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ABSTRACT

Heterogeneous distributed systems can significantly improve the computational efficiency of large-scale tasks;
however, task scheduling optimization faces the dual challenges of energy consumption and scheduling time
constraints. Current state-of-the-art scheduling algorithms often fail to fully utilize the multi-round scheduling
potential of the system, making it difficult to simultaneously optimize completion time and energy consumption
under different energy allocation schemes. To address this issue, this paper proposes a cyclic feedback
scheduling optimization strategy and designs a reasonable termination condition for the cyclic strategy based
on theoretical derivation. Furthermore, combining these two iterative strategies and three different energy
allocation schemes, we design three efficient and practical cyclic feedback algorithms: the a-Cyclic Iterative
Algorithm, the p-Reverse Cyclic Algorithm, and the y-Reverse Cyclic Algorithm. Experimental results show
that the proposed method can effectively shorten task scheduling time. For example, in a real-world industrial
DAG, when the energy availability rate is 0.9, compared with the ESECC, ISAECC, EECC, TSSA, and SEDC
algorithms, the scheduling length is reduced by approximately 12.13%, 18.00%, 12.01%, 6.80%, and 19.31%,

respectively.

1. Introduction

With the rapid development of cloud computing, artificial intelli-
gence, and embedded systems, both data volume and computational
demand have grown dramatically. Heterogeneous distributed multi-
core systems are gradually replacing traditional single-core platforms to
achieve higher operational efficiency. Typical heterogeneous multi-core
systems in the market include ARM’s big.LITTLE architecture [1,2],
Apple Silicon (M1, M2 series) [3], NVIDIA SoCs (Tegra series) [4], and
Qualcomm’s Snapdragon series [5].

For systems with periodic and highly repetitive workloads, such
as many embedded controllers and batch-processing applications, the
execution order of tasks and the energy allocation for each task are
often planned before program execution. This scheduling paradigm is
known as static scheduling [6,7]. Static schedules are generated at
compile-time or load-time, and once execution begins, the task ordering
and resource allocation remain essentially fixed.

The key performance indicators for task scheduling are energy con-
sumption and scheduling length (makespan). For compute-intensive ap-
plications under static scheduling, pre-computing an optimized sched-
ule before runtime enables us to spend a relatively small amount of
simulation effort to save a large amount of computational and energy
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resources during actual execution. In this work, we aim to fully exploit
the multi-round pre-computation capability of static scheduling and
introduce a cyclic feedback mechanism [8] to allocate a given energy
budget to processors as efficiently as possible, thereby minimizing
the makespan subject to energy constraints. To this end, we pro-
pose a cyclic feedback scheduling framework, termed Cyclic Feedback
Scheduling for Energy-Constrained Real-Time Applications in Heteroge-
neous Distributed Systems (CFSECC), which iteratively refines energy
allocation through static DAG scheduling feedback-based simulation.

1.1. Motivation

With the widespread adoption of heterogeneous distributed com-
puting systems [9-11], the complexity of modern workloads continues
to increase, and minimizing the makespan under a given energy con-
straint has become a crucial yet challenging problem. In large-scale
heterogeneous platforms, processors differ significantly in performance
and energy characteristics, making it difficult for conventional static
scheduling strategies to simultaneously satisfy energy constraints and
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optimize the execution schedule. Existing energy-constrained schedul-
ing algorithms attempt to minimize makespan through various opti-
mization heuristics; however, they often suffer from imbalanced en-
ergy allocation and insufficient iterative refinement of schedules. As
a result, they fail to fully exploit the potential of multi-round pre-
computation in static scheduling, leading to unnecessary performance
and energy-efficiency losses.

To address these issues, this paper proposes a family of scheduling
optimization algorithms based on cyclic feedback, which fully exploit
the surplus energy remaining after each allocation round and redis-
tribute it in a refined manner. Through the cyclic feedback mechanism,
our algorithms dynamically adjust the energy assigned to each task
over multiple simulation rounds and balance the workload across het-
erogeneous processors. In certain scenarios, this approach enables joint
optimization — simultaneously shortening the makespan and reducing
energy consumption — showing strong potential for large-scale static
task scheduling in energy-constrained heterogeneous systems.

1.2. Contributions

The objective of this paper is to minimize the makespan in hetero-
geneous distributed systems under a given energy constraint. The main
contributions of this work are summarized as follows.

(1) We propose a cyclic feedback strategy that refines each round of
simulation-based scheduling decisions using the results of the previous
round. Building on this idea, we introduce the a-loop iteration strategy,
which prioritizes allocating surplus energy to processors that have not
yet reached their maximum operating frequency, and the p-loop itera-
tion strategy, which prioritizes reducing the surplus energy assigned to
fully loaded processors. Through such iterative refinement, the energy
distribution progressively approaches an energy-efficient configuration.

(2) We apply the above two cyclic iteration strategies to three
distinct initial surplus-energy allocation schemes and, through analysis,
determine the most suitable iteration strategy for each case. Based
on these combinations, we further develop three concrete algorithms:
the a-Cyclic Iterative Algorithm, the p-Reverse Cyclic Algorithm, and
the y-Reverse Cyclic Algorithm, ensuring that all three types of initial
energy distributions can be effectively optimized via cyclic feedback. In
addition, we design principled termination conditions for the proposed
algorithms and provide the corresponding correctness proofs.

(3) We conduct extensive experiments on multiple application sce-
narios, including Fast Fourier Transform (FFT) and Gaussian Elimina-
tion (GE) benchmarks, randomly generated DAGs, and a real-world
industrial task graph. The results show that, in most cases, the proposed
algorithms consistently achieve shorter makespans than state-of-the-art
energy-constrained scheduling methods under the same energy budget.

The remainder of this paper is organized as follows. Section 2
reviews related work. Section 3 describes the system model. Section 4
formulates and analyzes the scheduling problem. Section 5 presents the
proposed algorithms in detail. Section 6 reports evaluation results on
FFT and GE applications, randomly generated DAGs, and a real-world
industrial case study. Section 7 concludes the paper.

2. Related work

Early studies on task scheduling focused on single-core architec-
tures, but the emergence of heterogeneous multi-core processors has
made the problem substantially more complex. In such environments,
task scheduling is NP-complete, and static scheduling must balance two
key objectives: minimizing energy consumption and reducing schedul-
ing length (makespan).

Dynamic Voltage and Frequency Scaling (DVFS) [12-14] has been
widely adopted to manage energy consumption, enabling processors
to lower their power usage during periods of reduced computational
demand. Although DVFS is effective in power-sensitive systems, its inte-
gration into static scheduling requires a coordinated energy-allocation
strategy.
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The idea of iterative refinement used in this work is inspired by the
general notion of feedback, a principle widely applied in engineering
systems to progressively correct deviations and improve system be-
havior. Although originating from control-related applications such as
vehicle suspension and aeroengine distributed control [8,15], its core
concept — using execution results to refine subsequent decisions —
naturally motivates the cyclic feedback mechanism introduced in our
scheduling framework.

For optimizing makespan under a given energy budget, a num-
ber of representative algorithms have been proposed. Topcuoglu and
Hariri introduced the Heterogeneous Earliest Finish Time (HEFT) algo-
rithm [16], which determines task priorities by computing each task’s
upward rank and assigning tasks according to their Earliest Finish
Time (EFT). Guogqi Xie et al. proposed the MSLECC algorithm [17],
which selects processor-frequency combinations that satisfy energy
constraints while minimizing the makespan. The ESECC algorithm [18]
improves energy utilization by uniformly distributing surplus energy
among tasks, whereas the EECC algorithm [19] enhances the energy
pre-allocation process through refined modeling. Ye et al. further de-
veloped ISAECC [20], adopting a linear-weighted surplus-energy allo-
cation scheme to better reflect task-level energy heterogeneity. More
recently, Zhu et al. proposed TSSA [21], which reverses the task
graph and distributes surplus energy based on the maximum-frequency
execution time of each task. In parallel, SEDC [22] introduces a time-
difference coefficient to produce a more fine-grained task priority order
and performs an additional redistribution of residual energy.

A summarized comparison of these representative energy-constra-
ined scheduling algorithms — including their advantages and limitat-
ions — is provided in Table 1.

In addition to these classical algorithms, several recent studies
have further explored energy-time optimization in heterogeneous dis-
tributed and fog—cloud environments. Khaledian et al. developed a
deadline-aware, energy-efficient workflow scheduling approach for
fog—cloud systems, highlighting the importance of cross-layer coordi-
nation [23]. Ijaz et al. examined joint optimization of makespan and
energy in hierarchical fog-cloud environments, showing the benefit
of balancing resource heterogeneity and energy constraints [24]. Li
et al. proposed an energy-aware hybrid-cloud scheduler that adapts
resource allocation to multi-workflow characteristics [25]. Further-
more, reinforcement learning has been used for precedence-constrained
tasks, as Jayanetti et al. demonstrated improved energy-time efficiency
using DRL-based schedulers in edge—cloud systems [26]. Although these
studies provide valuable perspectives, most rely on meta-heuristics or
learning-based strategies rather than deterministic static scheduling.

Despite these advances, existing approaches still exhibit several
inherent limitations. Most traditional algorithms perform only a single
round of surplus-energy assignment and therefore cannot exploit the
multi-round pre-computation capability inherent to static scheduling.
As a result, they are unable to correct imbalanced energy allocation,
mitigate energy waste caused by full-frequency processors, or redi-
rect surplus energy to locations where it yields the greatest reduction
in makespan. This lack of iterative coordination significantly limits
their effectiveness under diverse DAG structures, varying processor
scalability, and different levels of energy sufficiency.

These limitations highlight the need for a scheduling strategy ca-
pable of multi-round refinement and adaptive energy redistribution.
Motivated by this insight, we introduce a cyclic feedback schedul-
ing framework that iteratively corrects allocation imbalance and en-
hances overall energy utilization through coordinated task-energy ad-
justments.

Recently, intelligent optimization techniques such as reinforcement
learning and joint resource configuration have also been investigated
for energy-aware scheduling and resource management in distributed
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Table 1
Comparison of representative energy-constrained scheduling algorithms.
Year Algorithm Advantages Limitations
2016 MSLECC [17] (Minimizing Consistently satisfies global energy-consumption Suffers from uneven energy allocation,

Schedule Length under Energy
Consumption Constraint)

constraints, with correctness supported by
theoretical analysis and experimental
validation.

which leads to large differences in
task-level energy usage and reduced
overall scheduling efficiency.

2017 ESECC [18] (Efficient Scheduling Introduces an average surplus-energy allocation Does not adequately account for task
under Energy Consumption strategy that effectively enforces the global heterogeneity, and its energy-allocation
Constraint) energy constraint. strategy remains relatively
coarse-grained.
2019 EECC [19] (Enhanced Proposes an improved energy pre-allocation The pre-allocation process does not

Energy-Constrained Scheduling)

method and provides theoretical proof of
correctness.

explicitly consider detailed
characteristics of individual tasks.

