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Modern embedded applications keep getting more complex, while battery-powered
platforms still face strict energy limits. This makes it crucial to design energy-efficient task
mapping strategies for Network-on-Chip (NoC)-based heterogeneous Multi-Processor
System-on-Chip (MPSoCs). To address this, we present a novel discrete optimization
technique called the Binary Chimp Optimization Algorithm (BChOA). It is built to cut
energy use when mapping multiple application tasks onto heterogeneous MPSoC
architectures. BChOA takes the population behavior from the original Chimp Optimization
Algorithm (ChOA) and modifies it to work more effectively with binary problems. It
employs a sigmoid-based method to handle the transition from continuous to discrete,
enabling it to search through the space of possible task-to-core assignments more
effectively. We tested the effectiveness of BChOA by comparing it to three popular

optimization methods: Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and
Ant Colony Optimisation (ACO). We ran all of them on standard application benchmarks
like VOPD, MPEG-4, MMS, MWD, and PIP. BChOA ultimately proved to be more energy-
efficient across the board. On average, it used 7.73% less energy than GA, 4.50% less than
PSO, and 1.71% less than ACO. We also examined where each of these methods excelled
and where they fell short, all within the context of task mapping for NoC-based
heterogeneous MPSoC systems.

Copyright ©2025 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
T, under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

Heterogeneous Multi-Processor System-on-Chip (MPSoCs) [1] combine diverse processing units, including processing elements
such as CPUs [2], GPUs [3], DSPs [4], and FPGAs [5], on a single chip. They have become the backbone of modern, high-performance,
energy-efficient embedded systems [6]. These platforms are well-suited to complex, multi-task applications in multimedia processing,
wireless communications, and autonomous systems. The primary challenge is task mapping, which involves assigning each task in a
concurrent application to the most suitable core while meeting performance goals and minimizing energy consumption. Task mapping is
categorized as an NP-hard problem [7-10]. As the number of tasks and cores grows, the design space explodes, and exhaustive search
becomes impractical. Such complexity motivates the application of heuristic and metaheuristic techniques. Common choices include
ACO [11], PSO [12], and GA [13]. These methods can be effective, but they often converge too late and need heavy parameter tuning,
which limits their scalability and overall impact. The ChOA [5], taking inspiration from the cooperative predatory behavior of
chimpanzees (attackers, chasers, barriers, and drivers working together to capture prey), performs well on continuous optimization
problems because it balances global exploration and local exploitation. The original ChOA targets continuous search spaces. The
task-mapping problem is discrete. Each candidate solution is a vector of integer assignments, and each element specifies the processing
core for a task. This paper makes four main contributions.
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e We introduce a Binary Chimp Optimization Algorithm (BChOA) that uses a sigmoid-based discretization scheme to turn
continuous position updates into valid task-to-core assignments.

o We formulate the assignment of multiple workloads on NoC-based heterogeneous MPSoCs aimed at reducing overall dynamic
power consumption.

e  We evaluate BChOA on standard task-graph benchmarks, including VOPD, MPEG-4, MMS, MWD, and PIP, and compare its
performance with ACO, PSO, and GA.

e  We analyze the results and explain BChOA's superior performance through its role-based search dynamics and an adaptive
balance between exploration and exploitation.

The paper is organized as follows: Section 2 surveys prior work, and Section 3 provides the background of our study. Section 4
details the proposed Binary Chimp Optimisation Algorithm (BChOA) approach. Section 5 provides a discussion of the experimental
findings and their analysis. Lastly, Section 6 concludes the study and highlights prospective avenues for future work.

