming gives interpretable baselines and, in princi-
ple, exact solutions. However, its computing cost grows quickly with the
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problem size, especially when offloading, sequencing, and device assignment
are optimized at the same time.

Adaptive evolutionary methods include bandit-based adaptive operator
selection (AOS) [15, 16, 17, 18] and reinforcement-learning-configured evolu-
tion such as DSAC-DE [1]. These methods adjust operators online to make
the search more flexible. However, their adaptation is usually done at the
population level. When decision blocks with different structures share a sin-
gle bandit, the reward signal mixes improvements from different sources, and
operator credit assignment becomes less reliable.

Island models [19, 20, 21] and cooperative coevolution [22, 23] address
large-scale search in different ways. Island models maintain several islands
in parallel to preserve diversity. Cooperative coevolution decomposes the
problem into smaller blocks and has been applied to scheduling problems
such as flexible job-shop scheduling [24] and distributed manufacturing [25].
However, neither approach by itself explains how adaptive operator selection
should be organized across decision blocks with different structures.

Deep reinforcement learning [7, 26, 6] can learn context-dependent schedul-
ing policies. However, it usually needs a lot of offline training, and it often
generalizes poorly when the action space is large, tightly coupled, and het-
erogeneous.

In short, existing methods address different aspects of the problem, such
as exact modeling, online adaptation, parallel search, or learned scheduling
policies. However, under the existing three-layer formulation, large-scale in-
stances still raise a specific algorithmic difficulty: the offloading, sequencing,
and device-assignment decisions are tightly coupled, but they have different
search characteristics. Existing studies rarely combine decision decomposi-
tion with block-specific adaptive operator selection in one framework. This
paper focuses on this algorithmic gap.

2.3. Summary and Positioning
Table 1 compares typical method families along four dimensions: whether

the decision space is decomposed, how fine the adaptation is, whether par-
allel search trajectories are used, and whether any stability protection is in-
cluded. Rule-based methods and classic evolutionary algorithms have none
of the four. Global AOS and bandit-based methods are more adaptive, but
they still learn from feedback that is mixed over the whole decision space.
Island models keep parallel search trajectories, but they do not solve the
credit-assignment problem when decision blocks have different structures.
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Cooperative coevolution decomposes the problem, but it usually does not
give each block its own adaptation. The label “Partial” in Table 1 means
that some methods separate variables or stages only in an implicit or heuris-
tic way, not through an explicit block with local adaptation. None of the
listed method families has all four properties at the same time.

Table 1: Positioning of CCHIHH relative to representative method families.

Method Decision Adaptation Parallel Stability
decompositiongranularity trajectory protection

Rule-based / classic EA No None No No
Global AOS / bandit Partial Global No Weak
Island models No None Yes No
CC-based methods Yes None No No
DSAC-DE [1] No Global No No
CCHIHH (ours) Yes Local Yes Yes

To fill this gap, this paper combines cooperative coevolution, localized op-
erator adaptation, heterogeneous islands, and a stability gate in one frame-
work. The core idea is to learn operator preferences separately for each
decision block, so that the feedback used by each learner comes from the
subspace that the learner is actually optimizing.

3. Problem Formulation

This section introduces the mathematical model of the cloud–edge–device
collaborative scheduling problem.

3.1. System Architecture
The IIoT platform consists of three resource layers, as illustrated in Fig. 1.

The cloud layer C = {c0, . . . , cNc−1} provides high computing capacity at the
cost of communication latency. The edge layer E = {e0, . . . , eNe−1} offers
a trade-off between computing efficiency and proximity to production cells.
The device layer D = {d0, . . . , dNd−1} executes shop-floor operations with
minimal communication latency but limited computing capability.

The first category consists of computational tasks TCE = {T (CE)
1 , . . . , T

(CE)
NCE
},

each of which is offloaded to either cloud or edge resources. In this study, each
manufacturing job is associated with one computational task, i.e., NCE =
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Nj. Each computational task T
(CE)
j is characterized by computation work-

load compj, communication size commj, precedence set Pj, successor data-
dependency set Lj, and an ordered tuple of feasible edge servers:

A(E)
j =

(
a
(j)
0 , a

(j)
1 , . . . , a

(j)

nE
j −1

)
, nE

j =
∣∣∣A(E)

j

∣∣∣ . (1)

The second category consists of manufacturing jobs J = {j1, . . . , jNj
},

where each job j contains an ordered operation set Oj = {oj,1, . . . , oj,nj
}. The

computational task T
(CE)
j is defined at the job level and is associated with the

whole manufacturing job j rather than with an individual operation. Each
operation oj,k has processing time pj,k and a fixed ordered tuple of eligible
devices, as shown in Eq. (2).

Dj,k =
(
d
(j,k)
0 , d

(j,k)
1 , . . . , d

(j,k)
qj,k−1

)
, qj,k = |Dj,k| . (2)

In addition, three kinds of cross-layer synchronization relations between
computational tasks and manufacturing jobs are defined. Each manufactur-
ing job is associated with one computational task, and this job-level compu-
tational task may synchronize with specified operations within the same job.
Let SFS, SSS, and SFF denote the Type I (Finish-to-Start), Type II (Start-
to-Start), and Type III (Finish-to-Finish) synchronization relation sets, re-
spectively. Type I requires the computational task of a job to finish before
a specified operation of the same job starts. Type II requires the computa-
tional task of a job to start no later than a specified operation of the same
job. Type III requires the computational task of a job to finish no later than
a specified operation of the same job.

3.2. Decision Variables
Let Nops =

∑Nj

j=1 nj denote the total number of manufacturing operations.
For each job-level computational task, two continuous variables are used:
one variable determines the execution layer, and the other determines the
selected server. For each manufacturing operation, two continuous variables
are also used: one variable determines the execution order, and the other
determines the assigned device. Therefore, a candidate solution is encoded
as a continuous vector x ∈ [0, 1]D with

D = 2NCE + 2Nops, (3)
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Figure 1: Cloud–edge–device three-layer system architecture (left) and task model (right).
Each manufacturing job is associated with one job-level computational task, which is of-
floaded to cloud or edge resources. The job-level computational task may synchronize with
specified manufacturing operations in the same job through three cross-layer synchroniza-
tion types: Type I (Finish-to-Start), Type II (Start-to-Start), and Type III (Finish-to-
Finish).

where the first 2NCE dimensions are associated with computational-task deci-
sions and the remaining 2Nops dimensions are associated with manufacturing-
operation decisions. The encoded variables are written in Eq. (4).

x =
[
λ1, . . . , λNCE︸ ︷︷ ︸
layer indicator

, r1, . . . , rNCE︸ ︷︷ ︸
server selection

, π1, . . . , πNops︸ ︷︷ ︸
operation priorities

,m1, . . . ,mNops︸ ︷︷ ︸
device assignment

]
. (4)

Layer indicator. For each job-level computational task T
(CE)
j , the con-

tinuous variable λj is converted into a binary layer indicator ℓj ∈ {0, 1} by
the threshold defined in Eq. (5).