2020 ISAECC [20] (Improved
Scheduling Approach for
Energy-Constrained Computing)

Employs a weighted energy-allocation scheme
based on task energy-demand ranges,
improving allocation precision.

Does not fully integrate the structure of
the task graph, and its overall
scheduling flexibility and adaptability
remain limited.

2022 TSSA [21] (Task Structure-Aware
Scheduling Algorithm)

Takes both the task-graph structure and the
average execution time across processors into
account, enhancing structural awareness.

Requires both forward and reverse
traversals of the task graph, which
increases scheduling complexity and
overhead.

2023 SEDC [22] (Scheduling based on
Energy Difference Coefficient)

Uses an energy-difference coefficient to
prioritize tasks and allocate energy, leading to
improved energy utilization in many cases.

Under high energy budgets, its static
allocation scheme may underutilize
available resources and limit further
makespan reduction.

Table 2
Key notations and descriptions.
Notation Description
rank,(n;) Upward rank of task n;

EST(n; up. fi)
EFT(n,ug, fip)

Earliest start time of n, on u, at frequency f;
Earliest finish time of n, on u, at frequency f, ,

w; WCET of n; on u, at maximum frequency

<) Worst-case communication delay between n; and n;

G Application DAG

P4 Frequency-independent dynamic power term

P, Frequency-dependent dynamic power term

Cr Effective switching capacitance

m Dynamic power exponent

See Minimum-energy (energy-efficient) operating frequency
SL(G) Schedule length (makespan) of G

Eyiyen(G) Total allowable energy for G

E" ()

expected

Energy assigned to n; in the nth simulation round

and edge environments [27-29]. For example, latency- and reliability-
aware task offloading under energy harvesting [27], joint client se-
lection and resource configuration for energy-efficient federated learn-
ing [28], and DRL-based request dispatching in serverless edge sys-
tems [29] have demonstrated the potential of adaptive learning-based
strategies.

However, the problem addressed in this work focuses on static
DAG scheduling under strict energy constraints, where deterministic
feasibility and structural predictability must be guaranteed. In contrast
to these dynamic or learning-based approaches, the proposed CFSECC
framework emphasizes deterministic cyclic optimization within a fixed
energy budget.

3. System model

In this section, we introduce the task structure, the energy-consum-
ption model, and the energy-allocation methods. Table 2 summarizes
the main notations used throughout this paper and their definitions.

3.1. Task structure

To better constrain the execution order of tasks in scheduling, we
model each parallel application as a Directed Acyclic Graph (DAG)

Fig. 1. An example DAG with 10 tasks.

Table 3

Execution times of tasks n; to n;, at maximum frequency.
Task n, n, ny ny ns ng ny ng ngy ny
u 14 13 11 13 12 13 7 5 18 21
u, 16 19 13 8 13 16 15 11 12 7
uy 9 18 19 17 10 9 11 14 20 16

[30-32]. The processor set is denoted by U = {u;}, where 1 <i < |U|
and |U| is the number of processors.

We define G = {N,W, M,C}, where N is the set of nodes in G, and
each node corresponds to a task whose execution time may differ across
processors. W is an |N| x |U| matrix and records the execution time
of each task when processors run at their maximum frequencies. M is
the set of communication edges between tasks. pred(n;) and succ(n;)
denote the sets of predecessor and successor tasks of n;, respectively.
An illustrative 10-task DAG is shown in Fig. 1, and the corresponding
execution-time matrix W is given in Table 3.

To further evaluate the scheduling algorithms, we also employ Fast
Fourier Transform (FFT) and Gaussian Elimination (GE) applications
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Fig. 2. Task-graph structures of FFT and GE benchmarks.

as benchmark DAGs [33-35]. Their classical task-graph structures are
illustrated in Fig. 2. The parameter p denotes the problem size (e.g., ma-
trix dimension). For FFT and GE, the total number of task nodes can be
computed as

IN|=2p-1+plog,p (FFT),  |N|=

In addition, the parameter p is required to satisfy p = 2, where 7 is
an integer.

Next, we recall several important concepts used in list-based task
scheduling.

Upward rank value: In task scheduling, the upward rank is used to
determine task priorities. Tasks with larger upward ranks are regarded
as more critical and are therefore scheduled earlier. The upward rank
of task n; is defined as

rank,(n;) = w; + max
n,esucc(n,»)

{c,-,j + ranku(nj)} R (€))

where w; denotes the average execution time of n; over all processors:

_ L(ill Wi ke
ol

EST (Earliest Start Time): The value EST(n;,u,, f; ;) is used as a

criterion for task assignment and represents the earliest time when »;

can start on processor u; at frequency f; ,:

(2)

S
|

EST(n;, uy, f. ) = max {avail[k],
3

. AFT(n.) + ’,} i
Lmax AT+

where AFT(n,) is the actual finish time of task n, and c]; is the
communication delay between n, and n;. When n, and »; are assigned
to the same processor, c ; = 0.

EFT (Earliest Finish Time): The value EFT(n;,u, f; ,) is another
standard used for task assignment and represents the earliest comple-
tion time of »; on u, at frequency f} ,:

f k,max
EFT(n;, uy, fiop) = EST(n;, ug, frp) + w; g X T 4

Scheduling length (SL): The scheduling length is an important
metric to evaluate a scheduling scheme, representing the total time
required to complete all tasks in G:

SL(G) = min

min EFT(neyic, iy, ) 5
uey {fkvhelfk,lowvfk.maxj{ (Pexit U fk-h)}} (5)

Equivalently, the scheduling length can be regarded as the earliest
completion time of the exit node ng; after all its predecessors are
finished.
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3.2. Energy consumption model

The supply voltage and operating frequency of CMOS circuits are
approximately linearly related, which allows adjusting the frequency
to optimize energy usage. In this work, we focus on dynamic power,
which is the dominant contributor to energy consumption. For a DVFS-
enabled processor operating at frequency f, the power consumption is
modeled as

P(f) = Py + h(Pyy + P;) = P, + h(Pyq + C.r "), ©)

where P, denotes the static power, and dynamic power consists of two
components, P,,, and P,. Here, P,,, is the frequency-independent part
(a constant), whereas P, is the frequency-dependent part. The variable
h indicates the processor state: 4~ = 1 when the processor is active
and A = 0 when it is powered down. C,, is the effective switching
capacitance and m is the dynamic power exponent.

Because static power is typically uncontrollable and relatively small
in magnitude, we ignore it in the following and focus only on dynamic
power.

When the operating frequency is reduced, the execution time of a
task increases; hence, a lower frequency does not necessarily imply
lower energy consumption. The energy-efficient frequency f,, that
minimizes dynamic energy can be derived as
foo= {2

(m—1)C,;

For a processor whose supported frequency range spans from f,,,
to f,.ax> the feasible operating frequency interval is restricted to [f},,,.
fmax]: where f[ow is given by

flaw =max{fmin’fee}' (8)

When the processor is active, its operating frequency f must lie
within this interval. The energy consumption of task »; executed on
processor u, at frequency f; , is then

)

wi,k fk,max

fk,h

where w;, is the execution time of n; on u;, at maximum frequency

E(nyugs fion) = (Pejna + Ck,eff:Z) X , )

f k,max*

In this paper, we adopt a simplified model and ignore energy
consumption introduced by inter-task communication. Under this as-
sumption, the energy constraint for an application G is expressed as

IN|

E(G) = ) E(ny,ttpyiys Forinz) < Egiven(G), (10)
i=1

where uy ;) and fpr ;) pz() denote the processor and operating frequency

assigned to task n;, respectively, and satisfy

Sorintow S Fprtivnziy < fprimaxs an

for all 1 <i < |N| with Upry € U

We further assume that the minimum and maximum energy con-
sumption of each task can be obtained over the available frequencies.
They are denoted by E,;,(n,) and E,,(n;), respectively:

Ein(n) = min E(iy 1, /i jow): a2
k

Eax(n;) = max E(n;, uy, fk,max)' 13)
u €U

Thus, the total minimum and maximum energy of application G are

IN|

Emin(G) = 2 Emin(”i)’ (14)
i=1
IN|

Emax(G) = z Emax(ni)' (15)

i=1
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3.3. Energy allocation methods

Cyclic feedback-based energy allocation is the core of this work. To
clarify the allocation process, we first introduce several key concepts
used in the energy-allocation procedure.

(1) Initial allocated energy Ej;.e,(G): This denotes the total energy
budget that the system is allowed to consume for application G.

(2) Actual energy E;’;)ma](G): This denotes the actual energy con-
sumed by G in the nth simulation round:

IN|
(n) _ (n)
Eactual(G) - 21 Eactual(ni)' (16)
i=
(3) Available energy E,iabe(G): This is defined as the difference
between the initial energy budget and the total minimum energy
Emin(G)’ i~e':

Eavailable(G) = Egiven(G) — Eqpin(G), a7n

which represents the total energy margin that can be redis-
tributed among tasks.

(4) Surplus energy E®™  (G): This denotes the remaining energy

surplus
that has not been utilized after the nth round of simulation
scheduling:
(n) _ (n)
ESUI’plUS(G) - Egi"e“(G) - Eactual(G)' (18)

(5) Expected energy Eg'()p ecteq(): This is the target energy as-
signed to task »; in the nth simulation round, produced by the
corresponding energy-allocation policy.

(6) Average energy E,.(n;): This denotes the average predicted
energy of n;:

Eave(”i) - Emax(ni) ; Emin(ni).

(7) Average time T,..(n;): This represents the average execution
time of n; when running at maximum frequencies across all
processors:

19)

|
EFT(n;

1; ( ("z’ U, fk,max) (20)
- EST(VI,-, Uy, fk,max) ) .

To efficiently distribute the available energy E,,jiabie(G), We con-
sider three representative allocation methods. Let AE,4i1.p1e(G) denote
the portion of available energy that is to be allocated in the current
distribution round.

