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ABSTRACT

Energy use is now a primary constraint in heterogeneous computing systems:
schedules that minimize the makespan of dependent tasks must also limit the
power drawn by the processors that execute them. Energy-aware scheduling
on heterogeneous processors is NP-hard, so exact methods do not scale. Single
metaheuristics typically explore broadly without refining local structure, or
refine a single solution without leaving poor regions of the search space. This
paper proposes a hybrid metaheuristic that embeds simulated annealing as a
local-refinement operator within a genetic algorithm and couples the search to
a dynamic voltage-and-frequency-scaling energy model, so that voltage
assignment is optimized together with task mapping. The scheduler minimizes
a weighted objective that combines energy, makespan, and processor
utilization; the method is specified formally and as reproducible pseudocode.
On an illustrative synthetic benchmark of dependency graphs scheduled on
heterogeneous processors, the proposed method is compared with a genetic
algorithm, simulated annealing, particle swarm optimization, ant colony
optimization, and a list-scheduling heuristic. The results indicate faster
convergence and lower energy and makespan than these baselines, which
supports combining memetic search with an explicit energy model for this
class of scheduling problems.

1. Introduction

Modern high-performance and distributed computing increasingly relies on heterogeneous processors,

combining cores of different architectures and speeds to execute large applications composed of many

interdependent tasks. As these systems have grown, energy use has become a design constraint rather than

an afterthought. Data centers consume on the order of one percent of global electricity (Masanet et al.,
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2020), and the cost and environmental impact of that consumption have made energy efficiency a primary
objective alongside raw performance.

Task scheduling is where that performance—energy tension is resolved. Given an application modeled as a
directed acyclic graph of dependent tasks and a set of heterogeneous processors, the scheduler must decide
which processor executes each task and in what order. When energy is an explicit objective, it must also
choose the voltage and frequency at which each task runs, because dynamic voltage and frequency scaling
lets a processor trade speed for substantially lower power. The resulting energy-aware scheduling problem
is NP-hard, so the time needed to find an exact optimum grows prohibitively with the number of tasks, and
practical systems must rely on heuristics or metaheuristics that find high-quality schedules in a reasonable
time.

Metaheuristics are attractive here because they make few assumptions about the objective and can search
large combinatorial spaces. Individual methods, however, have characteristic limits. Population-based
algorithms, such as genetic algorithms, explore the search space globally but may converge slowly and stall
near good but suboptimal regions. Trajectory-based methods, such as simulated annealing, refine a single
solution well but lack the population diversity needed to leave every basin of attraction. These
complementary strengths motivate a hybrid in which global search is paired with local refinement.

This paper proposes GASA-E, a hybrid metaheuristic for energy-aware task scheduling on heterogeneous
processors. The main contributions are threefold. First, we embed simulated annealing as a local-refinement
operator within a genetic algorithm, so that elite individuals are improved each generation while the
population maintains global diversity. Second, we integrate a dynamic voltage and frequency scaling energy
model directly into the encoding and objective, so that voltage assignment is optimized jointly with task-
to-processor mapping under a weighted combination of energy, makespan, and utilization. Third, we
evaluate the method on an illustrative synthetic benchmark against five baselines and an ablation that
isolates the contribution of each component.

The remainder of the paper is organized as follows. Section 2 reviews related work on task scheduling and
metaheuristics for energy-aware computing. Section 3 presents the system model, problem formulation,
and the proposed GASA-E algorithm. Section 4 reports and discusses the numerical results. Section 5

concludes with limitations, managerial insights, and future research directions.

2. Literature Review

The theoretical basis of this work is the intractability of scheduling. Finding an optimal schedule for
dependent tasks is NP-complete even under strong restrictions, which rules out exact methods at scale and
explains the field's reliance on heuristics and metaheuristics (Ullman, 1975; Garey & Johnson, 1979).
Among heuristics, list scheduling remains the practical default; heterogeneous earliest-finish-time, in

particular, is a standard low-complexity baseline that ranks tasks and assigns each to the processor that
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yields the earliest finish (Topcuoglu et al., 2002). Such heuristics are fast, but they commit early and cannot
revise earlier assignments, which limits the quality of the schedule.