Il. RELATED WORKS

Task mapping in NOC-based MPSoC architectures is a fundamental challenge in embedded systems design, as it directly impacts
execution latency, energy efficiency, and overall resource utilization. Existing studies broadly classify task mapping strategies under two
schemes: static (design-time) and adaptive (runtime) approaches [14]. Design-time mapping leverages complete knowledge of application
characteristics, including task dependencies, execution times, and communication volumes, along with the hardware topology, to optimize
task placement offline. This approach enables deterministic and predictable performance, which is particularly important for safety-
critical or real-time embedded applications. In contrast, dynamic mapping decisions are made during runtime, allowing systems to adapt
to workload fluctuations and resource availability. Nevertheless, such adaptability comes at the cost of a higher runtime execution burden
and the risk of suboptimal global solutions. Given the stringent performance and energy constraints of computation-intensive embedded
workloads, this study adopts a static task mapping approach. We aim to achieve near-optimal energy consumption by exploring the
comprehensive design space through metaheuristic optimization, which enables us to navigate the large and complex solution space
efficiently.

The NP-hard nature of static task mapping [15] has motivated the development of a diverse set of optimization strategies that
aim to balance solution quality with computational efficiency. These methods typically fall into several main categories: evolutionary
metaheuristics, bio-inspired algorithms, formal techniques, topology-aware and clustering-based mapping strategies, and hybrid
approaches that combine different ideas. All of these strategies, along with those covered in other studies [16-18], demonstrate how
optimization techniques for application mapping in MPSoC systems continue to evolve and expand. Although each method takes a
different approach, they all aim to solve the same core problem: determining how to manage a vast and complex design space while
balancing multiple objectives. These include reducing execution time and power consumption, increasing throughput, and maximizing
hardware utilization, all while adhering to stringent design constraints.

1.1 EVOLUTIONARY STRATEGIES

Evolutionary metaheuristics, such as GA, are popular because they excel at exploring large and complex search spaces. For
instance, [19] developed a version called chaotic GA, which replaces the usual random processes with deterministic chaotic sequences.
This helped improve both the rate of convergence and the quality of the solutions when mapping tasks. Another example is the GAMR
framework [20], which uses a GA to optimize both task assignment and communication routing at the same time. This is important
because the two are closely linked, especially in NoC-based systems. Jang and Pan [21] introduced a hybrid approach that combines GA
with a relaxation heuristic for heterogeneous Network-on-Chip (NoC) mapping, enabling a trade-off between solution accuracy and
execution time. While these GA-based approaches scale well, they lack built-in mechanisms to handle multiple goals simultaneously. As
a result, they may struggle to balance factors such as energy use and execution time effectively.

11.2 NATURE-INSPIRED STRATEGIES

Outside of GAs, several other bio-inspired metaheuristics have also demonstrated strong potential for task mapping in MPSoC
systems. For example, one ACO-based method [22] focused on mapping tasks in a way that saves energy while staying within bandwidth
limits. It used pheromone trails to improve its solutions gradually. In another case [23] employed a discrete version of PSO (DPSO) to
efficiently map tasks in hierarchical mesh-of-tree NoCs, considering different communication patterns. More recently, newer algorithms
such as the Sailfish Optimization Algorithm (SFOA) [24] and the Andean Condor Algorithm (ACA) [25] have been tested on large-scale
MPSoC problems. Both have done well when it comes to navigating large and complex search spaces. Although they are effective, these
methods typically target single-objective formulations or require significant modifications to address discrete multi-objective optimization
scenarios that involve trade-offs among energy, latency, and throughput.

1.3 FORMAL METHODS

Formal optimization methods offer the benefit of guaranteeing optimal results; however, they often do not scale well, making
them challenging to apply in larger and more complex NoC systems. For instance, Integer Linear Programming (ILP) [26] has been used
to reduce communication delays in 2D mesh MPSoC architectures. Using state-of-the-art solvers, ILP can efficiently handle small- to
medium-sized problem instances, providing exact solutions within reasonable runtimes. Similarly, the Branch-and-Bound (BB) method
[27] guarantees optimal task allocation under specified constraints; however, its exponential computational complexity renders it
impractical for larger systems. To improve tractability, the SBMAP (Segmented Brute-Force Mapping) [28] applies exhaustive
investigation within smaller instance segments, thereby balancing optimality and runtime efficiency and supporting multi-objective,
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bandwidth-constrained mapping scenarios. Although formal methods are practical as benchmarks for judging the performance of heuristic
and metaheuristic techniques, their heavy computational cost makes them impractical for large-scale NoC-based MPSoCs. As the number
of tasks and cores increases, the design space grows combinatorially, which quickly pushes these methods beyond feasible limits.