L

Tave(n) = U]

(1) Equal distribution method: The available energy is evenly
assigned to all tasks:

AEaVailable(G)
IN|

(2) Energy-based linear weighted allocation: The available en-
ergy is distributed according to each task’s average energy de-

Eexpected(ni) = Epin(n;) + 21

mand:
Eexpected(ni) = Enin(n;) + AE,y4i1ap1e (G) X Wenergy(ni)’ (22)
where the energy weight Wepergy (n;) is

Eave(n;)

I/Venergy("i) =N -
ZL=1I Eave(nj)

(3) Time-based linear weighted allocation: The available energy
is distributed according to each task’s average execution time:

Eexpected(ni) = Enin(n) + AE,yai1ab1e (G) X Wiime (1), (23)
where the time weight W;;..(n;) is

Tave(n;)
Wiime(n) = e

e
ZL:I‘ Tave(nj)
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Each of these three allocation methods is suitable for different sce-
narios. Regardless of the specific method, the surplus energy E® (@)
R : X surplus”
should ideally be driven as close to zero as possible, in order to avoid
energy waste and enhance overall system performance.
After choosing a particular energy-allocation scheme, the pre-allo-

cated energy for each task »; is computed as
Egiven(ni) = min(Epre(”i)’ Emax(”i))’ @4

where Ej.(n,) is derived in a backward manner as follows:

Epre("j) = min(Eexpected(nj ), Emax("j))’ (25)
IN| k<i

Epre("i) = Egiven(G) - 2 Epre("j) - Z Ecruar (i), (26)
j=itl k=1

where n; denotes nodes that appear after »; in the pre-allocation order
and Ej.(n;) is their pre-allocated energy, while n, denotes nodes that
appear before n; and E, ., (n;) is the actual energy consumed by n, in
the previous simulation round.

3.4. Optimization objective

Based on the above system model, the energy-constrained task
scheduling problem studied in this paper can be formulated as follows.

Given a task graph G = (V,E) and a total energy constraint
Egiven(G), the objective is to minimize the scheduling length SL(G)
under the energy bound:

min  SL(G)

st. EG)= Y E(.u;. f;) < Egyen(G) @7
LEeV

where E(t;,u;, f;) is computed according to Eq. (9), and SL(G) is

defined in Eq. (5).

4. Analysis of cyclic feedback mechanism
4.1. Cycling analysis

Due to the operating characteristics of DVFS [13], the schedule
length of a single task on a fixed processor decreases as its energy
consumption increases. Therefore, under a given total energy budget,
we aim to utilize the available energy as efficiently as possible to
reduce the overall schedule length. However, once a task running on a
particular processor has reached the maximum frequency supported by
that processor, allocating additional energy to it can no longer increase
the frequency, and thus cannot further shorten its execution time.

To maximize the overall energy utilization of the system, it is
necessary to allocate as much energy as possible to the processors
while avoiding excessive allocation to those already operating at the
maximum frequency. In heterogeneous multicore systems, tasks exhibit
different computation characteristics on different processors, which
further increases the complexity of energy allocation during scheduling.
Assuming that the maximum operating frequency of all processors
is normalized to 1.0, Table 5 shows the final results of a simulated
scheduling scenario.

From Table 5, it can be observed that, after distributing surplus
energy, tasks such as n; and n), already operate at full frequency. As
discussed above, additional energy assigned to these tasks is effectively
wasted from the perspective of schedule-length reduction. In contrast,
tasks ny,n,, ny, ns,ng,ny,ng, and ny still have headroom for frequency
scaling and thus remain improvable. In this situation, we should, under
the global energy constraint, prioritize allocating more energy to tasks
that have not yet reached their maximum frequency.

In scenarios where the energy demands of different tasks are rela-
tively similar, it is more appropriate to distribute the surplus energy
using an equal allocation strategy, as illustrated in Fig. 3. In contrast,
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I:| Initial energy
D Surplus energy

Full frequency energy

]

Taskl Task2 Task3 Task4 Task5 Task6 Task7 Task8 Task9 Task10

\

Fig. 3. Even distribution of surplus energy among tasks.

[ mmitial energy
D Surplus energy

Full frequency energy

i ﬂﬁ‘

Taskl Task2 Task3 Task4 TaskS Task6 Task7 Task8 Task9 Task10

Fig. 4. Linearly weighted distribution of surplus energy among tasks.

when the energy requirements of tasks differ significantly, allocating
the surplus energy via a linear weighting scheme may yield better
results.

Common linear weighting strategies include energy-based linear
weighting [20] and schedule-length- or time-based linear weighting
[21]. Each has its own advantages under different application scenar-
ios. For the same example, the effect of distributing surplus energy
using a linear weighting strategy is shown in Fig. 4.

The above discussion describes only the initial energy-distribution
phase. A key advantage of static scheduling is that it allows the sched-
uler to repeatedly simulate the scheduling procedure and then select the
best configuration for actual execution. Based on the preceding analysis
of processor frequencies, we obtain two complementary ideas for cyclic
iteration:

1. Increase the energy allocation for tasks that have not yet reached
full frequency as much as possible, even if this requires reducing
the energy assigned to other tasks.

2. Decrease the energy allocation for tasks already running at full
frequency as much as possible, and reassign the released energy
to the remaining tasks.

For these two design philosophies, we next provide more detailed
formulations, which form the foundation for the proposed cyclic feed-
back strategies.

4.2. Formula explanation

Our goal is to fully exploit the allocated energy budget so that the
decision in each simulation round builds on all previous results and
gradually approaches the desired target allocation and schedule length.

In the energy-based linear weighted allocation method, we intro-
duce a dynamic adjustment parameter a, which is updated in each
round and serves as a global scaling factor for the current round’s
energy distribution.

Specifically, the adjustment parameter in the nth round is defined

as
iven(G)
a, = &’ (28)

actual

where E;") 21(G) is the total energy actually consumed in the nth round.
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In the nth allocation round, to incorporate the effects of all preced-
ing rounds, the expected energy for task »; is written with a cumulative
scaling factor as
E® )=

expected

Enin(n)) + AEyaitable(G) X energy(ni) XA, (29)

where AE,iab1e(G) denotes the portion of available energy to be
(re)allocated in the current round.

To facilitate the analysis, we denote the cumulative scaling factor
as

n
AnéHaj:alxazx-«-xan, (30)
=

which can be updated recursively as
A, =A, -, Ay=1l BD

Thus, the expected allocation Eé")pecte a(m) in each round depends
only on the current-round scaling factor «, and the current cumulative
state A,_,, rather than explicitly on the entire history of previous
rounds. This recursive form ensures that the cyclic feedback process
can be interpreted as a finite-dimensional deterministic state-transition
system.

For the equal-distribution and time-based linear weighted schemes,
we follow a similar idea by introducing another dynamic adjustment
parameter f, which is updated in each round and controls how aggres-
sively we compress the energy assigned to tasks already running at full
frequency.

The adjustment parameter in the nth round is defined as

E(n)tual(G)
B Egven(G) (32)

In the nth round, the expected energy allocation for the equal
distribution and time-based linear weighting schemes is updated as
follows:

AEqyailable(G)

g?pected(n ) - mm(ni) + aVTlJ\?l < H ﬂ]’ (33)

n
Eig,ected("i) = Enin(n) + AEayailable (G) X Wiime (1;) X H ﬂj‘ (34

j=1

Here,
n

1158 =8 xpx-x8, (35)

j=1
represents the cumulative effect of the g factors. With this construction,
the expected allocation in each round automatically reflects how much
of the original budget has been used so far, and gradually drives
the system toward a stable allocation that respects the global energy
constraint while improving the schedule length.

4.3. Cycle termination conditions

Finite-State Interpretation of the Cyclic Feedback Process.

For a fixed application G, the task graph structure, the processor
set, and the supported frequency levels of each processor are all finite.
Since each task is assigned to a processor-frequency pair selected from
a finite candidate set, and the scheduling procedure is deterministic, the
cyclic feedback strategy can be interpreted as a state-transition process
over a finite state space.

In this context, each state can be represented by the tuple
(Eactual(G), SL(G), 4,,), where A, denotes the cumulative scaling factor
defined in (30). Since A, can be updated recursively as 4, = A,_,a,
with A, = 1, the evolution of the a-cycle (and similarly the g-cycle)
induces a deterministic mapping from the current state to the next state.

After specifying the cyclic update rules, we now discuss how to
determine the termination conditions. Because the a-cycle and g-cycle
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encode different design philosophies, their stopping criteria are also
designed differently.

Intuitively, if at some round the overall pair [total energy, total
schedule length] reappears exactly as in a previous round, then subse-
quent iterations will enter a strictly repeating cycle and cannot generate
new schedules. The following lemma formalizes this observation under
a deterministic scheduling policy.

Lemma 1. Given a fixed application G, a fixed energy-allocation policy,
and a deterministic scheduling algorithm, any given [total energy, total
schedule length] pair corresponds to a unique scheduling strategy.

Proof. Assume, for the sake of contradiction, that there exist two
different scheduling strategies S| and S, under the same initial energy-
consumption constraint, such that they produce the same pair of values:

(E@G, S)),SL(G,S))) = (E(G, S,), SL(G, Sy)),

while S| # S,.

For a fixed application G and a fixed energy-allocation policy,
the scheduling algorithm (e.g., HEFT-style with a given priority rule)
is deterministic: once the per-task energy allocation and the task-
order priorities are fixed, the assignment of tasks to processors and
their start/finish times are uniquely determined. A different schedule
S, versus S, necessarily implies at least one task with a different
processor-frequency assignment or a different start time, which in
turn changes either the individual energy or the completion time of
that task, and thus changes the aggregate pair (E(G), SL(G)). This
contradicts the assumption that .S; and .S, yield exactly the same [total
energy, total schedule length].

Since the state space is finite and the state-transition rule is de-
terministic, the sequence of states generated by the cyclic feedback
process must eventually revisit a previously encountered state. By
the pigeonhole principle, repetition is inevitable, which justifies the
cycle-detection termination mechanism.

Therefore, under a deterministic scheduling policy, each [total en-
ergy, total schedule length] pair corresponds to a unique scheduling
strategy. []

Based on Lemma 1, we can further analyze how cycles arise in the
a-loop strategy and design a natural termination condition.

Theorem 1. In the a-cycle strategy, if the [total energy, total schedule
length] pairs in the kth and mth rounds (m > k) are identical, then the
scheduling outcome of the (m+1)-th round is identical to that of the (k+1)-th
round.

Proof. Suppose that in rounds k& and m we have

E(k)tual(G) = E(M) l(G)’ SL(k)(G) = SL(M)(G)’

ac actual

with m > k. By definition of a, in (28), the respective scaling factors
for rounds k and m satisfy

o = Egiven(G) _ Egiven(G) —a
k — - — Ym
E® (G EM (G

actual actual

Because the energy-allocation policy and scheduling algorithm are
deterministic, the same pair (EY) (G), SLO(G)) = (E™ (G), SL™(G))
implies, by Lemma 1, that the underlying schedules at rounds k and
m are identical. Consequently, the per-task energy allocation patterns
used to construct Ee(:c;ethe a1 and Eg;'elc)te 4(n;) are also identical.

Since the cumulative scaling factor has been denoted by A, and
updated recursively as A, = A,_,a,, the expected-energy expression in
each round depends only on the current state (E;'é)mal(G), SL"(G), A,,).
Once a; = «,, and the schedules in rounds k and m are identical, we also
have A, = A,,. Therefore, the update rule receives identical state inputs
in rounds (k + 1) and (m+ 1), which implies identical per-task expected

allocations.
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Fig. 5. a-loop iterative strategy over 60 iterations.