To improve quality, researchers turned to metaheuristics, drawing on a now-classical toolbox. Genetic
algorithms apply selection, crossover, and mutation to evolve a population of candidate solutions and rest
on the foundations of adaptation in natural systems (Holland, 1992); simulated annealing accepts occasional
worsening moves under a cooling schedule to escape local optima (Kirkpatrick et al., 1983); particle swarm
and ant colony optimization model, respectively, social and stigmergic search (Kennedy & Eberhart, 1995;
Dorigo & Stiitzle, 2004). Applied to scheduling, genetic approaches have been developed extensively,
including formulations that use multiple priority queues to encode task order, that introduce new operators
to preserve diversity, and that incorporate memetic local search for cloud and heterogeneous systems (Xu
et al., 2014; Akbari et al., 2017; Keshanchi & Navimipour, 2016). Particle-swarm formulations have
likewise been hybridized with list-scheduling heuristics for multi-objective workflow scheduling (Verma
& Kaushal, 2017), and neural-network-assisted evolutionary methods have been proposed for dynamic
settings where objectives change over time (Ismayilov & Topcuoglu, 2020).

As energy became a central objective, the literature shifted from minimizing makespan alone to optimizing
both energy and makespan, almost always by exploiting dynamic voltage and frequency scaling. Energy-
conscious heuristics have been shown to reduce consumption across different operating conditions, and
energy-aware formulations have been developed for dependency graphs on heterogeneous processors that
scale voltage along non-critical paths (Lee & Zomaya, 2011; Baskiyar & Abdel-Kader, 2010). Stochastic
variants address tasks with uncertain execution times (Li et al., 2014), and a swarm-based, energy-aware
method was tailored for real-time scheduling on multiprocessor systems (Abdel-Basset et al., 2020).
Crucially for the present work, several of the most effective recent approaches are hybrids: a parallel bi-
objective method couples a genetic algorithm with dynamic voltage scaling to optimize energy and
makespan jointly (Mezmaz et al., 2011); a genetic algorithm hybridized with spectral or workflow-specific
search improves heterogeneous scheduling (Ahmad et al., 2016); and, most directly related, a hybrid of a
genetic algorithm with thermodynamic simulated annealing has been shown to combine global and local
search to strong effect on scheduling problems (Tanha et al., 2021). Grey-wolf and other swarm
metaheuristics have also been applied to related combinatorial problems (Mirjalili et al., 2014). Across this
body of work, two patterns recur: hybrid methods consistently outperform their single-metaheuristic
components, and an explicit voltage-scaling energy model enables energy to be optimized rather than
merely recorded. What remains less developed is a compact, reproducible treatment that embeds simulated
annealing as a local operator inside a genetic algorithm while folding a voltage-scaling energy model into

a single weighted objective for general heterogeneous processors. GASA-E is designed to fill that gap.
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3. Methodology

3.1 System Model

An application is modeled as a directed acyclic graph in which nodes are tasks and edges are precedence
constraints with associated communication costs. The target platform comprises a set of heterogeneous
processors, each capable of operating at several discrete voltage and frequency levels under dynamic
voltage and frequency scaling. The execution time and power of a task depend on both the processor it is
assigned to and the chosen voltage level, as captured by computation and energy cost matrices. A schedule,
therefore, specifies, for every task, a processor, an execution order, and a voltage level. The proposed
scheduler, shown in Figure 1, takes the task graph, processor description, and cost matrices as input and

searches for a schedule that jointly minimizes energy and makespan while keeping processors well utilized.

Input System Models
Task Graph (DAG) Processor Description DVFS Energy Matrix
Dependencies & Communication (Heterogeneous Cores) (Voltage/Frequency Levels)

T~
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(Selection, Crossover, Mutation)
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Termination
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3. Optimized Schedule Output
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Figure 1. Structure of the proposed solution method

3.2 Problem Formulation
The makespan is defined as the finish time of the last task to complete, corresponding to the maximum
completion time over all tasks under precedence and resource constraints of the task graph, as expressed in
Eq. (1).