1.4 TOPOLOGY-ADAPTED AND CLUSTER-ORIENTED STRATEGIES

The NoC topology has a significant impact on the effectiveness of task mapping strategies in MPSoC systems. Approaches
designed for specific topologies leverage the network's structure to reduce communication costs and delays. For instance, the CastNet
algorithm [29] integrates low-complexity task placement with bandwidth-aware routing for mesh-based NoCs, effectively mitigating
potential communication bottlenecks. Clustering-based approaches, in contrast, aim to improve spatial and temporal locality by pre-
grouping tasks based on communication intensity or functional similarity. [30] applied K-Nearest Neighbor (KNN) clustering combined
with Self-Adapting Chicken Swarm Optimization (SCSO) to group and map tasks, resulting in improved energy efficiency through
reduced inter-cluster communication. Similarly, a Modified Bat Algorithm (MBA) [31] was employed to optimize cluster-based task
mapping with a primary focus on enhancing system performance. While these methods effectively exploit application structure and NoC
topology to reduce communication costs, they often lack explicit mechanisms for balancing multiple design objectives, such as energy,
latency, and throughput, limiting their applicability in highly constrained and heterogeneous NoC-based MPSoCs.

1.5 HYBRID STRATEGIES

Hybrid metaheuristics aim to leverage the complementary strengths of different optimization techniques to overcome their
individual limitations, thereby improving both exploration and exploitation in large search spaces. For example, Obaidullah and Khan
[32] combined Tabu Search with deflection-based routing to escape local optima and enhance global exploration. A hybrid approach
integrating the WOA (Whale Optimization Algorithm) and the GA [33] demonstrated faster convergence in energy-efficient task mapping
scenarios. Similarly, the IHPSA algorithm [34] fused an enhanced PSO with SA (Simulated Annealing) and K-means clustering to address
task grouping and bandwidth-aware task placement simultaneously. Other notable hybrid strategies include PSO combined with the Sine-
Cosine Algorithm (SCA) [35] to accelerate large-scale mapping, and a dual-population GA [36] designed to improve diversity in
heterogeneous mapping solutions. Additionally, a multi-objective PSO with crowding distance [37] enhanced the diversity of the Pareto
front. At the same time, a Cuckoo Search algorithm augmented with Lévy flight [38] improved the exploration of the design space.

Although these hybrid strategies have demonstrated notable improvements in convergence and solution quality, they often lack
explicit binary encoding mechanisms and dedicated multi-objective handling, which are crucial for effectively solving discrete task
mapping problems in NoC-based MPSoCs. The surveyed studies, along with other studies [39], highlight the diversity of static task
mapping techniques, each aiming to balance conflicting criteria, including latency, energy consumption, throughput, and scalability, in
NoC-based MPSoC architectures. Despite their contributions, several critical challenges remain insufficiently addressed in the literature:

e Speed of Convergence. Many existing metaheuristic approaches require a large humber of iterations to produce competitive
solutions, which limits their applicability in dynamic or time-constrained embedded scenarios.

e Adaptation to Binary Search Spaces. Most nature-inspired algorithms were initially designed for continuous domains, and their
binary variants often lack specialized mechanisms to navigate discrete solution spaces, such as task-to-core mappings
effectively.

e Solution Consistency.The inherently stochastic nature of metaheuristics often leads to high variability in results across different
runs, reducing their reliability for safety-critical and real-time embedded applications.