Therefore, the inputs to the scheduler in rounds (k + 1) and (m + 1)
are the same, and the deterministic nature of the algorithm ensures that
the resulting schedules are identical:

E&D Gy = ED (@),

k+1) () — @7 (m+l)
actual actual SL G)=SL (@).
Hence, once two identical states occur, the subsequent evolution of
the cyclic feedback process is periodic.

This proves the theorem. []

Fig. 5 illustrates the variation of total energy and schedule length
over 60 iterations for a representative instance using the a-loop strat-
egy. A relatively low schedule length is already achieved by the fourth
iteration. As the number of iterations increases, the energy of each task
gradually approaches its maximum allowed value E, . (n;), so that some
tasks can no longer be further accelerated. This restriction propagates
to other tasks via the global energy constraint and may cause the
overall schedule length to increase in certain rounds.

A closer inspection reveals that, in this example, starting from the
11-th iteration, the results form a repeating pattern with a period of
11 iterations: after several rounds of scaling, the [energy, schedule
length] pair appears exactly the same as in a previous period. Motivated
by Theorem 1, we record the [energy, schedule length] pair in each
iteration and terminate the a-loop once the same pair is detected for
the second time. At that point, the schedule with the smallest schedule
length among all recorded iterations is selected as the final output.

On the other hand, since the a-loop continuously increases the
energy of tasks that have not yet reached full frequency, certain iter-
ations may yield total energy E;Ziual(G) > Egiven(G). Therefore, after
the loop terminates, we must perform an additional energy-feasibility
check on the candidate schedule with the minimum schedule length
to ensure that its total energy does not exceed Egjyen(G). If the best
schedule violates the energy constraint, we successively examine the
schedule with the second smallest schedule length, and so on, until a
schedule that satisfies the energy constraint is found. This schedule is
then selected as the final output.

Similarly, we analyze the convergence behavior of the g-loop strat-
egy and derive its termination condition.

Fig. 6 shows the variation of total energy and schedule length over
80 iterations using the f-loop on a representative instance. A relatively
small schedule length is already obtained in the second iteration. As the
iteration proceeds, the energy of fully loaded tasks is gradually reduced
and approaches their minimum allowed energy E,;,(n;), which limits
the possibility of further reallocation and may cause the total schedule
length to increase again in later iterations.

Because the f-loop continually compresses the energy allocated to
full-frequency tasks and redistributes it to other tasks, each scaling
factor g, satisfies g, < 1. Together with

IN|
(n) _ (n)
Eactual(G) - Z Eactual(nf)’
i=1
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Fig. 6. p-loop iterative strategy over 80 iterations.

( Start )

Cyclic Feedback Scheduling for
Energy-Constrained Real-Time Applications in
Heterogeneous Distributed Systems

| -Cyclic Iterative Algorithm

-loop iterative strate;
Zgoor v 24 | [-Reversed Cyclic Algorithm

ﬂ-loop iterative strategy

b+ J-Reversed Cyclic Algorithm

l
( End )

Fig. 7. Overall architecture of the CFSECC framework. The a-loop and p-loop
define two cyclic iteration structures. From the a-loop, the a-Cyclic Iterative
Algorithm is derived, while the p-loop gives rise to the p-Reversed and y-
Reversed Cyclic Algorithms.

and the backward pre-allocation scheme in (26), it follows that E;Z)tual
(G) never exceeds Egyeq(G) and instead converges monotonically to-
ward this upper bound.

As the number of iterations increases, the change in schedule length
between successive iterations becomes smaller and smaller. Therefore,
we define the termination condition for the g-loop as follows: the loop
stops when either

E™D ()~ E" ()

actual actual

£ G <e, (36)
actual

for a user-defined threshold ¢, or when a preset maximum number
of iterations (e.g., 50) is reached. After termination, we select from all
recorded iterations the schedule with the minimum schedule length as

the final result.
5. Proposed cyclic feedback scheduling strategy

To provide an overview of the interaction between the iterative
strategies and the three energy-allocation schemes, the overall structure
of the CFSECC framework is illustrated in Fig. 7.

Based on the analysis in the previous section, we now present a
cyclic feedback scheduling strategy (CFSECC), which iteratively refines
the energy allocation in static simulations by exploiting feedback infor-
mation from previous rounds. Under a given global energy constraint,
CFSECC aims to improve energy utilization efficiency and reduce the
schedule length. According to the initial allocation scheme for the avail-
able energy, the overall strategy consists of three concrete algorithms:
the a-Cyclic Iterative Algorithm, the f-Reverse Cyclic Algorithm, and
the y-Reverse Cyclic Algorithm.
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As illustrated in Fig. 8, the three cyclic strategies are integrated
within a unified feedback framework, rather than operating indepen-
dently. In the offline phase, the scheduler first computes the min-
imum/maximum energy requirements of each task and derives the
available energy budget according to the system model. It then selects
one of the three initial allocation schemes (equal distribution, energy-
based linear weighting, or time-based linear weighting), and iteratively
refines the allocation by applying the a or g/y feedback factors in
multiple simulation rounds. In the online phase, only the best static
schedule obtained offline is applied to the actual system.

5.1. a-Cyclic iterative algorithm

This subsection first introduces the a-Cyclic Iterative Algorithm.
Following the principle of allocating additional energy preferentially
to tasks that have not yet reached their maximum operating frequency,
the algorithm adopts an energy-based linear weighting scheme for the
initial allocation. After each scheduling round, the feedback factor «a,, is
updated according to the ratio between the actual energy consumption
and the given energy constraint, thereby proportionally scaling the
expected energy in the next round. In this manner, the algorithm
iteratively moves toward maximizing the utilization of the available
energy.

The pseudocode below presents the main workflow of the a-Cyclic
Iterative Algorithm. The algorithm begins by sorting tasks according
to their upward rank values and, under a given feedback factor «,,
selects for each task the processor—frequency combination that satis-
fies the energy constraint while yielding the earliest completion time.
Across successive iterations, the feedback factor «, is dynamically
updated based on the energy utilization of the previous round, enabling
the allocated energy to progressively approach the prescribed energy
budget.

Algorithm 1 The a-Cyclic Iterative Algorithm

Require: G = (N, M,C,W), U = {u;,up, ., tijy|}, Egiven(G)
Ensure: SL(G), E(G).
1: Arrange the tasks in list d/ist in descending order based on rank,.
2: for n, € N do
3 Compute E,; (n;) and E,_, (n,) using Eq. (12) and Eq. (13).
Compute E,(n;) using Eq. (19).
Compute E,; (G) and E,, (G) using Eq. (14) and Eq. (15).
Compute E, . (G) and initialize E;lc’mal(G).
Egiven(G)
Epeua @)
while dlist is not empty do
n; < dlist.out().
10: AFT(n;) « oo.
11: Compute Eg.,(n;) using Eq. (24).
12: for each u, € U do

‘max

4:
5:
6:
7: Initialize a) =
8:
9:

13: for each f,; € [fy1ow> fmax] dO

14: Recalculate E(n;,u, f; ) using Eq. (9).
15: if E(n.uy. fip) > Egiyen(n;) then

16: continue.

17: Compute EFT(n;,uy, fy5)-

18: if EFT(n;,uy, fi) < AFT(n,) then

19: pr(i) < k, fp,(i%hz(i) < frn

20: En;, )5 foriy nzy) < EMp g, fiop)-
21: AFT(n;)) < EFT(n;,uy, fip)-

22: Compute actual energy consumption E(G).

23: Compute the schedule length SL(G) « AFT (ney)-

24: Reverse the DAG, resort tasks to obtain a new dlist, and repeat the
procedure.

25: Compare both SL(G) values and choose the smaller as the final output.

26: return E(G), SL(G).

In practice, the a-Cyclic Iterative Algorithm operates as follows.
First, tasks are sorted by their upward rank, and each task is assigned to
the processor—frequency pair that yields the earliest finish time while
satisfying its energy bound. Second, in each iteration, the feedback
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Fig. 8. Structural overview of the complete CFSECC framework. The proposed cyclic feedback strategy unifies the a-Cyclic, f-Reversed, and y-Reversed energy-
adjustment mechanisms within a common deterministic state-transition process. Although each component adopts a different energy redistribution policy, they
share the same simulation scheduling core and cycle-detection mechanism. The final scheduling policy is selected from all cyclic outcomes based on the minimum

scheduling length criterion.

Egiven(G)
E™

consumptionacgt;gdually approaches the given energy budget. Third, the
algorithm is executed on both the original DAG and the reversed DAG,
and the better schedule is selected to account for both forward and
reverse critical paths.

The main time complexity of the a-Cyclic Iterative Algorithm lies
in the nested traversal over tasks, processors, and discrete frequencies.
Let |N| be the number of tasks, |U| the number of processors, and |F|
the number of frequency levels. For each iteration, selecting the best
processor—frequency combination for all tasks requires O(|N| - |U]| -
|F|) time. Considering the dynamic update of the task list and the
fixed upper bound on iteration rounds, the overall complexity of the
scheduling process is O(|N|?-|U| - | F]). Since the algorithm is executed
twice (on the original and reversed DAGs), the total time complexity
remains O(|N |2 -|U| - |F]) up to a constant factor.

factor a, = scales the expected energy so that the actual energy

5.2. p-Reverse cyclic algorithm

This section introduces the g-Reverse Cyclic Algorithm. Unlike the
a-cycle, which emphasizes increasing the energy assigned to tasks that
have not reached full frequency, the g-reverse cycle starts from the per-
spective of reducing the energy allocated to tasks already operating at
maximum frequency. It adopts an average energy distribution scheme
for the initial allocation and then updates the feedback factor according
to g, = E;’é)mal(G) / Egiven(G), which compresses the expected energy in
the next iteration. In this way, the energy “saved” from full-frequency
tasks is redistributed to the remaining tasks.

The pseudocode below summarizes the main procedure of the g-
Reverse Cyclic Algorithm. The algorithm first sorts tasks according
to their upward rank values and computes the minimum, maximum,
and average energy requirements for each task. Based on an even
distribution of the available energy, the initial Eeypeciea(;) values are
obtained. During each scheduling iteration, the expected energy is

adjusted using the feedback factor f,, after which the algorithm selects,
for every task, the processor-frequency pair that satisfies the energy

constraint and yields the earliest completion time.

Algorithm 2 The g-Reverse Cyclic Algorithm

Require: G =(N,M,C,W), U = {u;,up, ., thjy|}, Egiven(G)-

Ensure: SL(G), E(G).

1: Arrange the tasks in list d/ist in descending order based on rank,.
2: for each n, € N do

3 Calculate E,;,(n;) and E,,,(n;) using Eq. (12) and Eq. (13).
4 Calculate E,.(n;) using Eq. (19).

5: Calculate E,;,(G) and E,,,(G) using Eq. (14) and Eq. (15).
6: Compute E,.p(G) and initialize g,.