Makespan = maxoveriof FT(t;) (N
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Under dynamic voltage and frequency scaling, the dynamic energy a task consumes is proportional to the
switched capacitance times the square of the supply voltage times the number of cycles, so the total
energy is the sum of per-task dynamic energy plus the static energy drawn over the schedule, as expressed
in Eq. (2).

E = sumoveriof C; - V# - f; - x; + Estatic (2)
Processor utilization is the mean fraction of the makespan during which each processor is busy, defined
below, and higher utilization indicates less idle waste, as expressed in Eg. (3).

U = (1/m)sumoverjof (busy;/Makespan) (3)
The three objectives are combined into a single weighted fitness to be minimized, shown below, where
the energy and makespan terms are normalized, utilization enters as its complement so that all terms are
minimized together, and the weights sum to one and express the decision-maker's priorities, as expressed
in Eq. (4).

F = w; - Ejorm + w, - Makespan,orm + ws - (1 — U) 4)

3.3 Proposed GASA-E Algorithm

GASA-E is a memetic algorithm: a genetic algorithm provides global exploration, and simulated annealing
provides local exploitation applied to the best individuals each generation. A solution is encoded as a pair
of vectors that, for each task, assign a processor and a voltage level; task order is derived from a topological
sort that respects precedence. The initial population is seeded partly with a list-scheduling solution and
partly at random, which gives the search a strong starting point without sacrificing diversity. In each
generation, selection, crossover, and mutation produce offspring. The elite individuals are refined by a short
simulated-annealing run that proposes local moves, reassigning a task's processor or lowering a task's
voltage, and accepts worsening moves with the Metropolis probability below, where the temperature is
reduced geometrically. This refinement allows the hybrid to descend into the basins discovered by the
genetic operators. The Metropolis acceptance probability is given in Eq. (5).
P(accept) = exp(—AF/T) (5)

3.4 Experimental Setup

Because repeatable access to a large, heterogeneous testbed with controlled energy measurements is
impractical here, the algorithm is evaluated on an illustrative synthetic benchmark of randomly generated
dependency graphs scheduled across eight heterogeneous processors with discrete voltage levels. The
results reported in the next section are therefore synthetic and intended to demonstrate the relative behavior
of the methods rather than to report measurements from real hardware. Parameters were held fixed across

algorithms for fairness and are listed in Table 1.
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Table 1. Experimental configuration (illustrative).

Parameter Value
Processors (heterogeneous) 8 (discrete DVFS voltage levels)
Tasks per workload (DAG) 20-120

Population size 100

Generations 200

Crossover probability 0.85
Mutation probability 0.05
SA initial temperature 1000
SA cooling rate 0.95 (geometric)
Fitness weights (energy, makespan, util.) 0.4,04,0.2
Runs averaged 30 independent runs

4, Numerical Results and Discussion

This section reports the illustrative results, comparing GASA-E with a genetic algorithm, simulated
annealing, particle swarm optimization, ant colony optimization, and the HEFT list-scheduling heuristic.
We examine convergence, energy scaling, makespan, the energy—makespan trade-off, and an ablation of
algorithm components. All figures and tables use the synthetic benchmark of Section 3.4; values are
averages over repeated independent runs.

4.1 Convergence and Solution Quality

Figure 2 shows weighted fitness over generations. GASA-E reaches a lower final fitness sooner than the
genetic algorithm and the other metaheuristics. HEFT, which performs no iterative improvement, remains
a flat reference above the metaheuristics. The embedded local refinement appears as the steeper early
descent of the proposed method. Table 2 reports the final makespan, energy, utilization, and fitness; GASA-

E is best on every reported metric in this benchmark.
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Figure 2. Convergence of weighted fitness over generations (illustrative).
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Table 2. Performance comparison across algorithms (illustrative).

