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Abstract: To address the energy consumption issues caused by
task lengths in task scheduling on heterogeneous multi-core
systems, this paper proposes an adaptive parameterized
improved simulated annealing algorithm based on the directed
acyclic graph task model. The algorithm employs feedback from
acceptance rates to dynamically adjust the temperature and
neighborhood size of the simulated annealing process. Addition-
ally, it introduces a security mechanism to enhance conver-
gence speed and global search capabilities. Compared against
classical simulated annealing and standard heuristic algorithms,
the proposed algorithm achieves reductions exceeding 54% in
convergence generations, 50% in task slots, and 10% in
scheduling time, providing a direction for low-power task
scheduling.
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1. Introduction

Heterogeneous multi-core processor chips [1], a promi-
nent example of integrated circuits [2], find extensive
applications in various emerging technologies [3], includ-
ing artificial intelligence (AI) [4], big data [5], cloud
computing [6], and the Internet of Things (IoT) [7]. The
efficient scheduling of applications onto multiple proces-
sors for execution [8], while controlling system energy
consumption through energy-saving techniques [9] and
ensuring rational resource utilization alongside the high-
performance advantages of multiprocessor systems [10],
represents a critical focus in both academic and engineer-
ing domains. Employing global optimization algorithms
to solve the problem of low-power task scheduling in
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multiprocessor systems demonstrates high efficiency and
practicality [11]. Compared to non-heuristic algorithms
[12], heuristic algorithms are widely used for solving
multiprocessor energy optimization problems due to their
advantages of simple implementation [13], strong adapt-
ability, and fast computational speed [14—18].

The energy consumption of heterogeneous multi-core
systems is co-determined by multiple factors, such as
voltage and frequency [19], communication power [20],
schedule length, and computational power [21]. Among
these, the task schedule length significantly influences the
total system energy consumption [22—24]. Consequently,
reducing the schedule length represents an imperative
need for addressing the energy optimization problem in
task scheduling [25].

Currently, numerous have conducted
explorations and studies in the field of low-power task
scheduling for heterogeneous multi-core systems based
on classical heuristic algorithms [26], leading to the
development of various hybrid and adaptive scheduling
algorithms [27].

Zhou et al. [28] proposed an improved genetic-simu-
lated annealing (SA) algorithm for scheduling ordered
tasks with task duplication. In the enhanced genetic algo-
rithm, the SA approach is employed to mitigate selection
pressure, strengthen global convergence, and prevent the
search process from being trapped in local optima. Cheng
et al. [29] introduced a task scheduling algorithm for het-
erogeneous multi-core processors based on the crazy and
adaptive salp swarm algorithm (CASSA). Aiming to min-
imize the overall task completion time, this algorithm
designs an encoding scheme for task allocation accord-
ing to task priority rules, demonstrating higher conver-
gence efficiency and superior solution quality in address-
ing heterogeneous multi-core task scheduling problems.
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Feng et al. [30] presented an evolutionary adaptive bat
algorithm (EABA), which incorporates an attenuated
pulse strategy and an evolutionary adaptive mechanism.
These strategies enhance the search capability of the bat
population, prevent premature convergence to local
optima, and thereby yield higher-quality solutions.

Given that existing heuristic scheduling algorithms for
minimizing task completion time seldom consider flexi-
ble handling of dynamic changes or imperfect informa-
tion in scheduling scenarios [31], thus limiting their prac-
tical applicability, this paper proposes an improved adap-
tive SA (ASA) algorithm to generate schedules with mi-
nimized execution time. By dynamically adjusting both
temperature and neighborhood size parameters while
incorporating a safety mechanism, the proposed approach
enhances convergence speed and global search capability,
ultimately achieving reduced schedule length and lower
system energy consumption.

2. Task scheduling model
2.1 Task model

This paper uses a directed acyclic graph (DAG) to repre-
sent the application model. We define a set M = {m,,
my,---,m,} to denote the multiprocessor cores in the sys-
tem. Fig. 1 shows an example application modeled as a
DAG, containing 11 subtasks where each node repre-
sents one. The set of all subtasks is defined as N =
{ni,na,---,n,}. Due to processor heterogeneity, the execu-
tion time of a given subtask differs across processors,
even at their maximum frequency. Consequently, we
introduce a matrix lengths of size p-g, whose element
lengths (i, j) represents the execution time of subtask n;
on processor ;.