7: for each n, € N do
8
9

Calculate E,

expected(n;) Using Eq. (21).
: while dlist is not empty do

10: n; < dlist.out().

11: Calculate Egen(n;) using Eq. (24).

12: AFT(n;) < oo.

13: for each u, € U do

14: for each frequency f , in ascending order do
15: Recalculate E(n;,uy, f; ;) using Eq. (9).

16: if E(n,uy, fip) < Egiven(n;) then

17: Compute EFT (n;,uy, fyn)-

18: if EFT(n,,uy, fi,) < AFT(n;) then

19: pri) < ks foriynzy < S

20: E(ny s fprinzy) < Eis s Fip)-
21: AFT(n) <« EFT(n;,u;. fi ).

22: Compute actual energy consumption E(G).

23: Compute the schedule length SL(G) « AFT (ney)-

24: Reverse the DAG, resort tasks to obtain a new dlist, and repeat the
procedure.

25: Compare both SL(G) values and choose the smaller as the final output.

26: return E(G), SL(G).
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has two distinctive features. First, the feedback factor g, =

Compared with the a-cycle strategy, the g-Reverse Cyclic Algorithm

(n)
Eacmal(G)
Egiven @)

satisfies #, < 1, so the expected energy is gradually scaled down
across iterations, effectively cutting the energy assigned to tasks already
operating at high or full frequencies and reallocating it to other tasks.

Second, as the actual energy

EW

actual

,(G) approaches the given budget

from above and each task is bounded by E,;,(n,), the global energy
constraint E;'é)tual(G) < Egjyen(G) is naturally preserved.

The time complexity of the f-Reverse Cyclic Algorithm is similar to

that of the a-Cyclic Iterative Algorithm. The dominant cost comes from
the nested loops over tasks, processors, and frequency levels, yielding
a per-iteration complexity of O(|N| - |U| - | F|). Taking into account the
dynamic update of the task list and the bounded number of feedback
iterations, the overall scheduling complexity becomes O(|N|?-|U|-|F]).
The additional run on the reversed DAG only contributes a constant
factor, so the total time complexity remains O(|N 12U - |F).

5.3. y-Reverse cyclic algorithm

This section introduces the y-Reverse Cyclic Algorithm. Similar to

the p-Reverse Cyclic approach, it follows the principle of reducing the
energy allocated to tasks already operating at full frequency. The key
distinction lies in its initial allocation scheme, which employs a time-
based linear weighting derived from the average execution time of each
task. This makes the method particularly suitable for scenarios where
task execution times vary significantly.

The following pseudocode outlines the main procedure of the y-

Reverse Cyclic Algorithm. The algorithm begins by sorting tasks ac-
cording to their upward ranking values and computing their minimum,
maximum, and average energy requirements. It then performs an initial
allocation of available energy using the time-based weighting factor
Wiime(1;). Subsequently, similar to the g-Reverse Cyclic method, a feed-
back factor g, is introduced for multi-round iterations, progressively
refining the schedule length while strictly adhering to the given energy
constraints.

Algorithm 3 The y-Reverse Cyclic Algorithm

Require: G =(N,M,C,W), U = {uy,u,, ...

sUy) }s Egiven(G)

Ensure: SL(G), E(G)

1:
2:
3:

4
5
6:
7
8

9:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

22:
23:
24:

25:
26:

Arrange the tasks in list d/ist in descending order based on rank,
for each n, € N do
Calculate E,;,(n;) and E,, (n;) using Eq. (12) and Eq. (13)

Calculate E,.(n;) using Eq. (19)

: Calculate E,;,(G) and E,,(G) using Eq. (14) and Eq. (15)

Compute E,ipe(G) using Eq. (17) and initialize g,

: for each n, € N do

Calculate Egypeceq(n;) using Eq. (23)

while dlist is not empty do
n; < dlist.out()
Calculate Egjyen(n;) using Eq. (24)
AFT(n;) « o
for each u, € U do
for each frequency f, , in ascending order do
Recalculate E(n;,uy, f; ,) using Eq. (9)
if E(nj,ups fin) < Egiven(n;) then
Compute EFT (n;,uy, f; )
if EFT(n,,uy, fi,) < AFT(n;) then
pr(i) < ky [y nziy < Fron
En iy, foriynziy) < EMp e, fiop)
AFT(n;) < EFT(n;,uy, fi )
Compute the actual energy consumption E(G)
Calculate the schedule length SL(G) « AFT (ng)
Reverse the DAG, resort tasks to obtain a new dlist, and repeat the
procedure
Compare both SL(G) values and choose the smaller as the final output
return E(G), SL(G)

10

Journal of Systems Architecture 178 (2026) 103906

Table 4

Processor parameters.
uy P ina Cref my Srlow Sk.max
u 0.03 0.8 29 0.22 1.0
uy 0.04 0.8 2.5 0.21 1.0
u3 0.07 1.0 2.5 0.19 1.0

The y-Reverse Cyclic Algorithm shares the same feedback mecha-
nism with the g-Reverse Cyclic Algorithm. The key difference lies in
the initial allocation phase: by exploiting the average execution time
T,we(n;), the algorithm assigns larger energy shares to tasks that are
more time-consuming and thus more influential on the critical path.
On top of this, the iterative scaling via g, drives the energy allocation
to converge while respecting the global constraint.

In all algorithmic procedures, the actual energy consumption of a
task under a given processor-frequency pair is computed according to
Eq. (9), ensuring consistency between the analytical model and the
implementation.

In terms of time complexity, the y-Reverse Cyclic Algorithm requires
the same nested traversal over tasks, processors, and frequency levels.
The per-iteration complexity is O(|N| - |[U| - | F|), and, accounting for
dynamic list updates and the bounded number of feedback rounds, the
total scheduling complexity is O(|N|? - |U| - | F|). The additional run on
the reversed DAG only increases the constant factor, so the overall time
complexity remains O(NJ?-|U|-|F).

The three components in CFSECC play complementary roles in the
cyclic feedback framework.

The a-Cyclic strategy performs forward energy reallocation based
on the current scheduling imbalance, improving energy distribution
toward critical-path tasks.

The p-Reverse strategy adjusts energy allocation from a reverse per-
spective, compensating for potential over-allocation in earlier rounds.

The y-Reverse strategy further refines energy distribution under
strict energy bounds, preventing oscillation and promoting conver-
gence.

Together, these components form an integrated cyclic energy-
adjustment mechanism. Removing any component would weaken the
ability to handle specific imbalance patterns during iteration.

5.4. Example of the cyclic feedback scheduling strategy

We consider a small example with ten tasks. The task graph is
shown in Fig. 1, the execution time matrix is given in Table 3, and
the processor parameters are summarized in Table 4. The total energy
budget is set t0 Egjyen(G) = 70.995. On this basis, we apply the a-Cyclic
Iterative Algorithm, the f-Reverse Cyclic Algorithm, and the y-Reverse
Cyclic Algorithm to illustrate the effectiveness of the proposed cyclic
feedback strategy.

Table 5 and Fig. 9 report the scheduling results before applying
the a-Cyclic Iterative Algorithm, while Table 6 and Fig. 10 show the
results after iteration. The schedule length is reduced from 106.0818
to 89.1111 (a 16.0% improvement), whereas the total energy consump-
tion increases only slightly from 68.2629 to 70.1114, remaining strictly
below Egiyen(G).

The AST and AFT values have been recalculated strictly, and Table
5 and Fig. 10 have been updated accordingly to ensure consistency.

Table 7 and Fig. 11 present the scheduling results before applying
the p-Reverse Cyclic Algorithm, while Table 8 and Fig. 12 show the
results after feedback iteration. The schedule length is reduced from
101.0996 to 81.5085 (a 19.3% improvement), and the total energy
increases from 68.0912 to 70.3882, which still satisfies the global
energy constraint.

By comparing the three feedback strategies on this ten-task example,
we observe that all of them can significantly reduce the schedule length
while strictly satisfying the global energy constraint. Nonetheless, they
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Table 5 Table 7

The scheduling result before the a-Cyclic Iterative Algorithm. The scheduling result before the p-Reverse Cyclic Algorithm.
n; Eg[L,M(n[) Uy, f(n;) AST(n;) AFT(n;) E(n) n; Eg“,m(ni) U, f(ny) AST(n;) AFT(n;) E(n)
n 6.9082 uy 0.7700 0.0000 11.6883 6.8992 n 7.5500 uy 0.8200 0.0000 10.9756 7.4512
ny 8.1440 u 0.9300 23.6883 35.5163 8.0214 ny 7.1170 u 0.8600 22.9756 35.7663 6.9911
ny 7.7144 u, 1.0000 20.6883 28.6883 6.7200 ny 7.2734 u, 1.0000 19.9756 27.9756 6.7200
n, 8.2997 u 0.8600 35.5163 50.6325 8.2622 n, 7.9261 u 0.8300 35.7663 51.4290 7.7692
ns 5.7545 uy 0.5900 11.6883 28.6375 5.7183 ns 7.3523 Uy 0.7400 10.9756 24.4891 7.3117
ng 6.6816 u3 0.7400 28.6375 40.7996 6.5805 ng 7.4134 u3 0.8100 24.4891 35.6002 7.3388
ny 9.9355 u, 0.7900 51.6883 74.4731 9.8849 ny 8.2618 u 0.7000 51.4290 77.1432 8.0836
n, 5.0888 u 0.9200 74.4731 82.0818 5.0078 n, 6.4872 uy 0.6000 58.7663 77.0996 6.3957
ng 5.2974 u, 0.6500 69.6325 86.5556 5.2885 ng 6.0462 u, 1.0000 77.1432 82.1432 4.1500
ny 7.1710 u, 1.0000 99.0818 106.0818 5.8800 ny 8.7838 u, 1.0000 94.0996 101.0996 5.8800

E(G) = 68.2629, SL(G) = 106.0818

E(G) =68.0912, SL(G) = 101.0996

E(G)=68.2629 , SL(G)=106.0818
|

Fig. 9. The scheduling results before using the a-Cyclic Iterative Algorithm.