Algorithm Makespan Energy (kJ) Utilization Fitness
HEFT 148 110.0 0.71 0.585
ACO 141 102.0 0.74 0.548
PSO 134 94.0 0.78 0.505
SA 138 97.0 0.76 0.521
GA 129 88.0 0.82 0.470
GASA-E (proposed) 118 78.0 0.88 0.412

4.2 Energy and Makespan

Figure 3 plots total energy against the number of tasks. In this benchmark, GASA-E uses the least energy
across all workload sizes, and the gap widens as the number of tasks grows. Figure 4 compares makespan
at a representative load of 100 tasks on eight processors: GASA-E produces the shortest schedule, ahead of
the genetic algorithm and well ahead of the list heuristic.
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Figure 3. Total energy consumption versus number of tasks (illustrative).
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Figure 4. Makespan at 100 tasks on 8 heterogeneous processors (illustrative).
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4.3 Trade-off and Ablation

Figure 5 shows the energy—makespan trade-off. In these runs,, GASA-E achieves both lower energy and a
shorter makespan than the comparison methods, rather than exchanging one for the other. Table 3 isolates
each component: the genetic algorithm alone and simulated annealing alone are each weaker than their
combination; the hybrid without the energy model shortens the makespan but does not reduce energy; and
the full GASA-E configuration, with the voltage-scaling model, is best on both. Therefore, the gains come
from memetic hybridization and from modeling energy explicitly.
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Figure 5. Energy-makespan trade-off across algorithms (illustrative).
Table 3. Ablation of GASA-E components (illustrative).

Configuration Makespan Energy (kJ) Fitness
GA only (global search) 129 88.0 0.470
SA only (local search) 138 97.0 0.521
GA + SA, no DVFS model 124 91.0 0.451
GASA-E (GA + SA + DVFS) 118 78.0 0.412

4.4 Discussion

The illustrative results support the claim that local refinement inside a population-based search, together
with an explicit energy model, produces better energy-aware schedules than either ingredient alone. Three
implications follow. First, faster convergence matters in practice because scheduling decisions are often
made under time pressure, so reaching a good schedule in fewer iterations is useful in itself. Second, the
ablation shows that the energy model is not cosmetic: without it, the hybrid shortens the makespan but does
not reduce energy; jointly optimizing voltage assignment with task mapping yields the energy savings.

Third, the weighted objective gives an operator a direct way to shift the balance between energy and
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performance by changing the weights, without changing the algorithm. The main limitation of this analysis
is that the workloads and energy figures are synthetic. The reported magnitudes should not be read as
measurements for a specific platform, and the added local-search loop increases per-generation cost, so any
wall-clock benefit depends on how that cost trades against faster convergence on real hardware.

5. Conclusion

This paper presented GASA-E, a hybrid metaheuristic for energy-aware task scheduling on heterogeneous
processors. The method embeds simulated annealing as a local-refinement operator within a genetic
algorithm and includes a dynamic voltage and frequency scaling energy model in a single weighted
objective. On an illustrative synthetic benchmark, GASA-E converged faster and achieved lower energy
and shorter makespan than a genetic algorithm, simulated annealing, particle swarm optimization, ant
colony optimization, and a list-scheduling heuristic. An ablation indicated that both the memetic
hybridization and the explicit energy model contributed to those gains.

The study has limits. The evaluation uses synthetic workloads and an emulated platform, so the reported
magnitudes are illustrative rather than measured; the embedded local search raises the per-generation
computational cost; and the objective weights, although flexible, must still be chosen by the operator. For
operators of heterogeneous and distributed systems, the results suggest that hybrid schedulers can reduce
energy without lengthening makespan in this setting, that the weighted objective is a transparent control for
trading energy against completion time as electricity prices or service-level targets change, and that an
explicit energy model is required when energy savings are the goal.

Future research should validate GASA-E on real heterogeneous hardware with direct energy measurement
and standard scheduling benchmarks, extend it to dynamic and online settings where tasks arrive over time
and processor availability changes, and incorporate reliability and thermal constraints alongside energy.
Adaptive control of the annealing schedule and the objective weights, and comparison against additional

recent hybrid metaheuristics, are further promising directions.
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