ℓj =

{
0, λj < 0.5,

1, λj ≥ 0.5,
(5)

where ℓj = 0 means that T
(CE)
j is executed in the cloud layer, and ℓj = 1
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means that it is executed in the edge layer. This threshold rule maps the
continuous search variable λj ∈ [0, 1] to a binary execution-layer decision.

Server selection. Given the fixed order in A(E)
j , the selected server sj

is defined in Eq. (6).

sj =

cmin{⌊rjNc⌋, Nc−1}, ℓj = 0,

a
(j)

min{⌊rjnE
j ⌋, nE

j −1}, ℓj = 1.
(6)

If ℓj = 0, task T
(CE)
j is assigned to a cloud server; otherwise, it is assigned

to an edge server. The floor operator maps the continuous variable rj ∈ [0, 1]
to a discrete server index by partitioning the interval [0, 1] into equal bins.
The min operator is used to avoid an out-of-range index when rj = 1.

Operation sequencing. The variables π1, . . . , πNops are priority values
for manufacturing operations. Sorting these priority values in ascending order
gives a permutation σ as shown in Eq. (7).

πσ(1) ≤ πσ(2) ≤ · · · ≤ πσ(Nops). (7)

The resulting execution order is oσ(1), oσ(2), . . . , oσ(Nops). Therefore, a smaller
priority value means that the corresponding operation is scheduled earlier.

Device assignment. The device-assignment variables m1, . . . ,mNops are
indexed by execution rank rather than by fixed operation identity. This rank-
conditioned encoding is intentionally adopted to couple device assignment
with the decoded operation sequence. Specifically, after the priority vector
induces the operation permutation σ, the variable mi is used to assign a
feasible device to the operation placed at rank i, namely oσ(i). Let D

(
oσ(i)

)
=

Dj(i),k(i) denote the eligible-device tuple of this operation:

D
(
oσ(i)

)
=

(
d
(i)
0 , d

(i)
1 , . . . , d

(i)
qi−1

)
, qi =

∣∣D(
oσ(i)

)∣∣ . (8)

Then the device assigned to oσ(i) is calculated by Eq. (9).

µi = d
(i)
ki
, ki = min{⌊miqi⌋, qi − 1}, i = 1, . . . , Nops. (9)

Additionally, the floor operator maps the continuous variable mi ∈ [0, 1]
to a discrete device index by partitioning [0, 1] into qi equal bins. The min
operator is used to avoid an out-of-range index when mi = 1. Because mi

is attached to execution rank i, any change in the permutation σ changes
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Figure 2: Solution encoding and decoding. The continuous vector x ∈ [0, 1]D is decoded
into discrete decisions via thresholding (layer indicator), index mapping on ordered tuples
(server and device), and the permutation induced by priority values (sequencing). The
conditional dependence between sequencing and device assignment (purple arrow) high-
lights the heterogeneous coupling structure.

the operation associated with mi. Therefore, the device-assignment block is
conditionally dependent on the sequencing block.

Let Ω denote the corresponding decoded discrete search space. Its size is
upper-bounded by

|Ω| ≤
NCE∏
j=1

(Nc + nE
j )×

Nops!∏Nj

j=1 nj!
×

Nops∏
i=1

qi. (10)

The second term represents the number of possible interleavings of job-
level operation chains when the internal operation order of each job is pre-
served. This expression highlights that the search space still grows rapidly
even after considering within-job precedence constraints. The encoding and
decoding process is illustrated in Fig. 2.

3.3. Constraints
For any candidate schedule decoded from x, let ST· and ET· denote the

start time and end time of the corresponding task or operation, respectively.
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Let T
(CE)
comm(i, k) denote the communication time required to transfer output

data from computational task T
(CE)
i to its data-dependent successor T

(CE)
k .

The scheduling process is subject to the following constraints.
Computational-task precedence constraint. If T

(CE)
k ∈ Pi, then

T
(CE)
k must finish before T

(CE)
i starts, as shown in Eq. (11).

ST
(CE)
i ≥ ET

(CE)
k , ∀T (CE)

k ∈ Pi. (11)

Operation precedence constraint within a job. Within each man-
ufacturing job, operation oj,k+1 cannot start before operation oj,k is finished,
as shown in Eq. (12).

STj,k+1 ≥ ETj,k, j = 1, . . . , Nj, k = 1, . . . , nj − 1. (12)

Device capacity constraint. Each device can process at most one
manufacturing operation at any time. Equivalently, for any two operations
oj,k and oj′,k′ assigned to the same device, as shown in Eq. (13).

ETj,k ≤ STj′,k′ or ETj′,k′ ≤ STj,k. (13)

Computational-task data-dependency constraint. If T (CE)
k ∈ Li,

then T
(CE)
k cannot start until the required data generated by T

(CE)
i has been

transferred, as given in Eq. (14).

ET
(CE)
i + T (CE)

comm(i, k) ≤ ST
(CE)
k , ∀T (CE)

k ∈ Li. (14)

Cross-layer synchronization constraints. Each pair in SFS ∪ SSS ∪
SFF couples the computational task of a job with a specified manufacturing
operation in the same job. The three relation sets impose the following
temporal requirements:

ET
(CE)
j ≤ STj,k, ∀ (T (CE)

j , oj,k) ∈ SFS, (15)

ST
(CE)
j ≤ STj,k, ∀ (T (CE)

j , oj,k) ∈ SSS, (16)

ET
(CE)
j ≤ ETj,k, ∀ (T (CE)

j , oj,k) ∈ SFF. (17)

Type I (Eq. (15)) requires the computational task of a job to be com-
pleted before the specified manufacturing operation of the same job starts.
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Figure 3: Task dependency graph. Upper layer: job-level computational tasks. Lower
layer: manufacturing operations. Red solid, blue dashed, and green dotted arrows de-
note Type I (Finish-to-Start), Type II (Start-to-Start), and Type III (Finish-to-Finish)
cross-layer synchronization, respectively. Purple brackets/arrows indicate the job-level
computational-task span within each job.

This type applies to cases in which the operation consumes the result gen-
erated by the job-level computational task. Type II (Eq. (16)) requires the
computational task of a job to start no later than the specified manufactur-
ing operation of the same job starts. This type applies to cases in which
the computational process must be initiated before or at the beginning of
the physical operation. Type III (Eq. (17)) requires the computational task
of a job to finish no later than the specified manufacturing operation of the
same job finishes. This type applies to cases in which the computational
result, such as support, monitoring, or quality-related information, must be
available before the physical operation is completed.

Device feasibility is guaranteed by the decoding procedure because each
operation is assigned only to an eligible device. All temporal feasibility con-
ditions, including computational-task precedence, job and operation order-
ing, device capacity, computational-task data dependencies, and cross-layer
synchronization, are checked during schedule construction and objective eval-
uation. An example is shown in Fig. 3.
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3.4. Objectives
Two objectives are considered in this study, i.e., makespan and energy

consumption.
Makespan. The makespan is defined as the latest completion time

among all computational tasks in the schedule, as shown in Eq. (18).

f1(x) = max
i=1,...,NCE

ET
(CE)
i . (18)

This expression takes the maximum end time because the schedule is
completed only when the last computational task is finished.