Table 6

The scheduling result after the a-Cyclic Iterative Algorithm.
n; Egipen(n;) U, f(n) AST(n;) AFT(n;) E(n;)
n 7.3488 uy 0.8100 0.0000 11.1111 7.3388
ny 8.7607 u, 0.9700 23.1111 34.4513 8.6454
ny 8.2754 iy 1.0000 20.1111 28.1111 6.7200
ny 8.8965 uy 0.5000 11.1111 47.1111 8.8840
ns 6.1156 U, 0.6300 28.1111 48.7460 6.0259
ng 7.1174 u 0.7800 34.4513 51.1180 6.9865
ny 10.6141 uy 1.0000 63.1111 75.1111 10.0800
ny 5.4719 u, 0.9600 51.1180 58.4097 5.4008
ng 5.7365 u 1.0000 66.1111 71.1111 4.1500
ny 7.7037 iy 1.0000 82.1111 89.1111 5.8800

E(G) =70.1114, SL(G) = 89.1111

E(G)=70.1114 , SL(G)=89.1111
.................. Lecureneennen,

0 10 20 30 40

Fig. 10. The scheduling results after using the a-Cyclic Iterative Algorithm.

exhibit different advantages in different scenarios. The a-Cyclic It-
erative Algorithm is generally effective when the energy budget is
relatively loose and the task energy requirements do not differ dramat-
ically. The p-Reverse Cyclic Algorithm achieves the shortest schedule
length in this example and is particularly suitable for reallocating en-
ergy from fully utilized tasks to others. The y-Reverse Cyclic Algorithm
benefits applications where task execution times vary considerably,
as it explicitly emphasizes time-critical tasks through the time-based
weighting.

In this example, the p-Reverse Cyclic Algorithm yields the smallest
final schedule length. Therefore, we adopt the scheduling result given
in Table 8 as the final static schedule for this DAG, and use it as a
reference configuration in the subsequent experimental evaluation.

For the y-Reverse Cyclic Algorithm, Table 9 and Fig. 13 show the
scheduling results before feedback, and Table 10 and Fig. 14 display the
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E(G)=68.0912 , SL(G)=101.0996
................... ]

| | I I L
60 70 80 90 100

Fig. 11. The scheduling results before using the p-Reverse Cyclic Algorithm.

Table 8

The scheduling result after the p-Reverse Cyclic Algorithm.
n, Egpen(ny) u, fn) AST(n,) AFT(n,) E(n,)
n 13.4400 uy 1.0000 0.0000 9.0000 9.6300
ny 14.0240 u, 1.0000 21.0000 32.0000 9.1300
ny 10.9058 u, 1.0000 18.0000 26.0000 6.7200
ny 10.4227 uy 0.5900 9.0000 39.5085 10.2930
ns 6.1895 Uy 0.6400 26.0000 46.3125 6.1373
ng 6.2892 u, 0.7300 32.0000 49.8082 6.2536
ny 7.0870 u, 0.7600 55.5085 71.2979 6.9921
n, 5.2683 u, 0.9400 49.8082 57.2550 5.2023
ng 4.8849 u, 1.0000 58.5085 63.5085 4.1500
ny 6.4868 u, 1.0000 74.5085 81.5085 5.8800

E(G) =70.3882, SL(G) = 81.5085

E(G)=70.3882 , SL(G)=81.5085

Fig. 12. The scheduling results after using the g-Reverse Cyclic Algorithm.

results after iteration. In this example, the schedule length decreases
from 89.8458 to 84.0441 (a 6.46% improvement), and the total energy
consumption is 70.3882 in both cases, satisfying the given energy
budget.

5.5. Complexity analysis

Let | N| denote the number of tasks in a DAG, |U| denote the number
of heterogeneous processors, and |F| denote the number of available
DVEFS frequency levels. In each scheduling round, the dominant op-
eration is to evaluate feasible task—processor-frequency combinations
while updating precedence-aware ready times and earliest finish times.
Therefore, the dominant cost of one scheduling round is bounded by
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Table 9

The scheduling result before the y-Reverse Cyclic Algorithm.
n; Egiven(n;) u, f(ny) AST(n;) AFT(n) E(n)
n 7.4233 uy 0.81 0.0000 11.1111 7.3388
ny 7.4828 u 0.89 23.1111 35.4707 7.4230
ny 6.9539 uy 1 20.1111 28.1111 6.7200
n, 8.8737 uy 0.49 11.1111 47.8458 8.7454
ns 6.6902 u, 0.68 28.1111 47.2288 6.5964
ng 7.213 u, 0.79 35.4707 51.9264 7.1391
ny 9.5281 u, 0.95 63.8458 76.4774 9.3943
n, 5.556 u 0.97 51.9264 59.1429 5.5016
ng 4.7419 u, 1 66.8458 71.8458 4.1500
ny 7.9863 u 1 82.8458 89.8458 5.8800

E(G) =70.3882, SL(G) = 89.8458

E(G)=68.8887 , SL(G)=89.8458
................... J P

Fig. 13. The scheduling results before using the y-Reverse Cyclic Algorithm.

Table 10

The scheduling result after the y-Reverse Cyclic Algorithm.
n; Egipen(n;) U, f(n) AST(n;) AFT(n;) E(n;)
n 7.7028 uy 0.8400 0.0000 10.7143 7.6789
ny 7.0012 u, 1.0000 26.0441 34.0441 6.7200
ns 6.7052 uy 0.6800 45.9265 65.0441 6.5964
ny 7.4222 u, 0.8800 22.7143 35.2143 7.2774
ng 7.1427 uy 0.7900 34.6517 46.0441 7.1170
n, 9.6864 u 0.9400 35.2143 49.0441 9.6614
n, 6.8588 u 1.0000 53.0441 60.0441 5.8100
ng 5.5880 u, 1.0000 61.0441 66.0441 4.1500
ny 10.9818 u, 1.0000 65.0441 77.0441 10.0800
ny 7.4697 iy 1.0000 77.0441 84.0441 5.8800

E(G) =70.3882, SL(G) = 84.0441

E(G)=70.971 , SL(G)=84.0441

Fig. 14. The scheduling results after using the y-Reverse Cyclic Algorithm.

O(IN?|U || F]), where the quadratic term mainly reflects precedence-
aware task selection and ready-time update operations over the task
graph.

For the three cyclic feedback variants, let I,, I5, and I, denote
the numbers of cyclic iterations before their corresponding termination
conditions are triggered. The computational costs of the a-, -, and y-
variants can then be expressed as O(Ia|N|2|U|| FJ), O(Iﬁ|N|2|U|| FJ),
and O(I,|N 12|U || F)), respectively. Since CFSECC selects the best sched-
ule from the three variants, its overall complexity is O((1, + I; +
Iy)|N|2|U I FI). If Iy, = max{I,, I, I, }, the worst-case bound can also
be written as O(1,,,, | N |2|U || F|) by ignoring constant factors. This anal-
ysis shows that the additional cost of CFSECC is mainly controlled by
the number of cyclic iterations, which is further examined empirically
in Section 6.4.
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6. Experiments

We refer to the cyclic feedback scheduling strategy for energy-
consumption constrained heterogeneous distributed real-time applica-
tions as CFSECC. To verify the effectiveness of the proposed strategy,
FFT and GE applications are selected in the experiments, as these two
applications are widely adopted in heterogeneous distributed embed-
ded systems [36]. The parameters for applications and processors in
this experiment follow [17-19,21]: 10ms < w;, < 100ms, 10ms <
¢i; < 100ms, 0.03 < P jpq < 007, 0.8 < Cpp < 12,25 < my < 3.0,
and f} na.x = 1 GHz. The processor frequency step is set to 0.01 GHz.

In the comparison experiments with existing approaches, MSLECC
[17] (Minimizing Schedule Length of Energy Consumption Constrained
Algorithm), ESECC [18] (Efficient Scheduling Algorithm for Energy
Consumption Constrained), EECC [19] (Enhanced Energy-Constrained
Scheduling), ISAECC [20] (Improved Scheduling Approach for En-
ergy Consumption Constrained Algorithm), TSSA [21] (Task Structure-
Aware Scheduling of Energy-Constrained Parallel Applications) and
SEDC [22] (Scheduling based on Energy Difference Coefficient) share
the same application model and optimization objective as CFSECC.
Therefore, they are selected as baseline algorithms, and comparative
experiments are conducted under different energy constraints and dif-
ferent task quantities. Specifically, the CFSECC framework consists of
three cyclic variants: the a-Cyclic Iterative Algorithm, the p-Reverse
Cyclic Algorithm, and the y-Reverse Cyclic Algorithm. Among the
schedules produced by these three variants, the one with the smallest
makespan is selected as the final output. In the experimental figures,
the labels “alpha-cycle”, “beta-cycle”, and “gamma-cycle” correspond
respectively to the a-Cyclic Iterative Algorithm, g-Reversed Cyclic Al-
gorithm, and y-Reversed Cyclic Algorithm introduced in Section 5.

In each group of experiments, we present the results of all al-
gorithms under different levels of energy availability. For scheduling
performance, we provide box plots of the makespan and median curves
of the makespan to enable comprehensive comparison. For energy con-
sumption, we report the total energy usage of each algorithm under dif-
ferent energy constraints to demonstrate that the energy consumption
always remains within the allowed budget.

To quantify the available energy budget, we define an energy
availability ratio n, which represents the proportion of executable
energy relative to the energy consumption obtained by scheduling the
application using the HEFT algorithm [16]. The available energy for an
application A is expressed as

Eqvail(A) = 11 - Eygpr(A), 37)

where Eyppr(A) denotes the energy required when executing applica-
tion A using the HEFT scheduling strategy. In this work, the value of
n ranges from 0.1 to 0.9 with an increment of 0.1, indicating different
levels of energy constraints.

The experimental evaluation is conducted on three categories of
DAGs: practical application DAGs (such as FFT and GE), randomly
generated DAGs, and real-world industrial DAGs. Perturbations are in-
troduced under different energy constraints and task scales to verify the
robustness, transferability, and practical applicability of the proposed
algorithms. For the first two categories of experiments, each algorithm
is executed 50 times under each experimental condition. In the real-
world industrial DAG experiments, each algorithm is executed 200
times in each energy interval.

6.1. Practical application DAGs

We first evaluate the proposed scheduling strategy on represen-
tative real-world applications. Two widely adopted benchmarks are
considered: Gaussian Elimination (GE), characterized by a relatively
limited degree of parallelism, and the Fast Fourier Transform (FFT),
which typically exhibits high concurrency in its execution structure.
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Fig. 15. Boxplots of makespan for the FFT application under different energy availability ratios (Experiment 1).
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Fig. 16. Median makespan versus energy availability ratio for the FFT application (Experiment 1).

The detailed task structures of these applications have been introduced
in Section 3.1, Task Structure.

Experiment 1: FFT — variation of energy availability ratio

In this experiment, the FFT benchmark with a scale parameter of
p = 64 (totaling 511 tasks) is utilized to assess the robustness of the
evaluated algorithms under varying levels of energy availability. The
energy availability ratio # is adjusted from 0.4 to 0.9 with a step of
0.1, and the comparative makespan results are reported in Fig. 15.

From the box plots in Fig. 15, it can be observed that the makespan
of all algorithms decreases as 5 increases, indicating that relaxing the
energy constraint improves scheduling efficiency. CFSECC consistently
achieves the shortest makespan, demonstrating superior stability under
different n values.