Fig. 1 Application model representation by DAG

2.2 Task scheduling and allocation model

The optimization process for task schedule length in he-
terogeneous multi-core processors, as illustrated in Fig. 2,
aims to assign n subtasks N = {n;,n,---,n,} of an appli-
cation to m distinct processing cores M = {m,,m,--- ,m,}

according to a specific scheduling scheme. This is done
under the premise of ensuring execution efficiency, with
the goal of identifying the shortest possible schedule
length through a scheduling algorithm, thereby achieving
reduced energy consumption and efficient resource uti-
lization.

Construct a DAG Energy-efficient
task graph model task scheduling

D00

task Scheduling _
1 1asKS algorithm 3
" Output the schedule
DAG that minimizes the
makespan

Fig.2 Energy-efficient task scheduling process schematic

In matrix lengths, each row corresponds to one proces-
sor, and each column corresponds to one subtask. There-
fore, element lengths (i, j) represents the processing time
of subtask n; on processor m;. A scheduling matrix
schedule € Z7*? is defined, where each row represents the
task queue of a processor. Element schedule(i, k)=
Jj(j #0) indicates that location k& on processor m; is allo-
cated to task n;, while element schedule(i,k) =0 indi-
cates that location k is unassigned.

For a given processor m;, all assigned task indices are
retrieved as follows:

S ={jlschedule(i,k) = j,k=1,2,--- ,q}. €))

The total processing time is given by the cumulative
sum of the processing times for all its tasks:

T, = Z lengths (i, j). ©)
jesi
The makespan, which is the maximum completion time
among all processors, serves as the scheduling length for
the subtask set and constitutes the objective function
value:

makespan = max (7,75, ,T,). ?3)

3. ASA scheduling algorithm

The classical SA algorithm offers distinct advantages in
processor task scheduling problems due to its powerful
global optimization capability, flexibility in handling
complex constraints, and dynamic balance between
exploration and exploitation. However, when applied to
task scheduling on heterogeneous multi-core processors,
the classical SA exhibits several limitations: a fixed cool-
ing rate often leads to insufficient high-temperature



ZHU Guoliang et al.: Heterogeneous multi-core task scheduling based on adaptive simulated annealing 899

phases or excessively long low-temperature phases; a
fixed neighborhood size struggles to balance global
search and local optimization; and uncontrolled parame-
ters can cause algorithmic instability. This paper pro-
poses an ASA scheduling algorithm. In addition to intro-
ducing dynamic temperature and neighborhood adjust-
ment strategies guided by the monitoring of acceptance
rate feedback to balance exploration and exploitation and
avoid premature convergence, the algorithm also incorpo-
rates a safety mechanism and an adaptive cooling stra-
tegy. The optimized scheduling algorithm demonstrates
significant superiority over classical SA in terms of con-
vergence speed, solution quality, robustness, and inter-
pretability, making it particularly suitable for multi-pro-
cessor task scheduling problems.

3.1 Algorithmic framework

Fig. 3 shows the flowchart for the ASA scheduling algo-

rithm.
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!
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Fig.3 ASA scheduling algorithm flowchart

The algorithm is described as follows:
Step 1 An initial solution is generated by allocating

tasks uniformly across processors to ensure load balanc-
ing. The algorithm parameters are set as follows: initial
temperature T, = 20 000, neighborhood size N, =35,
cooling rate @ =0.95, and target acceptance ratio
B=0.25.

Step 2 New solutions are generated by a dynamic
neighborhood strategy. The strategy for dynamic neigh-
borhood adjustment is selected based on the acceptance
rate feedback, employing hybrid neighborhood opera-
tions (such as task relocation or task exchange), while
ensuring solution validity.

Step 3 The dynamic temperature adjustment strategy
adaptively tunes its parameters by comparing the current
and target acceptance rates to select an appropriate stra-
tegy.

Step 4 The SA algorithm commences its iterative
process. The loop is exited immediately upon satisfaction
of the convergence criteria, outputting the incumbent
optimal scheduling solution.

3.2 Adaptive neighborhood strategy

Neighborhood size defines the scope of new solutions
generated per iteration, with larger sizes enabling explo-
ration and smaller ones favoring local refinement.
Acknowledging the limitation of classical SA, its reliance
on a fixed neighborhood size N, and a single operation,
which hampers the exploration-exploitation balance, this
paper introduces a strategy that dynamically adjusts the
neighborhood size and hybridizes operations according to
the current acceptance rat Piccep-

The neighborhood size is dynamically adjusted as a
function of P,y to balance exploration and exploitation.
An increase in P, leads to a larger neighborhood,
thereby promoting exploration; conversely, the neighbor-
hood is narrowed to concentrate on exploitation. The for-
mula governing this adjustment is described below:

Ngo = Nsize +2 (Paccept _ﬂ) . (4)

size

The constant 2, which serves as the sensitivity coeffi-
cient, controls the magnitude of the adjustment. Pygeep rep-
resents the current acceptance rate, defined as the propor-
tion of solutions accepted within the current window.
Parameter N, = 2, Ny = 12 is defined to ensure that the
neighborhood size remains within a reasonable range,
thereby preventing excessive adjustments.