Energy consumption. The energy objective includes communication
energy and server energy. Let t

(comm)
i denote the communication time of

computational task T
(CE)
i , let Pcomm denote the communication power coef-

ficient, let us denote the discretized utilization level of server s, let P (us)
denote the power consumption rate of server s at utilization level us, and let
T

(act)
s denote the total active time of server s during the scheduling horizon.

The total energy consumption is given in Eq. (19).

f2(x) = Pcomm

NCE∑
i=1

t
(comm)
i +

∑
s∈C∪E

P (us)
T

(act)
s

1000
. (19)

The first term represents communication energy, and the second term
represents the energy consumed by cloud and edge servers.

To obtain a scalar fitness for single-objective search, the two objectives
are normalized and combined as shown in Eq. (20).

f(x) = α
f1(x)

f
(ref)
1

+ (1− α)
f2(x)

f
(ref)
2

, α ∈ (0, 1), (20)

where f
(ref)
1 and f

(ref)
2 are instance-specific reference values used for normal-

ization, and α controls the trade-off between makespan and energy consump-
tion.

4. The Cooperative Coevolution Algorithm with a Heterogeneous-
Island-Based Hyper-Heuristic

This section presents the proposed CCHIHH method in a top-down man-
ner. We first introduce the overall framework and workflow of CCHIHH and
then describe its main components in detail. The method is motivated by
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four requirements: (i) decomposition is needed because the decision space
contains heterogeneous blocks; (ii) localized adaptation is needed because
shared feedback obscures operator credit assignment; (iii) parallel islands are
needed to maintain multiple search trajectories in high-dimensional spaces;
and (iv) a stability gate is needed to prevent disruptive perturbations during
the active-improvement phase, when the best fitness is still improving.

These requirements are realized through cooperative coevolution, local-
ized contextual bandits, behaviorally heterogeneous islands, and stability-
gated diversity regulation, respectively.

For clarity, let
B = {off, seq, dev}

denote the set of decision blocks. The corresponding block dimensions are

doff = 2NCE, dseq = Nops, ddev = Nops.

An individual on island m is a complete solution vector

x
(m)
i =

(
x
(m)
i,off ,x

(m)
i,seq,x

(m)
i,dev

)
,

where only one block is modified during a block-wise update and the other
two blocks are treated as read-only context. The population on island m is
denoted by P (m), and its size is nm = N/M .

4.1. Framework Overview and Overall Workflow
Fig. 4 gives a framework-level overview of CCHIHH. The algorithm fol-

lows a top-down divide-and-conquer design. A complete solution is first
decomposed into three decision blocks, namely the offload block, the se-
quence block, and the device block. These blocks are optimized coopera-
tively through full-solution evaluation, so that cross-block coupling is still
considered during selection.

On each island, every decision block is equipped with its own localized
contextual bandit. The bandit selects operators from the block-specific oper-
ator pool according to the current search state. The selected operator is then
checked by the stability gate, which suppresses high-perturbation resampling
operators during the active-improvement phase. Meanwhile, heterogeneous
islands maintain multiple search trajectories, and ring migration periodically
transfers useful individuals between neighboring islands.

The overall procedure is as follows:
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Figure 4: Overall workflow of CCHIHH. The three blocks are optimized sequentially via
cooperative coevolution. Within each block, the contextual bandit selects operators sub-
ject to the stability gate, and ring migration periodically transfers the best individuals
between neighboring islands.

1. Initialization: Generate N individuals, partition them into M islands,
and initialize all bandit weights to zero.

2. Block-wise evolution: Repeat the following process on every island
until the total evaluation budget Emax is exhausted. In each outer
generation, the three decision blocks are updated once in the fixed
order offload→ sequence→ device. For the current decision block, the
corresponding localized contextual bandit selects one operator, and the
stability gate filters it if necessary. The executed operator generates
offspring, environmental selection is performed, and the resulting full
solution is evaluated. Here, Emax denotes the total number of full-
solution evaluations over all decision block updates.

3. Migration: Every Tmig outer generations, perform ring migration.
4. Output: Return the best solution found across all islands.

The following subsections describe the main components of CCHIHH in
detail, including problem decomposition, localized operator selection, hetero-
geneous islands, stability-gated diversity regulation, and the operator pools.
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Figure 5: Cooperative coevolution decomposition. Left: the global search space of dimen-
sion D = 2NCE + 2Nops. Right: three decision blocks connected through full-solution
evaluation.

4.2. Cooperative Coevolution for Problem Decomposition
As shown in the overall framework in Fig. 4, the solution vector is divided

into three decision blocks according to the encoding defined in Section 3.2:

• Offload block xoff = (λ, r) ∈ [0, 1]2NCE : variables for execution-layer
selection and server selection of computational tasks.

• Sequence block xseq ∈ [0, 1]Nops : priority variables that determine the
execution order of manufacturing operations.

• Device block xdev ∈ [0, 1]Nops : rank-conditioned device-assignment
variables for manufacturing operations.

The decomposition is illustrated in Fig. 5. For NCE = 500 and Nops =
1500, a single 4000-dimensional problem is reduced to blocks of 1000, 1500,
and 1500 dimensions.

During optimization, the three decision blocks are updated sequentially [22,
23]. When one decision block is updated, the other two decision blocks are
kept fixed and serve as the context for full-solution evaluation. The updated
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Figure 6: Three-block interaction protocol. Each block evolves its own portion of the
solution vector while other segments are frozen as read-only context. The rank-conditioned
coupling between the sequence and device blocks (purple arrow) reflects the conditional
dependence in decoding.

decision block is then inserted into the full solution, and the resulting solu-
tion is evaluated by the fitness function in Section 3.4. Therefore, cross-block
interactions are always assessed at the full-solution level.

Effect of inter-block coupling. The strongest inter-block coupling
occurs between the sequence block and the device block because the device-
assignment variables are rank-conditioned. A change in xseq changes the
decoded operation order and may therefore change the operation associated
with each component of xdev. This conditional dependence can make al-
ternating block updates unstable if the blocks are evaluated independently.
CCHIHH reduces this risk in three ways: (i) every offspring block is inserted
back into a complete solution before evaluation; (ii) migration transfers com-
plete solution vectors rather than isolated blocks; and (iii) the stability gate
suppresses high-disruption resampling while the island-best solution is still
improving.
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Figure 7: Shared bandit vs. localized bandit. A single shared bandit receives mixed
rewards from all blocks and produces noisy updates (left). Localized bandits receive
isolated rewards and enable stable operator preference learning (right).

4.3. Localized Contextual Bandit for Operator Selection
The hyper-heuristic component of CCHIHH is implemented as a set of

localized contextual bandits. Specifically, each decision block on each island
is equipped with a localized linear contextual bandit for operator selection.
Thus, operator selection is performed separately for the offload block, the
sequence block, and the device block. Because each localized contextual
bandit observes only the update of its own decision block, the reward it
receives is not mixed with improvements from other decision blocks. The
state vector combines global progress information with island-level and block-
level search indicators. Fig. 7 compares this design with a shared bandit.

State vector. For the current decision block on one island, let

s = [s1, s2, . . . , s7]
T ∈ R7

denote the state vector used by the contextual bandit. Its seven components
are listed in Table 2. All components are normalized to [0, 1].