Additionally, Fig. 16 shows that when n = 0.4,0.5, and 0.7, the
performance gap among the algorithms remains narrow, with CFSECC
maintaining a slight advantage. When n = 0.6, the a-Cyclic Iterative
Algorithm provides the most stable and optimal performance, signif-
icantly outperforming ESECC, ISAECC, and EECC. When 5 = 0.8 and
0.9, the p-Reverse Cyclic Algorithm and y-Reverse Cyclic Algorithm de-
liver the most outstanding results, far surpassing traditional scheduling
algorithms such as ESECC, ISAECC, EECC, TSSA, and SEDC.

Fig. 17 reveals that all algorithms satisfy the energy constraint.
However, ISAECC and SEDC show relatively poor energy utilization
efficiency.

Overall, under the best energy-constraint setting, the optimal make-
span achieved by CFSECC corresponds to approximately 95.1% of
ESECC, 96.9% of EECC, 91.6% of ISAECC, 95.9% of TSSA, and 91.5%
of SEDC, demonstrating significant and consistent performance advan-
tages across different energy levels.
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Experiment 2: GE — variation of energy availability ratio

Similar to the design of Experiment 1, this experiment uses the GE
benchmark with a scale parameter of p = 32 (totaling 527 tasks) to
assess the robustness of the evaluated algorithms under varying levels
of energy availability. The energy availability ratio # is adjusted from
0.4 to 0.9 with a step of 0.1, and the comparative makespan results are
reported in Fig. 18.

From the median-performance curves in Fig. 19, noticeable per-
formance differences emerge among the scheduling algorithms for the
GE application, and these differences become more pronounced as the
energy availability ratio  increases. ISAECC and SEDC show a slowing
reduction in makespan when 7 exceeds 0.7, indicating a limited ability
to further exploit additional energy resources. Among the proposed
algorithms, the a-Cyclic Iterative Algorithm achieves a stable decrease
in makespan with increasing », while the p-Reverse Cyclic Algorithm
and y-Reverse Cyclic Algorithm deliver significantly better performance
atn = 0.6, 0.7, and 0.8, clearly outperforming the traditional scheduling
algorithms.

The energy consumption comparison in Fig. 20 shows that all algo-
rithms operate within the allowed energy budget. Except for ISAECC
and SEDC, most algorithms nearly fully utilize the available energy
resources. Given that the first two experiments have already clari-
fied the relationship between energy usage and available energy for
each method, energy histograms will not be provided in subsequent
experiments.

Overall, CFSECC also exhibits stable behavior in this experiment,
and its average makespan shows clear advantages over the traditional
algorithms. The optimal makespan achieved by CFSECC corresponds
to approximately 96.6% of ESECC, 95.5% of EECC, 90.2% of ISAECC,
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Fig. 17. Energy consumption comparison for the FFT application under different energy availability ratios (Experiment 1).
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Fig. 18. Boxplots of makespan for the GE application under different energy availability ratios (Experiment 2).
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Fig. 19. Median makespan versus energy availability ratio for the GE application (Experiment 2).

97.1% of TSSA, and 89.9% of SEDC, indicating that CFSECC remains
competitive with all baseline methods on the GE high-energy task graph
and delivers particularly noticeable improvements over ISAECC and
SEDC.

Experiment 3: FFT applications with different task quantities

This experiment evaluates the performance of the compared algo-
rithms on FFT applications of varying sizes. The energy availability
ratio is fixed at # = 0.8, while the FFT scale parameter p is set to pow-
ers of two: 8,16,32,64,128, and 256, corresponding to task counts of
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39,95,223,511,1151, and 2559, respectively. The experimental results
for all algorithms are presented in Fig. 21.

From the median-performance curves in Fig. 22, the makespan of
all algorithms increases with the task quantity, as expected. Never-
theless, the three cyclic algorithms proposed in this paper maintain
clear advantages across all scales. For smaller FFT instances (39 and 95
tasks), the a-Cyclic Iterative Algorithm achieves the shortest makespan.
As the number of tasks increases, the p-Reverse Cyclic Algorithm
and y-Reverse Cyclic Algorithm become more competitive. The y-
Reverse Cyclic Algorithm achieves the best performance at 223 tasks,
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Fig. 22. Median makespan versus task quantity for FFT applications (Experiment 3).

while both reverse-cyclic variants exhibit similar performance at 511
and 1151 tasks. When the task count reaches 2559 and beyond, the
B-Reverse Cyclic Algorithm consistently attains the shortest makespan.

In terms of overall average performance, CFSECC outperforms all
baseline algorithms across the six FFT task scales. Its average makespan
corresponds to approximately 96.5% of ESECC, 96.4% of EECC, 94.2%
of ISAECC, 96.5% of TSSA, and 94.3% of SEDC. As the task size
increases from a few dozen to several thousand, the advantage of
CFSECC remains stable, demonstrating the effectiveness of its cyclic
feedback-based energy allocation mechanism even on large-scale DAGs.
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Experiment 4: GE applications with different task quantities

This experiment investigates the robustness and scheduling perfor-
mance of the compared algorithms on GE applications of various scales.
The energy availability ratio is fixed at = 0.7. To ensure a more
comprehensive evaluation under general integer-scale configurations,
while satisfying the GE structural constraint that (p*> + p — 2)/2 must
be an integer, the scale parameter p is increased by approximately a
factor of 2.5, taking values 14,21,31,47, and 71, corresponding to task
quantities of 90,230,495, 1127, and 2555, respectively. The results are
shown in Fig. 23.



Y. Chen et al Journal of Systems Architecture 178 (2026) 103906

ESECC WEN ISAECC NN EECC TSSA  EEE SEDC WEM alpha-cycle WE beta-cycle W gamma-cycle [ Min~Max —— Median Line
Impact of Task Count on Scheduling Performance (GE)

7000
£ 6000
°
< .

= —
< 5000 e —
=]
3
£ 4000
@
—_—
3000
—_—

2000

1000 = ¢

90 230

495
Number of Tasks in GE DAG

1127 2555

Fig. 23. Boxplots of makespan for GE applications with different task quantities (Experiment 4).
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Fig. 24. Median makespan versus task quantity for GE applications (Experiment 4).

From the median-performance curves in Fig. 24, the makespan
of all algorithms increases with the number of tasks. The proposed
cyclic algorithms consistently maintain advantages across all scales,
and their superiority becomes more pronounced as the application
size grows. Specifically, the y-Reverse Cyclic Algorithm achieves the
shortest makespan for both small (90 tasks) and large (1127 and
2555 tasks) instances, whereas the a-Cyclic Iterative Algorithm and g-
Reverse Cyclic Algorithm outperform the others at intermediate scales
such as 495 tasks, illustrating the complementary strengths of the three
cyclic variants.

On average, the makespan achieved by CFSECC corresponds to
approximately 96.8% of ESECC, 97.1% of EECC, 93.3% of ISAECC,
97.9% of TSSA, and 93.9% of SEDC. These results indicate that the pro-
posed cyclic feedback strategy maintains clear advantages in scheduling
efficiency over all baseline algorithms, even for computation-intensive
Gaussian Elimination applications with varying task scales.

6.2. Randomly generated DAGs

In the subsequent experiments, we employ randomly generated
DAGs to evaluate the performance of the scheduling algorithms on gen-
eral task graphs. The random DAGs are generated following the ideas
in [22,37], where several structural parameters are used to control
the overall shape, out-degree distribution, and inter-level dependencies
of the graph. Specifically, the shape parameter far characterizes the
“fatness” of the DAG along the level dimension. For a DAG with n
tasks, the number of tasks at level / follows a uniform distribution
with a mean of fat x \/Z The parameter od controls the average out
degree of each task, while the parameter jump represents cross-level
edges: an edge connecting a task at level / to a task at level / + jump is
assigned a jump value equal to its level distance. Similar to [22,37],
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in our experiments the shape parameter fat is chosen from the set
{0.6,0.8,1.0} and od is selected from {1,2,3,4,5}. Approximately 10% of
the edges are assigned jump = 2 and about 5% of the edges are assigned
jump = 3, while all remaining edges use jump = 1. This random DAG
generation method is adopted in Experiments 5 and 6 to investigate the
impact of varying processor counts and task-graph complexity on the
performance of the algorithms.

Experiment 5: Variation of processor quantity

To further evaluate the scalability and adaptability of the schedul-
ing algorithms under heterogeneous platform resource expansion, this
experiment fixes the number of tasks, the DAG structure, and the
energy availability ratio, while varying the number of processors in the
platform. This setting simulates execution environments ranging from
resource-limited to resource-abundant systems.

Specifically, the DAG contains 1000 tasks, the shape parameter
is set to fat = 0.8, and the energy availability ratio is fixed at
n = 0.5. The number of processors in the platform is configured to
16,32,48,64,80,96,112, and 128. These configurations allow us to ex-
amine how the scheduling performance of different algorithms evolves
as the level of available parallelism increases.

The goal of this experiment is to determine whether the algorithms
can effectively exploit additional multicore resources and whether
the makespan improves as more processors become available, thereby
revealing their scalability and resource-utilization efficiency. The com-
parative results are presented in Fig. 25.

From Fig. 26, it can be observed that the makespan of all algorithms
decreases as the number of processors increases. To evaluate the ro-
bustness of the algorithms under limited energy conditions, the energy
availability ratio is set to a relatively restricted value of n = 0.5, leaving
little surplus energy available. Even under this constrained setting, all
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Fig. 26. Median makespan versus processor count for random DAGs (Experiment 5).

algorithms exhibit a steady reduction in makespan as additional par-
allel resources are introduced. The proposed CFSECC framework con-
sistently maintains shorter schedules, demonstrating strong scalability
with respect to processor expansion.

Specifically, the average makespan achieved by CFSECC corre-
sponds to approximately 91.5% of ESECC, 91.5% of EECC, 91.5% of
ISAECC, 92.1% of TSSA, and 90.8% of SEDC. These results indicate
that, as the number of processors continues to increase, the proposed
cyclic feedback strategy is able to maintain scheduling performance
comparable to — or even slightly better than — all baseline algorithms,
without any degradation attributable to processor-scale expansion.

Experiment 6: Variation of task-graph complexity

To further assess the adaptability of the scheduling algorithms to the
structural complexity of task graphs, this experiment fixes the number
of tasks, the number of processors, and the energy availability ratio,
while varying the shape parameter faf to generate random DAGs with
different width—-depth characteristics. A smaller value of far produces
deeper DAGs with lower parallelism, whereas a larger value yields
wider DAGs with higher degrees of parallelism.

In this experiment, the number of tasks is set to 500, the num-
ber of processors is fixed at 32, and the energy availability ratio is
set to n = 0.5. The shape parameter is varied over the set far €
{0.2,0.4,0.6,0.8,1.0, 1.2}. The remaining structural parameters are con-
figured as od = 3 and jump = 3. These settings produce a variety of
DAGs ranging from deep, low-parallelism task graphs to wide, highly
parallel structures, enabling a comprehensive evaluation of how algo-
rithm performance responds to increasing task-graph complexity. The
results are presented in Fig. 27.