These persistent challenges highlight the need for new optimization methods that offer faster convergence, robust binary search
capabilities, and consistent performance for energy-aware task mapping in heterogeneous MPSoCs. To address these limitations, this
work introduces BChOA, a new metaheuristic explicitly designed for discrete task allocation in NoC-based heterogeneous MPSoCs.
BChOA builds on the cooperative, role-based hunting behavior of the original Chimp Optimization Algorithm (ChOA) but adapts it for
binary search spaces using a sigmoid-based discretization method that guarantees valid task-to-core assignments. It also includes a chaotic
energy coefficient that enhances exploration in the early stages and a memory-based learning component that accelerates convergence
toward better solutions. Additionally, BChOA's role-diverse search dynamics help maintain a varied population and reduce result
fluctuations across runs, which is especially important for reliability in embedded systems. Together, these features enable BChOA to
deliver faster convergence, robust binary search capability, and highly consistent, energy-efficient mappings, thereby overcoming the
core shortcomings of existing metaheuristic approaches.

111. BACKGROUND

This section presents the basic models employed for energy-efficient task placement in NoC architectures. It covers the
application and architecture models, the energy consumption model, and a single-objective function aimed at minimizing total dynamic
energy while meeting performance requirements, such as task precedence, resource limits, and deadlines. It also covers the key ideas and
mathematical foundation of the Chimp Optimisation Algorithm (ChOA) [40], which forms the basis for the Binary Chimp Optimization
Algorithm (BChOA) introduced in Section IV.

1.1 APPLICATION TASK MODEL

The application task is described using a directed acyclic graph (DAG), defined as G = (T, E), with T ={ty,t,,...,tm} representing
the ensemble of M tasks, and E defines the directed connections that represent communications capturing data dependencies. Each edge
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(ti, tj) € E specifies a precedence constraint and is associated with a data volume Qj; (in bits) transferred from t; to t;, as illustrated in Fig.
1.

n
o B B n
22 @ %

U rmm s aiban wze

wesvege -

Figure 1: Application Model.
111.2 ARCHITECTURE MODEL

The target heterogeneous MPSoC is modeled in the form of a graph A = (P, L), in which P{p1,p2,...,pn} defines the ensemble
of N compute nodes (PEs) with varying computational capabilities (e.g., CPUs, DSPs), interconnected via a 2D mesh NoC topology.
The set L represents the directed links between PEs, with each link ly, (pu,pv) € L, characterized by a weight b,, encompassing bandwidth,
latency, and per-bit energy cost, as depicted in Fig. 2.

Q Processor E e ication link

Figure 2: ARCHITECTURE MODEL [41].
Source: [41].

111.3 TASK MAPPING PROBLEM

Static task mapping places each task ti € T on a unique PE p; € P via a function map: T—P is defined so that map(t) = p; V t; €
T 3 pj € P (Eq. 1). This assignment is feasible if [P| > |T| (sufficient PEs for one task per PE), precedence constraints are respected, PE
capacities are not exceeded, and the makespan meets the deadline D, as shown in Fig. 3.

map:T—>P s.t. map(t)=p; Vt; € T, I p;€P (D
Task Graoh MPSoCs
i N N N T F
N Mapping w| | | |
R L] fa
tl 3 > - - . -4
p 7 X . wi | | w1 L |1
e 3 L]
2 5 Ib | ll’ = N ‘ 23 % A
| L I m ! m [
' i ' o
m td tq | 1 |
Processar |1 Swin

Figure 3:Example of task graph mapping onto a NoC architecture [41].
Source: [41].
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111.4 ENERGY MODEL AND OPTIMIZATION OBJECTIVE

In NoC-based MPSoCs, total dynamic energy consumption Ewta COmMprises execution energy on heterogeneous PEs and communication
energy over NoC links [42]

111.4.1 Execution Energy

The execution energy for task t; on p; operating at frequency mode m is:

EY, = Cycle;j . ejm (2)
where Cycles;; is the clock cycles required (heterogeneous due to PE-task affinity), and ejn is the energy per cycle for p; in mode m.
111.4.2 Communication Energy

The energy consumed in communication along edge ejj € E, with t; placed on pp, = map (ti) and t; to p; = map(t;), is defined as:

EOR =0y ). el ®)

lu,,Epath(pp,pq)

where path (pp,pg) = { lfj,), lfj,) . lg,‘,)}is the h-hop of the path, and e, is the per-bit energy on link Iy . If p,=pg, then Eé’;gf;lq=0.