18



Table 2: Components of the state vector s.

Index Symbol Definition

1 s1 Search progress, e/Emax

2 s2 Stagnation level, min(τstag/Tgate, 1)
3 s3 Recent improvement rate over the latest window
4 s4 Normalized population diversity of the current decision

block on the current island
5 s5 Success rate of the current decision block over the latest

window
6 s6 Most recent reward after tanh normalization
7 s7 Constant bias term, s7 ≡ 1

Operator scoring and selection. Each operator op has a weight vector
wop ∈ R7. Its estimated value under state s is

score(op, s) = wT
ops. (21)

Operator selection follows an ϵ-greedy rule with decaying exploration:

ϵ(e) = max

(
ϵmin, ϵ0 · exp

(
−ϵk ·

e

Emax

))
. (22)

Reward definition. After the selected operator is applied to the current
decision block, let fold and fnew denote the best full-solution fitness values
before and after the update, respectively. Let Dold and Dnew denote the
corresponding population-diversity values. The fitness-improvement ratio is
defined as

I =
fold − fnew

max{|fold|, ε}
, (23)

where ε > 0 is a small constant used to avoid division by zero. The diversity
change is defined as

∆D = Dnew −Dold. (24)

The reward is defined as

r = clip(I + λ∆D, −c, c), (25)

where λ controls the contribution of diversity preservation, c > 0 is the
clipping threshold, and

clip(z,−c, c) = max{−c,min(z, c)}. (26)
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This definition combines fitness improvement and diversity preservation in a
bounded reward signal.

Weight update. The weight vector of the selected operator is updated
by

wop ← wop + ηt
(
r −wT

ops
)
s, (27)

where r − wT
ops is the prediction error. This update moves the estimated

operator score of the selected operator toward the observed reward under
the current state. To improve stability in later search stages, the learning
rate is decayed as

ηt = η0 exp(−ηkt), (28)

where t is the update count of the executed operator. If the stability gate
vetoes an OBL Resample proposal and replaces it with a fallback operator,
the reward is assigned only to the fallback operator that is actually executed.
The vetoed OBL Resample operator receives no weight update in that block
update. This avoids assigning credit to an operator whose offspring has not
been evaluated.

Algorithm 1 gives the operator-proposal step of the localized contextual
bandit. The actual operator execution, reward computation, and weight up-
date are integrated with the stability gate in Algorithm 2. Fig. 8 summarizes
the closed-loop learning process.

Algorithm 1 Contextual Bandit Operator Proposal (per block, per island)
Require: island population Pisl, evaluation counter e, budget Emax, stagna-

tion counter τstag, last reward rlast, operator weights W
Ensure: proposed operator opbandit and state vector s
1: Compute state s from Pisl, e/Emax, τstag, rlast; compute ϵ(e)
2: if rand() < ϵ then
3: opbandit ← RandomChoice(Ob)
4: else
5: opbandit ← argmaxi∈Ob

wT
i s

6: end if
7: return opbandit, s

Why localized learners help. A shared bandit mixes rewards from
different decision blocks, which makes operator credit assignment noisier as
block size and inter-block coupling increase. In contrast, localized contextual
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Figure 8: Contextual bandit closed-loop: state extraction → operator scoring (wT s) →
ε-greedy selection → operator execution → reward computation → weight update.

bandits receive more isolated feedback and can learn more stable operator
preferences. This advantage is particularly important for the strongly cou-
pled sequence and device blocks. Section 5.3 provides empirical evidence.

4.4. Heterogeneous Islands with Ring Migration
The population is partitioned into M islands, and each island maintains

its own localized bandit weights for the three decision blocks. In this pa-
per, island heterogeneity refers to behavioral heterogeneity : all islands share
the same candidate operator pools and base parameter settings, but their
bandit weights, local population states, stagnation counters, and reward his-
tories are updated independently. Consequently, different islands can form
different operator-selection distributions and search trajectories during evo-
lution. This design preserves implementation simplicity while still allowing
island-level search specialization.

Every Tmig outer generations, one-hop ring migration is performed. Let
x
(m)
best and x

(m)
worst denote the best and worst individuals on island m, respec-

tively. The migration rule is

x
(m+1)
worst ← x

(m)
best, m = 1, . . . ,M, (29)
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Figure 9: Heterogeneous island model with ring migration.

where island M + 1 is identified with island 1. The migrated individual is
a complete solution vector, not an isolated block. This one-hop migration
gradually spreads useful full-solution structures while preserving island-level
behavioral heterogeneity.

Diversity preservation. In a unidirectional ring with M islands, a solution
requires at least M − 1 migration events to reach all islands. Therefore, the
minimum full-takeover time is (M − 1) ·Tmig. For example, when M = 8 and
Tmig = 5, full takeover requires at least 35 generations. During this period,
each island evolves independently with its own bandit weights.

4.5. Stability-Gated Diversity Regulation
Each decision block includes a high-perturbation OBL Resample oper-

ator to help the search escape deep local optima. However, applying this
operator during periods of continued improvement may destroy useful par-
tial structures. To avoid this problem, a stability gate is introduced. The
gate is controlled by an island-local stagnation counter τ (m)

stag, which measures
whether the best solution on island m has improved recently. Let Tgate denote
the gating threshold, let Ob denote the operator set of the current decision
block, and let Ores denote the set containing the OBL Resample operator.
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The admissible operator set is defined as

Oadm(τ
(m)
stag) =

{
Ob \ Ores, τ

(m)
stag < Tgate,

Ob, τ
(m)
stag ≥ Tgate.

(30)

Therefore, OBL Resample is enabled only after sufficient stagnation has
been observed. In implementation, if the localized contextual bandit selects
OBL Resample when τstag < Tgate, a fixed fallback operator is executed in-
stead. The fallback operator is DE/current-to-pbest/1 for the offload block,
Swap+Segment for the sequence block, and Gbest-DE for the device block.
The stagnation counter is reset to zero whenever the best fitness improves
by more than 10−12; otherwise, it is increased by one. Within each deci-
sion block update, the offspring generated by the selected operator compete
with the current population through environmental selection. This step is
referred to as “selection update” in Algorithm 2. Algorithm 2 gives the gating
procedure, and Fig. 10 shows the corresponding state transition.
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Algorithm 2 Stability-Gated Block Update with Bandit Learning

Require: island population P (m), block ID b, evaluation counter e, budget
Emax, island stagnation counter τ

(m)
stag, gate threshold Tgate, last reward

r
(m,b)
last , operator weights W

(m)
b

Ensure: executed operator opexec, updated P (m), updated W
(m)
b , updated

τ
(m)
stag, updated r

(m,b)
last

1: Obtain opbandit and state vector s(m,b) from Algorithm 1
2: if opbandit ∈ Ores and τ

(m)
stag < Tgate then

3: opexec ← opfallback(b) {veto resampling during active improvement}
4: else
5: opexec ← opbandit
6: end if
7: fold ← BestFitness(P (m))
8: Dold ← Divb(P

(m))
9: Apply opexec to block b and generate full trial solutions by Eq. (??)