To mitigate oscillations and prevent abrupt changes,
the actual neighborhood size is updated using a weighted
average approach.

N, =03N"" +0.7N,, (5)

size size

In SA, a neighborhood operation refers to the mecha-
nism employed to generate new candidate solutions from
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the current solution. Common neighborhood operations
include task moving (relocating a task from one proces-
sor to another) and task swapping (exchanging tasks
between two processors). This paper adopts a hybrid
neighborhood operation that integrates the move opera-
tion with the swap operation. Specifically, a random
number u € (0,2) is generated. When condition u <1 is
met, the task move operation is executed, transferring a
task from a heavily-loaded processor to a lightly-loaded
one to optimize load balancing. When condition u > 1 is
satisfied, the task swap operation is performed, which
randomly exchanges tasks to enhance the diversity of the
solution space, thereby mitigating the issue of low search
efficiency associated with using a single neighborhood
operation.

3.3 Adaptive temperature policy

In SA, the temperature parameter controls the probability
of accepting inferior solutions. At high temperatures, the
algorithm accepts more suboptimal solutions, facilitating
a broad exploration of the solution space; at low tempera-
tures, it shifts focus to local refinement, driving conver-
gence towards high-quality solutions. The dynamic tem-
perature adjustment strategy aims to adaptively optimize
the cooling rate in real-time through a feedback mecha-
nism, enabling the algorithm to autonomously balance the
trade-off between exploration and exploitation during the
search process.

The temperature update formula of the proposed
dynamic temperature adjustment strategy is as follows:

Tncw = max { 100’ Told - €Xp [CR : (TF - 1)]} . (6)

The constant 100 ensures that the temperature does not
fall below this threshold, thereby preventing the algo-
rithm from stalling due to an excessively small value.Cy
is a dynamically adjusted cooling rate, which assumes
different values based on P, as defined below:

0.98, Pyee < 0.1
Cr=40.85, P > 0.4 : (7)
0.93, Pyeep € [0.1,0.4]

When condition P, < 0.1 leads to outcome Cp =
0.98, a slower cooling rate is employed, with the high-
temperature stage prolonged to facilitate sufficient explo-
ration. Conversely, when condition P,y > 0.4 results in
outcome Cp=0.85, the cooling rate is accelerated to
achieve rapid convergence to high-quality solutions.
Under condition Cg € [0.1,0.4], the default cooling rate
(0.93) is applied to maintain a balance between explo-
ration and exploitation.

Factor T, which is a scaling factor computed based on

the difference between P, and g, is defined as follows:

B - Paccept (8)

Tr=1+
F max (8, &)

where ¢ is a small constant to prevent division by zero.
As derived from (8), when B > P,y leads to T > 1, the
exponent term in (7) becomes greater than 0, resulting in
a temperature increase; conversely, it leads to a tempera-
ture decrease.

4. Simulation and experimental analysis

4.1 Verification environment and experimental
setup

To validate the superiority of the proposed ASA schedul-
ing algorithm in the field of heterogeneous multi-core
low-power computing, experiments are conducted utiliz-
ing the Windows Subsystem for Linux (WSL) running
the Ubuntu 22.04.3 LTS distribution to create DAG mo-
dels via the TGFF tool. The host system is Windows 10
Version 22H2. Subsequent simulations are performed
under the Windows 10 operating system, with the hard-
ware platform configured with an Intel Core i7-12700H
processor and 32 GB of RAM.

This study designs two sets of simulation experiments
to verify the effectiveness of the proposed algorithm. The
first set comprises a comparative experiment on conver-
gence generation and the number of task slots, while the
second set involves a comparative analysis of scheduling
time. The benchmark for comparison in these experi-
ments is the classical SA algorithm.

The experimental parameters are configured as fol-
lows: initial temperature T, = 20 000, neighborhood size
Ngze =5, cooling rate a =0.95, target acceptance rate
B=0.25.