111.4.3 Total Energy Objective

The single-objective function minimizes total energy, expressed as:

M
Erotar = z Eé'xec + Z Eclfam €)
i=1

eijEE

where El..=EJ . for pj=map (t), and E. . =E2P7 for the mapped PEs.

The objective function, denoted as Fe and defined in Eq. (4), represents the complete energy utilization. It is calculated as the
accumulation of processing energy of all tasks plus the communication power associated with all inter-task data transfers.

111.5 THE ORIGINAL CHOA: CHIMP OPTIMIZATION ALGORITHM

The ChOA [40] is a population-based method modeled derived from the cooperative hunting behaviors of chimpanzees,
leveraging individual intelligence and sexual motivation for balanced exploration and exploitation in continuous search spaces. It is
particularly effective for high-dimensional problems, making it a suitable foundation for our discrete BChOA adaptation.

I11.5.1 Biological Inspiration

ChOA simulates group hunting where chimpanzees assume specialized roles to encircle and capture prey, enhancing collective success
(Figure 4):

Attacker. Leads the direct assault on the prey.
Driver. Herds the prey toward the group.
Barrier. Blocks escape routes.

Chaser. Pursues from behind to trap the prey.

These roles, assigned to the top-four fittest solutions, guide position updates in the search space.
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Figure 4: Role-based cooperative hunting behavior of chimpanzees.
Source: [43].

111.5.2 Mathematical Model of Movements

Each chimp, representing a candidate solution, corresponds to a D-dimensional vector X(¢) at iteration t. Roles are dynamically

assigned to the best four chimps: X; X0 (), Xpar(t), Xcna(6), Xpri(t). Positions update via role-specific distances, followed by
averaging.

The distance for role R (where R €{ Att, Bar, Cha, Dri}) is:

Dr(®) = | Cr(®) . Xp(t) — m(®).X(®)] (5)
with updated role position:

Xp(t +1) = Xp(0) = A(®) . Dp(®) (6)
and final chimp position as the average:

Kaee(t + 1) + Xpar (¢ + 1) + Xppi (6 + 1) + Xepa (6 + 1)

X(t+1) = T

(7

Parameters are :

o A(t)=2 f(t) 7, - f(t), with f(t) linearly reducing from 2.5t0 0 (f(t) :2.5(1 - TL)) and 7; represents random vectors within

[0,1]. In cases where |A| >1, the algorithm emphasizes diversification of the search space; conversely, when |A| <1, it shifts
toward exploitation.

o Cr()=27 ,with 75 being a random weight within [0,1].

e m(t): Chaotic sexual motivation vector, generated via quadratic map m(t+1)=4m(t)= 4 m(t)(1-m(t)) with m(1)=0.7 m(1)=0.7,
promoting diversity.

This role-based averaging ensures adaptive search dynamics, with the initial population randomly generated and fitness evaluated
iteratively until Tmax.

1V. BINARY CHIMP OPTIMIZATION ALGORITHM FOR TASK MAPPING

This section introduces our proposed Binary Chimp Optimization Algorithm (BChOA), a novel metaheuristic tailored for energy-
optimized static task assignment within heterogeneous MPSoCs. By adapting the continuous ChOA framework to the discrete binary
domain, BChOA efficiently explores the vast combinatorial space of task-to-PE assignments while minimizing total dynamic energy
consumption (as formulated in Eq. 4) under precedence, capacity, and deadline constraints. The adaptation leverages a sigmoid-based
transfer function for binarization, preserving ChOA's role-based dynamics for balanced exploration and exploitation. We detail the
solution encoding, population initialization, fitness evaluation, update mechanisms, and the complete algorithmic procedure.