10: Evaluate the generated full trial solutions
11: Update P (m) by environmental selection in Eq. (??)
12: fnew ← BestFitness(P (m))
13: Dnew ← Divb(P

(m))
14: Compute reward r by Eq. (25)
15: Update only the weight vector of the executed operator wopexec by Eq. (27)
16: r

(m,b)
last ← r

17: if fnew < fold − 10−12 then
18: τ

(m)
stag ← 0

19: else
20: τ

(m)
stag ← τ

(m)
stag + 1

21: end if
22: return opexec, P (m), W(m)

b , τ (m)
stag, r

(m,b)
last

Design rationale. During periods of continued improvement (low τstag),
low-perturbation operators are preferred because they better preserve useful
partial structures. During stagnation (high τstag), stronger perturbations
become more useful for escaping local optima. The stability gate follows
this idea by delaying high-disruption operators until stagnation occurs. The
ablation results in Section 5.2 support this design.
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Figure 10: Stability-gating state transition. In Stable Mode, Resample selections are
vetoed and replaced by fallback operators. When τstag ≥ Tgate, the system enters Gate
Mode, enabling Resample. Any fitness improvement resets τstag and returns the system
to Stable Mode.

4.6. Operator Pools
Each decision block has four candidate operators (Table 3). The opera-

tors are implementation choices, whereas the main contribution lies in how
localized adaptation is organized across decision blocks. All operators use
fixed parameters to maintain stable bandit learning. The parameter settings
are given in Section 5.1.

Table 3: Operator pool for each block. Op1–Op3 are block-specific, whereas Op4 is the
shared OBL Resample operator controlled by the stability gate [27].

Block Op1 Op2 Op3 Op4

Offload GA (SBX) DE/current-
to-pbest/1

BitFlip+Cauchy OBL Resample

Sequence GA (SBX) Swap+Segment Hetero. VNS OBL Resample
Device DE/current-

to-pbest/1
Gbest-DE Lévy Flight OBL Resample
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Figure 11: Per-block operator behavior panel. Each column corresponds to one block and
each row to one operator. All blocks share OBL Resample controlled by the stability gate.

The offload block involves coupled discrete decisions. GA with SBX [28]
provides controlled offspring generation; DE/current-to-pbest/1 [29] biases
mutation toward elite individuals; BitFlip toggles layer decisions while per-
turbing the server subvector with a Cauchy step [30].

The sequence block searches over priority vectors that determine op-
eration order. SBX-based GA preserves partial ordering through parental
similarity. Sequence Swap applies pairwise exchanges together with segment
moves in the spirit of Or-opt [31]. Heterogeneous VNS [32] employs five
neighborhood structures of increasing perturbation strength.

The device block operates on continuous variables decoded into eligible
devices. DE/current-to-pbest/1 with archive exploits correlations across de-
vice assignments. Gbest-DE biases mutation toward the best known region.
Lévy Flight with β = 1.5 introduces heavy-tailed jumps for escaping local
optima.

For all three blocks, OBL Resample selects ⌈0.2 · Dblock⌉ dimensions at
random. Each selected dimension is mapped to its opposite point, x′

i =
1 − xi, with probability 0.5, and reinitialized from U(0, 1) otherwise. A
visual summary is provided in Fig. 11.
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4.7. Computational Complexity and Overhead Separation
After introducing the overall workflow and the main algorithmic compo-

nents, this subsection provides a formal accounting of the computational costs
to demonstrate that the adaptive mechanisms do not dominate the overall
complexity. Because each block update is evaluated on the concatenated full
solution, the budget Emax counts total full-solution evaluations rather than
outer generations.

Fitness evaluation. A single fitness evaluation involves (a) decoding the
continuous vector into discrete decisions, where constructing the permutation
σ in Eq. (7) requires sorting the priority vector and costs O(Nops logNops),
and (b) discrete-event simulation over the decoded schedule, costingO(Nops d̄+
NCE p̄), where d̄ is the average number of eligible devices per operation and
p̄ is the average number of predecessors per computational task. The total
per-evaluation cost is

Teval = O(Nops logNops +Nops d̄+NCE p̄). (31)

Adaptive control overhead. Each localized contextual bandit update
(Eq. (27)) involves computing a score wT

ops for each of |Ob| = 4 operators
in a p = 7-dimensional state space and updating one weight vector. The
per-step cost is therefore O(|Ob| · p). Because both the state dimension and
the operator-pool size are small constants, this overhead remains negligible
relative to the cost of full-solution fitness evaluation.

Migration overhead. Ring migration occurs periodically and involves
copying M individuals (one per island), each requiring O(D) time. Since mi-
gration is infrequent and only transfers one individual per island, its overhead
is small relative to repeated schedule evaluation.

Stability gate overhead. The gate check (Eq. (30)) is an O(1) com-
parison per operator invocation, contributing negligible cost.

Overhead summary. The dominant computational cost remains full-solution
fitness evaluation, whose per-evaluation complexity is given by Eq. (31). In
comparison, the adaptive mechanisms are lightweight: the localized contex-
tual bandit update operates in a fixed low-dimensional state space, migration
transfers only a small number of individuals periodically, and the gate check
is O(1). Therefore, the additional overhead of localized adaptation does not
dominate the overall runtime on the tested instances.
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5. Experiments and Discussion

This section evaluates CCHIHH through four experimental questions.
First, we examine whether each major component of CCHIHH contributes
to solution quality and whether the localized contextual bandit is more ef-
fective than a shared-bandit design (Sections 5.2–5.3). Second, we analyze
the sensitivity of CCHIHH to the objective weight α and further inspect the
makespan–energy trade-off induced by different scalarization weights (Sec-
tion 5.4). Third, we test the robustness of the framework under resource and
communication degradation (Section 5.5). Finally, we compare CCHIHH
with representative evolutionary baselines under the same full-solution eval-
uation budget, while reporting PPO only as a cross-paradigm reference (Sec-
tion 5.6).

5.1. Experimental Settings
Problem instances. Three instance scales are used in the main experi-

ments: T100 (100 computational tasks, 100 cloud servers, 100 edge servers,
and 300 devices), T200 (200/100/100/300), and T500 (500/200/200/800).
Here, Tn denotes an instance with n job-level computational tasks; the corre-
sponding manufacturing operations are generated by the same job-template
and synchronization-generation rules used in the base configuration. The
scale study in Section 5.3 further considers instances from T50 to T500.
T100 is used as the base configuration because it reflects realistic resource
distributions and synchronization patterns. The larger instances are gener-
ated by scaling this configuration while preserving the coupling density and
the resource heterogeneity ratios.