From the median-performance curves in Fig. 28, it can be observed
that the structural complexity of the DAG, controlled by the fat param-
eter, has a pronounced impact on scheduling performance. When fat
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increases from 0.2 to 0.4, the makespan of all algorithms drops sharply,
indicating that the transition from a deep, serial-like structure to a
wider DAG significantly enhances available parallelism and improves
scheduling efficiency. As fat increases further from 0.4 to 1.2, the
makespan gradually rises, suggesting that excessively wide DAGs lead
to reduced dependency constraints but higher contention among ready
tasks, diminishing the marginal benefits of increased parallelism.

Across the entire range of fat values, the three cyclic variants
proposed in CFSECC consistently demonstrate superior performance.
The a-Cyclic Iterative Algorithm achieves the shortest makespan near
fat = 0.4, where the DAG attains an optimal balance between width
and depth. As the DAG becomes wider, the g-Reverse Cyclic Algorithm
and y-Reverse Cyclic Algorithm increasingly outperform the traditional
algorithms, maintaining lower makespans at fat = 0.8, 1.0, and 1.2.
Overall, CFSECC exhibits robust adaptability to varying DAG structural
complexity and consistently maintains stable performance advantages.
On average, its makespan corresponds to approximately 99.8% of
ESECC, 99.7% of EECC, 99.3% of ISAECC, 99.9% of TSSA, and 99.2%
of SEDC, demonstrating strong resilience to changes in graph density
and topology.

6.3. Real-world application DAGs

Experiment 7: Real-world industrial DAG

To evaluate the performance of the scheduling algorithms in a prac-
tical application scenario, this experiment adopts a real industrial task
graph commonly used for benchmarking in embedded control systems
[21]. The DAG consists of six subsystems (Fig. 29): the engine controller
(tasks C;—C,), the automatic gearbox (Cg—C,,), the anti-lock braking
system (C;,—C,;), the wheel-angle sensor (C,3—C,9), the suspension
controller (C,)—C,,), and the bodywork control unit (C,5—-C;,). The task
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Fig. 27. Boxplots of makespan for different DAG structural complexities (fat parameter) on random DAGs (Experiment 6).
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Fig. 29. Task graph of a real-world automotive control application.

parameters follow the configuration in [21]: 100 us < w;;, <400 us and
100 us < ¢; ; < 400 us. The number of processors is set to 16.

In this experiment, the energy availability ratio # is varied from 0.4
to 0.9, and the scheduling results of all algorithms are illustrated in Fig.
30.

From Fig. 31, it can be observed that the makespans of all algo-
rithms decrease as the energy availability ratio increases, which aligns
with the expected improvement in scheduling flexibility under higher
energy budgets. The traditional algorithms ESECC, EECC, and ISAECC
exhibit similar overall behaviors, while TSSA and SEDC achieve slightly
better results in certain regions but lack consistency across all settings.
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In contrast, the proposed CFSECC framework consistently yields shorter
makespans across all levels of 7, demonstrating strong robustness and
effective energy utilization.

Notably, as more energy becomes available, the performance ad-
vantages of our proposed algorithm become increasingly pronounced,
with the improvement margin expanding steadily. When the energy
availability ratio reaches 0.9, this advantage becomes most significant:
CFSECC reduces the makespan by approximately 12.13%, 18.00%,
12.01%, 6.80%, and 19.31% compared to ESECC, ISAECC, EECC, TSSA,
and SEDC, respectively, further confirming its strong optimization ca-
pability on real-world industrial applications.
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Fig. 31. Median makespan versus energy availability ratio for the real-world industrial DAG (Experiment 7).
Table 11

Winning-frequency distribution of the three cyclic variants across the seven experiment groups. Values are reported as counts

with percentages in parentheses.

Experiment Cases a wins (%) p wins (%) y wins (%) Ties (%)
Exp. 1: FFT, energy ratio 300 0 (0.0) 77 (25.7) 220 (73.3) 3 (1.0)
Exp. 2: GE, energy ratio 300 6 (2.0) 172 (57.3) 119 (39.7) 3 (1.0)
Exp. 3: FFT, task number 300 118 (39.3) 104 (34.7) 59 (19.7) 19 (6.3)
Exp. 4: GE, task number 250 46 (18.4) 98 (39.2) 55 (22.0) 51 (20.4)
Exp. 5: Random DAG, processors 400 7 (1.8) 165 (41.2) 228 (57.0) 0 (0.0)
Exp. 6: Random DAG, graph complexity 300 40 (13.3) 15 (5.0) 245 (81.7) 0 (0.0)
Exp. 7: Real-world industrial DAG 1200 311 (25.9) 126 (10.5) 763 (63.6) 0 (0.0)

Overall, the average makespan produced by CFSECC corresponds to
91.5% of ESECC, 91.5% of EECC, 91.5% of ISAECC, 92.1% of TSSA, and
90.8% of SEDC, demonstrating continuous superiority on the real-world
industrial DAG.

The analysis of the mechanisms underlying the aforementioned
experimental results, together with the corresponding insight summary,
is presented as follows.

6.4. Empirical ablation and convergence analysis

To examine the contribution of each cyclic feedback variant, we
compare the makespans produced by the a-, f-, and y-cycle variants
in each test case. The variant with the shortest makespan is counted
as the winner, and ties are counted separately. Table 11 reports the
winning-frequency distribution across the seven experiment groups.
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The results show that the three variants have complementary ad-
vantages. The y-variant wins most often in the FFT-energy, processor-
number, DAG-complexity, and real-world DAG experiments; the g-
variant is stronger in GE-related settings; and the a-variant remains
competitive in the FFT-size experiment. Thus, no single variant consis-
tently dominates all conditions, supporting the design of selecting the
best schedule from the three cyclic feedback variants.

We further evaluate convergence on the real-world industrial DAG,
where the cyclic iteration count is recorded before each variant reaches
its corresponding termination condition. This setting provides a practi-
cal view of the iterative overhead under six energy-ratio constraints.

Table 12 shows that all three variants terminate within bounded
iteration counts. The average iteration counts of «, §, and y are 14.3,
7.3, and 9.2, respectively, and their worst-case counts are 31, 34, and
48. The p-variant converges fastest on average, while the y-variant
maintains moderate overhead despite reverse-graph exploration. These
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Table 12
Convergence statistics on the real-world industrial DAG. Values are reported
as average/worst-case iteration counts.

Experiment setting Cases a avg./max. f avg./max. y avg./max.
Real-world DAG, n =04 200 12.1/18 5.5/33 12.2/48
Real-world DAG, n=0.5 200 10.3/19 5.8/27 10.4/39
Real-world DAG, 1 = 0.6 200 10.2/15 5.0/19 10.5/46
Real-world DAG, 1 =0.7 200 12.5/19 5.0/26 8.3/22
Real-world DAG, n=0.8 200 16.4/24 8.6/34 7.3/25
Real-world DAG, 1 =0.9 200 24.3/31 14.1/29 6.6/17
Overall 1200 14.3/31 7.3/34 9.2/48

results indicate that CFSECC improves scheduling performance without
excessive iterative overhead in practical scenarios.

6.5. Insight summary

(1) Across all experiments, traditional algorithms such as ESECC,
EECC, and ISAECC exhibit highly similar scheduling behaviors. Al-
though their energy-assignment policies differ slightly, they all rely
on the same upward-rank priority mechanism, resulting in comparable
task-order decisions. Consequently, while individual runs may show
minor variation, their average makespans remain close. This indicates
that priority-based scheduling without structural adaptation leads to
limited performance divergence under varying constraints.

(2) The TSSA algorithm also adopts the upward-rank metric, but
performs scheduling on a reversed task graph. This structural inversion
sometimes improves path utilization and reduces idle time, allowing
TSSA to surpass ESECC, EECC, and ISAECC in certain configurations.
However, its advantage is not universal, as the benefit strongly depends
on graph shape and task-level depth distribution.

(3) SEDC determines task priority using a time-difference coef-
ficient, resulting in more fine-grained ordering compared with the
aforementioned methods. Consequently, SEDC can achieve shorter
makespans in scenarios with small task scales or tight energy bud-
gets (e.g., when the task number is 39 in Experiment ). However,
its residual-energy redistribution mechanism allocates surplus energy
primarily to later, lower-priority tasks. When the available energy
ratio is high, this leads to insufficient energy utilization by critical
tasks, ultimately restricting the algorithm’s ability to further optimize
makespan.

(4) Across all experimental conditions — including varying energy
availability, processor scalability (Experiment 5), and structural com-
plexity of DAGs (Experiment 6) — the proposed CFSECC framework
achieves stable and consistently superior performance. The three cyclic
variants exhibit complementary strengths: the a-Cyclic Iterative Algo-
rithm is particularly effective under moderate energy budgets due to
its balanced exploration-exploitation scheduling pattern, whereas the
p-Reverse Cyclic Algorithm and y-Reverse Cyclic Algorithm dominate in
high-energy or high-parallelism settings, where their reverse traversal
strategy allows more efficient utilization of execution slack. Compared
with traditional methods that fail to fully exploit additional resources,
CFSECC demonstrates that cyclic task—energy coordination is essential
for robustness and efficiency under diverse system constraints.

6.6. Model limitations and future extensions

The energy model adopted in this work follows the widely used
DVFS-based formulation and focuses on processor-frequency-dependent
dynamic energy and processor-independent power. This abstraction
enables the scheduling algorithm to explicitly control task execution
frequencies under a given energy constraint. However, it does not
explicitly model inter-core memory contention, cache interference, or
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shared-bus interference. On real heterogeneous platforms, such shared-
resource effects may increase the actual WCET and energy consump-
tion, especially for memory-intensive workloads. Therefore, the re-
ported results should be interpreted as scheduling-level optimization
under a standard DVFS-based abstraction. Incorporating contention-
aware WCET estimation and shared-resource energy modeling will be
considered in future work.

7. Conclusion

To address the energy-constrained scheduling problem in hetero-
geneous distributed systems, this paper proposes a cyclic feedback
scheduling optimization strategy. To fully leverage the potential of
multi-round optimization and effectively balance energy allocation and
scheduling time, various iterative methods are designed. Multi-round
validation experiments demonstrate that, compared to current state-
of-the-art research, the proposed method improves energy utilization
and shortens scheduling time. Future work will incorporate new ap-
plication scenarios, such as intelligent connected vehicles, to develop
more complex iterative strategies. Methodologically, this will involve
integrating intelligent optimization and machine learning techniques
to achieve more efficient and refined scheduling improvements. Future
work may explore the integration of learning-based strategies with the
proposed cyclic feedback mechanism for adaptive scheduling scenarios.
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