4.2 Impact of task slot number on convergence
iterations

To evaluate the convergence generation of the proposed
algorithm compared to classical SA in multi-processor
task scheduling, as well as the effectiveness of the result-
ing optimal schedule in terms of the number of task slots
per processing core, five distinct DAGs are randomly
generated using the TGFF tool. Five comparative experi-
ments are conducted accordingly.

Fig. 4 presents a comparison between SA and the pro-
posed algorithm regarding the convergence generation
and the number of task slots per core for the five ran-
domly generated task sets. Here, ASA denotes the algo-
rithm proposed in this paper. It can be observed that,
when considering both convergence speed and task slot
allocation, the proposed algorithm achieves a balanced
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low-power demand across different metrics in all experi-
mental groups, demonstrating significantly higher effi-
ciency compared to SA.

reducing scheduling time across randomly generated task
scheduling scenarios, meeting energy-saving require-
ments for tasks of various complexity levels. As shown in
Table 3, which compares scheduling times before and

180 25 after algorithm optimization, ASA reduces scheduling
160 time by over 20% compared to SA in tasks with lower
140 | 120 complexity, while for highly complex tasks, the reduc-
=120 b tion remains above 10%. These results further validate
g 100 L 115 g the significant superiority of the proposed algorithm in
8 = global optimization capability and its high stability when
g & . . : .
5 applied to task scheduling across varying complexity le-
a vels.
450
0
Task 0 Task 1 Task 2 Task 3 Task 4 400 |
B : SA iteration count; [l : ASA iteration count;
: SA task slot; : ASA task slot. . 350 §
Fig.4 Convergence generation and task slots comparison g 300 -
g
Table 1 and Table 2 respectively demonstrate the supe- s 2501
rior performance of the proposed algorithm over SA in 200
terms of convergence generation and the number of task 150
slots. The results show that across five randomly gene-
: : 100 1 1 1 1
rated DAG task schs:dulmg scenarios, ASA reduces the Task 0 Task | Task 2 Task 3 Task 4
convergence generation by more than 54% (up to 95%) Task
and decreases the number of task slots by over 50% com- —— : SA makespan; ——: ASA makespan.
pared to SA. Fig.5 Scheduling time comparison
Table 1 Convergence generation comparison Table 3 Makespan comparison s
Algorithm 0 1 2 3 4 Algorithm 0 1 2 3 4
SA 37 55 61 81 66 SA 213.5 317.3 369.2 153.4 363.8
ASA 13 25 11 4 12 ASA 158.1 2559 327.3 106.6 304.1

Table 2 Task slots comparison

Algorithm 0 1 2 3 4
SA 9 14 18 8 18
ASA 4 7 8 4 7

4.3 Scheduling time comparison experiment

To demonstrate the optimization effect of ASA com-
pared to SA in terms of scheduling time in task schedul-
ing, as well as its effective balance among the three met-
rics convergence generation, number of task slots, and
scheduling time, a comparative experiment on schedul-
ing time is conducted using the five DAG task graphs
from Subsection 3.2.

Fig. 5 illustrates the comparison of scheduling times
between ASA and SA. It can be observed that the pro-
posed algorithm demonstrates consistent effectiveness in

5. Conclusions

This study addresses the issue of low-power task schedul-
ing in current heterogeneous multi-core processors. Con-
sidering the significant impact of task scheduling length
on energy consumption, a mathematical model for opti-
mizing task scheduling length is established based on the
DAG. To solve this model, an improved SA scheduling
algorithm with adaptive parameters is proposed. By uti-
lizing feedback from the current acceptance rate, the
algorithm dynamically adjusts the neighborhood size and
temperature, while incorporating safety mechanisms such
as neighborhood size clamping and minimum tempera-
ture protection. These enhancements lead to accelerated
convergence speed and improved global optimization
capability. Experimental results demonstrate that the pro-
posed algorithm is well-suited for low-power task
scheduling in heterogeneous multi-core processors,
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exhibiting significant superiority across various perfor-
mance metrics, along with the flexibility to be applied to
complex engineering optimization problems.

However, although the proposed adaptive scheduling
algorithm achieves favorable results in optimizing task
scheduling length for heterogeneous multi-core proces-
sors, it does not fully account for other multi-processor
low-power task scheduling problems with complex con-
straints. In practical applications, dependency constraints
among tasks and other conditional restrictions can sub-
stantially influence task scheduling outcomes. Therefore,
future research will focus on solving multi-processor low-
power task scheduling problems under complex con-
straints.
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