IV.1 BINARY ADAPTATION OF CHOA FOR TASK MAPPING

The original ChOA operates in continuous search spaces, updating chimp positions via role-inspired distance vectors and
averaging (Egs. 5-7 in Section 111.5.2). To address the discrete nature of task mapping, where solutions are binary decisions (x;;je{0,1}
indicating if task ti maps to PE p;), we binarize the continuous updates using a sigmoid transfer function (TF). This maps real-valued
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positions ¢ to probabilities, enabling probabilistic flips in binary states and facilitating effective navigation of the 2MN search space (with
M=ITI, N = |P|).

The sigmoid TF is defined as:

1
S(0) “T3e7 €))

where ¢ is the continuous proxy position from ChOA updates. For each decision variable d, the binary state bq updates as:

_{1 ifrand (0,1) < S (g,(t+ 1))
ba(t +1) {0 otherwise ©)

This TF promotes smooth transitions near decision boundaries (sigmoid's S-shape yields probabilities between 0 and 1),
outperforming linear TFs in binary optimization by reducing premature convergence [44]. Unlike the continuous ChOA, the sexual
motivation m(t) is generated chaotically using a logistic function map: m(t+1) = 4m(t)(1-m(t)), initialized at m(1)=0.7, to inject stochastic
diversity and mimic adaptive hunting energy. In the task mapping context, role assignments (attacker, barrier, chaser, driver) are
dynamically allocated to the top-four fittest chimps at each iteration, guiding subordinate chimps toward promising regions. The

convergence factor f(t) =2. 5(1 — T—) ensures initial exploration ( [A| >1) shifts to exploitation (IA| <1) over Tmax iterations. Constraint
handling integrates penalties into the fitness (detailed in 1V.3), with optional repair mechanisms to maintain feasibility.

IV.2 SOLUTION ENCODING

Each chimp agent in the population encodes a potential mapping solution as a hinary vector b € {0,1}*", obtained by flattening
the M x N assignment matrix X = [xi,j]. Here, x; j=1 if tj is assigned to PE pj, ensuring a one-to-one mapping (row sums = 1). The
vector is indexed as b, = x; ; where k = (i —1)N +j

To enforce partial feasibility during encoding:

e Uniqueness is post-processed via a repair step: for rows with sum # 1, randomly reassign 1's to unused columns.
e Capacity violations are flagged but penalized rather than repaired inline, allowing exploration of near-feasible solutions.

This encoding directly ties to the mapping function (Eq. 1), with energy computation (Eq. 4) derived by reconstructing X from b.
IV.3 POPULATION INITIALIZATION AND FITNESS EVALUATION
The initial population {b, },_, is generated randomly:

1. Foreach chimp k , sample a permutation of PE indices for tasks (ensuring uniqueness).
2. Assign x;; = 1based on the permutation, flattening to by.
3. Repair minor violations (e.g., if [P| < |TI, duplicate assignments with probability adjustment).

This greedy-inspired initialization biases toward feasible starting points, accelerating early convergence compared to uniform random
binary strings.

Fitness evaluation quantifies solution quality as a single-objective scalar:

f(b) = Erotq1(b) + 41Vprec + A3Veqp + A3 max(0, Makespan (b) — D) (10)
Where:

o Eva(b) is from Eq.4 computed via communaction paths.

o Vpree= Yo, ep max (0, start(t;) — end(ti)) measures precedence delays (in cycles)

o Vo =2V, max(0, XM, x; jc(t) — Cj) quantifies overloads, Makespan(b) is the longest path in the scheduled DAG.

e Penalties 1,=10% 1,=10%, 13=10? (cycles-to-energy scaled) are fixed but can be adaptive (e.g., increasing with iterations).
D denotes the application deadline, which can be specified per benchmark .