Algorithm parameters. The population size is N = 40, and the num-
ber of islands is M = 8, so each island contains 5 individuals. All methods
use the same total evaluation budget, Emax = 4×105, where Emax counts full-
solution evaluations. The migration interval is Tmig = 5 outer generations,
and the gating threshold is Tgate = 15. The bandit parameters are ϵ0 = 0.2,
ϵmin = 0.02, ϵk = 0.01, η0 = 0.05, ηk = 0.002, clipping threshold c = 0.2, and
diversity weight λ = 0.1. The operator parameters are as follows: DE uses
F = 0.5 and CR = 0.5; GDE uses F ∼ U(0.2, 0.8) and CR ∼ U(0.1, 0.6);
BitFlip uses pflip = 0.1; VNS uses kmax = 5 and ns = 5; Lévy Flight uses
pd = 0.1, β = 1.5, and αlevy = 0.01; the resample rate is ρ = 0.2; and the GA
mutation rate is pm = 0.1.
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Baselines. Six evolutionary baselines and one reinforcement-learning ref-
erence are considered. The evolutionary baselines are CGA [2], IMOMA [3],
DSAC-DE [1], RDE [33], NL-SHADE-LBC [4], and L-SRTDE [5]. PPO [34],
which has been used in cloud–edge scheduling studies such as [6], is included
only as a cross-paradigm reference. Its result is discussed separately in Sec-
tion 5.6.

Ablation variants. Five variants isolate the role of each component:
CCHIHH-noCC (no cooperative coevolution), CCHIHH-noHI (single popu-
lation), CCHIHH-noCB (no contextual bandit), CCHIHH-noMig (no migra-
tion), and CCHIHH-noGate (no stability gating).

Degradation scenarios. Four degraded conditions are tested on the
large-scale instances: cloud-capacity reduction, edge-capacity reduction, device-
capacity reduction, and communication-time inflation. For the resource-side
scenarios, three degradation levels are used: 10%, 20%, and 30% reduction.
For the communication-side scenario, three inflation levels are used: 20%,
40%, and 60%.

Fairness and reproducibility. All methods use the same encoding/decoding
scheme and the same discrete-event simulation engine. For the main con-
vergence, ablation, robustness, and baseline-comparison experiments, each
method is run with 10 independent random seeds. The same seed index
generates the same instance realization and initial population across com-
pared methods whenever applicable. The reference values f (ref)

1 and f
(ref)
2 are

computed once for each instance and then fixed for all algorithms. Statisti-
cal significance is evaluated using a two-sided Wilcoxon signed-rank test at
the 0.05 level for pairwise comparisons. No additional wall-clock stopping
criterion is used. Therefore, the runtime values reported in Fig. 24 are the
actual execution times required by each method to exhaust the same eval-
uation budget Emax. All experiments are conducted on a machine with an
Intel Core Ultra 7 255HX CPU (20 cores / 20 threads) and 32 GB RAM. All
algorithms are implemented in C++ and compiled with g++ -O2.

5.2. Ablation Study
Table 4 and Fig. 12 report the performance loss caused by removing each

component. All ablation variants are evaluated under the same full-solution
evaluation budget Emax as the full method. The performance loss is computed
as

Loss =
fvariant − ffull

ffull
× 100%, (32)
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where ffull and fvariant denote the final best fitness values of CCHIHH and
the corresponding ablation variant, respectively. Since the objective is min-
imized, a larger loss indicates a larger degradation after removing the com-
ponent.

Table 4: Performance loss (%) when removing individual components. The largest loss in
each scale is shown in bold.

Ablation variant T100 T200 T500

CCHIHH-noCC 9.27 34.92 51.27
CCHIHH-noHI 2.62 25.41 35.41
CCHIHH-noCB 3.58 24.62 6.68
CCHIHH-noMig 2.89 35.45 42.24
CCHIHH-noGate 0.66 12.23 4.21

Two observations can be made. First, the structural components, namely
cooperative coevolution, heterogeneous islands, and migration, become more
important as the problem scale increases. On T500, removing cooperative
coevolution causes a 51.27% performance loss, and removing migration causes
a 42.24% loss. Second, the contextual bandit component and the stability
gate show a different trend. Their effects are strongest on T200 (24.62%
and 12.23%) and remain positive on T500 (6.68% and 4.21%). This suggests
that adaptive operator learning is most effective after the search structure
has been established. Therefore, the performance of CCHIHH comes from
the joint effect of structural decomposition, parallel search, and localized
adaptation.

Why the noCB loss is lower on T500 than on T200. Removing
the contextual bandit component causes a 24.62% loss on T200 but only a
6.68% loss on T500. A plausible explanation is that localized bandits require
a relatively stable reward signal to learn useful operator preferences. On
T500, each island contains only 5 individuals, and the decision dimension is
much higher. These two factors increase the variance of the reward obtained
after each update. As a result, operator preferences become less stable, so
removing the contextual bandit component causes a smaller loss. On T200,
the reward signal is more stable, allowing the contextual bandit to produce
a larger gain.

Why the gate benefit is not monotonically increasing. Removing
the stability gate causes a 12.23% loss on T200 but only a 4.21% loss on
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T500. A plausible explanation is that the dominant difficulty on T500 is
structural. In this case, cooperative coevolution and migration account for
most of the performance gain, and the search may spend less time in the
stage where premature resampling is most harmful. On T200, useful partial
structures are more likely to form before the search stagnates. The stability
gate is therefore more beneficial on this instance.

Localized vs. shared bandit. Replacing the three localized bandits
with a single shared bandit, while keeping the operator pool, island model,
and evaluation budget unchanged, yields similar results on T100 but consis-
tently worse results on T200 and T500 (Fig. 16). This result is consistent
with the analysis in Section 5.3. The gain does not come from adaptation
alone; it comes from matching localized adaptation to the decision structure.

T100 T200 T500

noCC

noHI

noCB

noMig

noGate

9.27% 34.92% 51.27%

2.62% 25.41% 35.41%

3.58% 24.62% 6.68%

2.89% 35.45% 42.24%

0.66% 12.23% 4.21%
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Figure 12: Scale-dependent contribution of each component.

Convergence behavior of ablation variants. Fig. 13 further shows
the convergence curves of CCHIHH and selected ablation variants on T100,
T200, and T500. The structural removals, especially noCC and noMig, lead
to increasingly severe degradation as the instance scale grows. This trend
is consistent with the loss values in Table 4. The noCB variant is reported
numerically in Table 4; it is omitted from Fig. 13 for visual clarity.
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Figure 13: Convergence of CCHIHH-full and selected ablation variants on T100, T200,
and T500. Structural removals such as noCC, noHI, and noMig cause increasingly severe
degradation at larger scales. Shaded regions: 95% CI over 10 runs.

Operator selection dynamics. Table 5 and Figs. 14–15 report the
operator-selection statistics on T500. Here, “early” and “late” refer to the first
20% and the last 20% of the total evaluation budget Emax, respectively. The
probabilities are computed as normalized selection counts aggregated over
islands and random seeds. In the early stage, more exploitative operators
are selected more often in the offload and device blocks, namely DE in the
offload block (52.9%) and GDE in the device block (47.7%). In contrast,
the sequence block relies more on VNS (43.0%) to explore neighborhoods of
operation priorities. In the later stage, the operator preferences shift, and the
frequency of OBL Resample increases moderately in all three blocks. This
trend is consistent with the intended behavior of the stability gate: strong
perturbations are suppressed during active improvement and become more
likely only after stagnation accumulates.
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Table 5: Operator selection probabilities on T500: early (first 20% of Emax) vs. late (last
20%). The largest probability within each block and stage is shown in bold.

Block Operator Early Late Change

Offload GA (SBX) 0.3680 0.5770 0.2090
Offload DE/pbest 0.5290 0.3570 −0.1720
Offload BitFlip+Cauchy 0.0970 0.0400 −0.0570
Offload OBL Resample 0.0060 0.0250 0.0190

Sequence GA (SBX) 0.3690 0.5410 0.1720
Sequence Swap+Segment 0.1970 0.2310 0.0340
Sequence Hetero. VNS 0.4300 0.1980 −0.2320
Sequence OBL Resample 0.0040 0.0290 0.0250

Device DE/pbest 0.3590 0.6790 0.3200
Device Gbest-DE 0.4770 0.2820 −0.1950
Device Lévy Flight 0.1610 0.0210 −0.1400
Device OBL Resample 0.0030 0.0180 0.0150
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Figure 14: Operator selection probability over the evaluation budget on T500.
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5.3. Effect of Problem Scale on Structure-Aware Adaptation
To test whether the benefit of localized adaptation grows with problem

scale, CCHIHH-full is compared with the shared-bandit variant over instance
sizes from T50 to T500, using the same operator pool, island structure, and
evaluation budget.

Fig. 16 shows the convergence behavior on T100, T200, and T500. On
T100, the two methods reach similar objective values. On T200 and T500,
CCHIHH converges faster and reaches better final solutions, whereas the
shared-bandit variant exhibits increasingly clear plateaus.
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Figure 16: Convergence: CCHIHH (localized bandit) vs. shared bandit on T100, T200,
and T500. Shaded regions: 95% CI over 10 runs.

Fig. 17 reports the relative improvement of CCHIHH over the shared-
bandit variant as a function of problem size. The relative improvement is
defined as

RI =
fshared − fCCHIHH

fshared
× 100%, (33)

where fshared and fCCHIHH denote the final best fitness values of the shared-
bandit variant and CCHIHH, respectively. The advantage increases from
−0.7% at T50 to 18% at T500. On very small instances, the benefit of
cleaner block-wise credit assignment is limited, while maintaining separate
learners introduces additional exploration overhead. As the problem scale
increases, reward dilution under the shared bandit becomes more severe, and
the advantage of localized adaptation becomes more apparent.
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Figure 17: Relative improvement of CCHIHH over the shared-bandit variant across prob-
lem sizes, computed by Eq. (33). Error bars: 95% CI over 10 runs.

5.4. Sensitivity Analysis of α
Fig. 18 compares CCHIHH with the baselines under α ∈ {0.2, 0.5, 0.8},

corresponding to energy-oriented, balanced, and makespan-oriented opti-
mization. On T200 and T500, CCHIHH consistently outperforms the base-
lines across all three settings. On T100, it remains competitive but does
not always achieve the top rank. This result is consistent with the scale-
dependent pattern observed in Sections 5.2–5.3.
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Figure 18: Sensitivity of α on T100/T200/T500. Mean with 95% CI over 10 runs.

Scalarization-induced non-dominated set. To further examine the
makespan–energy trade-off beyond a single scalar fitness value, all seven evo-
lutionary algorithms are evaluated on T200 under α ∈ {0.1, 0.2, . . . , 0.9},
with 5 seeds for each setting. This analysis should be interpreted as a post-
processing analysis of weighted-sum runs, rather than as a dedicated multi-
objective optimization experiment. For each algorithm, the non-dominated
subset across all (α, seed) pairs is extracted and plotted in the makespan–
energy plane (Fig. 19).

Three observations can be made. First, on T200, the scalarization-
induced non-dominated set of CCHIHH lies closer to the lower-left region
of the plot than those of the compared baselines, indicating a more favorable
trade-off between makespan and energy consumption on the tested setting.
Second, the plotted non-dominated CCHIHH points are relatively flat: en-
ergy varies by less than 8 units (approximately 58–66) across the displayed
points. By contrast, several baselines show steeper trade-off curves, indicat-
ing that improving one objective tends to cause a larger deterioration in the
other objective. Third, within the sampled α values, no strong non-convex
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Figure 19: Scalarization-induced non-dominated sets on T200 (α ∈ {0.1, 0.2, . . . , 0.9}, 5
seeds each). The inset zooms into the CCHIHH region with α labels. On the tested T200
setting, the CCHIHH set lies closer to the lower-left region than those of the compared
baselines.

gap is observed around the CCHIHH points in the inset of Fig. 19. This
suggests that the weighted-sum scalarization provides a reasonable trade-
off sample for this tested setting, although it does not replace a dedicated
multi-objective search.

To provide a quantitative summary of these scalarization-induced non-
dominated sets, Table 6 reports per-seed Hypervolume (HV) on T200. HV
is computed in the normalized objective space (f1/f

(ref)
1 , f2/f

(ref)
2 ) using the

same reference point for all algorithms, chosen to upper-bound all observed
normalized objectives across algorithms and seeds. CCHIHH achieves the
highest mean HV (1.1796± 0.0143). This result is consistent with the visu-
alization in Fig. 19 and suggests that the trade-off advantage of CCHIHH is
stable across repeated runs.
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Table 6: Per-seed Hypervolume of scalarization-induced non-dominated sets on T200 under
α ∈ {0.1, 0.2, . . . , 0.9} (mean ± std over 5 seeds). Best in bold.

Algorithm HV (mean ± std)

CCHIHH 1.1796 ± 0.0143
DSAC-DE 0.7207 ± 0.0352
CGA 0.8820 ± 0.0172
IMOMA 0.5836 ± 0.0221
RDE 0.8909 ± 0.0486
NL-SHADE-LBC 1.0326 ± 0.0166
L-SRTDE 0.9481 ± 0.0152

5.5. Robustness under Resource and Communication Degradation
CCHIHH and the evolutionary baselines are evaluated under four de-

graded conditions: cloud-capacity reduction, edge-capacity reduction, device-
capacity reduction, and communication-time inflation, each at three stress
levels. Two indicators are reported: absolute best fitness and a normalized
retention metric,

PRR =
fdeg
fnom

, (34)

where fdeg and fnom are the best fitness under degraded and nominal set-
tings, respectively. Because degradation is expected to make the scheduling
problem more difficult, PRR is generally no smaller than 1 in the tested
settings. A value closer to 1 indicates that the algorithm retains more of
its nominal performance under degradation, whereas a larger value indicates
stronger performance deterioration.
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Figure 20: Absolute best fitness under four degradation families. Lower is better.
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Figure 21: Performance retention ratio (PRR) under system degradation. Values closer
to 1 indicate slower deterioration.

Fig. 20 shows that CCHIHH achieves the best absolute fitness across all
tested degradation families and stress levels. Fig. 21 shows that its PRR
values are also closest to 1 in most cases, which means that its performance
degrades less under the same stress. This pattern is especially clear un-
der device-side reduction and communication-time inflation, where the cou-
pling becomes stronger. These results suggest that localized adaptation helps
maintain performance under degradation.

5.6. Comparison with Baselines
Solution quality. Table 7 reports the relative improvements over six

evolutionary baselines. The improvement over a baseline is computed as

Impr. =
fbaseline − fCCHIHH

fbaseline
× 100%, (35)
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where a positive value means that CCHIHH obtains a lower final fitness. On
T200 and T500, CCHIHH obtains lower mean fitness than all six evolution-
ary baselines. The pairwise Wilcoxon test is significant at the 0.05 level for
all pairs except the comparison with L-SRTDE on T200. On T500, the gains
reach 34.75% over IMOMA, 29.30% over RDE, 19.31% over CGA, 17.75%
over DSAC-DE, 16.30% over NL-SHADE-LBC, and 8.70% over L-SRTDE.
On T100, DSAC-DE obtains a lower mean fitness than CCHIHH by 5.63%,
and on T50 the shared-bandit variant is marginally better (−0.7%, Fig. 17).
These results indicate that the proposed framework is less advantageous on
small instances, where the additional exploration overhead of localized learn-
ers is not yet offset by cleaner block-wise credit assignment.

Applicability boundary. Localized adaptation introduces two forms of
overhead. First, maintaining 3×M = 24 localized bandit learners (3 blocks
× 8 islands) requires additional exploration before each learner converges to
useful operator preferences. Second, with N = 40 and M = 8, each island
contains only 5 individuals, which limits the statistical quality of the reward
signal. On compact instances, where the search space is still manageable by
a single shared bandit, these costs can exceed the benefit of cleaner credit
assignment. In our experiments, the crossover point lies between T50 and
T100 (Fig. 17). Below this threshold, lighter methods such as success-history-
based DE or RL-configured DE may be preferable. Above it, reward dilution
under the shared bandit becomes dominant, and localized adaptation yields
progressively larger gains.

This boundary depends on problem-specific factors, including coupling
density, block-dimension ratios, and the number of islands. A systematic
characterization of this threshold is left for future work.

Table 7: CCHIHH vs. evolutionary baselines: relative improvement (%) computed by
Eq. (35). Impr. > 0 means that CCHIHH obtains a lower final fitness. The largest
improvement in each scale is shown in bold.

Baseline T100 T200 T500

DSAC-DE −5.63 18.66 17.75
CGA 2.82 22.54 19.31
IMOMA 10.19 38.61 34.75
RDE 11.50 24.20 29.30
NL-SHADE-LBC 3.20 8.90 16.30
L-SRTDE 3.70 2.20 8.70
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Figure 22: Baseline comparison overview. ** denotes p < 0.05. PPO is descriptive only.

Cross-paradigm reference. PPO [34] is included only as a descriptive
cross-paradigm reference because its offline training cost is not reflected in
the shared evaluation budget Emax. Under the evaluation-only comparison,
CCHIHH obtains better mean fitness than PPO on all three scales, with rela-
tive margins of 2.2%, 6.5%, and 8.1% on T100, T200, and T500, respectively.
However, none of these differences reaches statistical significance at the 0.05
level. These numbers should therefore be interpreted only as contextual ev-
idence rather than as a formal claim that CCHIHH dominates PPO. A fair
wall-clock comparison would require amortizing the training cost over the
number of instances solved by a single trained policy, which is outside the
scope of this study. Therefore, PPO is reported separately in Fig. 22 and is
not included in the main statistical ranking.
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Figure 23: Convergence curves: CCHIHH vs. all baselines across three scales. Shaded
regions: 95% CI over 10 runs.

Stability. Table 8 reports the coefficient of variation (CV) over 10 runs.
L-SRTDE and NL-SHADE-LBC achieve the lowest CV values (e.g., 0.0047
and 0.0096 on T500), but they converge to substantially worse objective
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Table 8: Run-to-run dispersion (CV = Std/Mean) over 10 runs. The lowest CV in each
scale is shown in bold.

Scale CCHIHH DSAC-
DE

CGA IMOMA RDE NL-
SHADE-

LBC

L-
SRTDE

T100 0.0029 0.0058 0.0040 0.0035 0.0053 0.0011 0.0006
T200 0.0246 0.0324 0.0210 0.0230 0.0235 0.0040 0.0021
T500 0.0629 0.3184 0.0211 0.0216 0.0323 0.0096 0.0047

values. Among the methods with competitive solution quality, CCHIHH
maintains a CV of 0.0629 on T500, which is much lower than that of DSAC-
DE (0.3184).

Efficiency. Under Emax = 4 × 105, the lightweight DE variants finish
in 14–119 s, whereas CCHIHH, CGA, IMOMA, and PPO require 30–300 s.
Under the same full-solution evaluation budget, CCHIHH achieves the best
solution quality on the medium and large instances. Runtime details are
shown in Fig. 24.
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Figure 24: Wall-clock time comparison (mean over 10 runs).

Statistical ranking. Fig. 25 reports the Friedman–Nemenyi ranking
over 9 configurations (3 scales × 3 α values). CCHIHH attains the best
average rank. The Friedman test indicates a significant overall difference
among the algorithms (p = 7.64 × 10−5), and the corresponding Nemenyi
critical difference at α = 0.05 is CD = 3.003. Under this criterion, CCHIHH
is significantly better than the algorithms whose average-rank differences
from CCHIHH exceed the critical difference in Fig. 25.
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Overall trade-off among evaluation indicators. Fig. 26 summarizes
the relative behavior of the compared methods from four perspectives: so-
lution quality, stability, efficiency, and convergence speed. The radar plot
is intended as a compact visual summary; the exact numerical evidence for
these dimensions is provided in Tables 7–8 and Figs. 23–24. CCHIHH is
strongest in solution quality and convergence behavior on medium and large
instances, while lightweight DE variants have advantages in runtime and
run-to-run stability.
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Figure 26: Multi-dimensional comparison: solution quality, stability, efficiency, and con-
vergence speed.

Schedule visualization. To illustrate the decoded schedule produced by
CCHIHH, Fig. 27 presents the best cloud–edge allocation on T200. The figure
shows that computational tasks are distributed across both cloud and edge
resources, with single-use servers merged for readability. This visualization is
not used as an additional quantitative metric; it is provided to demonstrate
that the final solution can be interpreted at the schedule level.
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Figure 27: Gantt chart of the best cloud–edge schedule produced by CCHIHH on T200
(Seed 5, makespan = 934.81, total energy = 47.14). Blue: cloud-assigned; brown: edge-
assigned. Device-layer operations are omitted for clarity.

6. Conclusion

This paper studied cloud–edge–device collaborative scheduling under a
coupled three-block decision structure consisting of offloading, sequencing,
and device assignment. In large-scale instances, these three blocks differ
in search behavior, which makes a single shared adaptive mechanism less
effective.

To address this issue, we proposed CCHIHH, which combines cooper-
ative coevolution, localized contextual bandits, heterogeneous islands, and
a stability gate. Experiments on instances with up to 500 computational
tasks and 800 devices show that the benefit of localized adaptation grows
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with problem scale. The proposed method outperforms representative base-
lines on medium and large instances and remains stable under resource and
communication degradation.

These results suggest that adaptive operator selection is more effective
when aligned with the natural decision structure of the problem. Future
work will extend the framework to dynamic rescheduling settings and further
examine when the overhead of localized adaptation is justified.
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