IV.4 UPDATE MECHANISM

The update mechanism in BChOA proceeds iteratively across the population, dynamically assigning roles, barrier, chaser ,
attacker, and driver, allocated to the top-four fittest chimps based on their current fitness ranks to emulate collaborative hunting dynamics,
after which, for each subordinate chimp k, the continuous proxy positions for every role R are computed as:
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op(t + 1) = bp(t) — A(t). |Cx(t) . br(t) — m(t). by (t) | (11)
With A()=2 f(t) T; - f(t), Cz(t)=27; , T; and 7 are random vectors in [0,1].

the convergence parameter A(t) and the random weight vector Cr(t) govern the equilibrium between exploration and
exploitation, followed by binarization of each oy using the sigmoid transfer function to obtain bg(t + 1), and then averaging these to

form: g, (t + 1)= iZR og (t + 1) before final binarization into b, (t + 1) with subsequent repair for constraint violations; additionally,

when |A(t)| > 1, a random perturbation flips 5% of the bits in b, (t + 1) to amplify exploration in early iterations, after which the
updated fitness f (bk (t+ 1)) is evaluated to reflect changes in energy and penalties. The overall solution for NoC-based task mapping is
illustrated in Fig.5, while the complete BChOA-based mapping procedure is detailed in Algorithm 1.

Architecture Application

Model Model
T B Binary Chimp LA ;
{ Contraints |—> «<| Objectives

Optimization
. J

( Optimal Task Mapping on MPSOC Architecture ]

Figura 5: overall solution for NoC-based task mapping.
Source: Authors, (2025).

Algorithm 1: Binary Chimp Optimization for Energy-Aware Task Mapping
Input: DAG G(T,E), MPSoC A(P,L), deadline D, capacities {C;}, population P, Tmax, penalties {/«}.
Output: Optimal mapping map*, min energy E* .
1. Initialize: Generate {b,},_, randomly; evaluate f (by); sort for roles (bas; , Bgar» benar Ppri)-
2. Sett=0, m(1)=0.7.
3. While t < Tnax and no stagnation:
tet+1; f(t) « 251 — t/Tpay), m(t) « 4m(t — 1)(1 —m(t — 1)).
For each chimpk=1 to P:
For eachrole R € {Att, Bar, Cha, Dri}:

A®)=21(t)r-1(1);), Cr(6)=2 15 (r1~U[0,1]).

og < bp(t) — A.|Cg . br(t) —m(t). b (DI ;

br(t +1) <« SigmoidTF (oy) ;

0u(t+1) & {Tpog (t+1);

by (t + 1) « SigmoidTF ( gz (t + 1));

Update roles by re-sorting fitness.

Check stagnation: if max £ (b, (t)) — min (b, (t)) < 1073 for 20 iter, break.
4. Return best b* = arg miny, f(by); ; reconstruct map* from X*; E*= Ery1q1(b").

This approach produces energy-efficient task mappings, with its empirical effectiveness and superiority validated through
experimental results presented in Section V.

V. RESULTS AND PERFORMANCE ANALYSIS

In this part of the study presents the empirical evaluation of the introduced Binary Chimp Optimization technique (BChOA) for
energy-aware static task mapping in NoC-based heterogeneous MPSoCs. To assess its efficacy, BChOA is compared against three
established metaheuristics, PSO,AG, and ACO, on a suite of standard application benchmarks. The evaluation focuses on the single-
objective minimization of total dynamic energy consumption (computation and communication, per Eq. 4) under precedence, capacity,
and deadline constraints. Experiments quantify energy savings, convergence behavior, and solution stability, demonstrating BChOA's
superiority in balancing exploration and exploitation through its role-based binary dynamics.

V.1 EXPERIMENTAL SETUP

All algorithms were implemented in Python 3.8, utilizing NumPy for matrix operations and SciPy for optimization utilities.
Experiments were conducted on a Windows 10 system featuring an Intel Core i7-9750H processor, clocked at 2.60 GHz with six cores,
and 16 GB of RAM. Task mapping experiments were carried out on a 4x4 2D mesh-based NoC with 16 processing elements (PEs). Five
standard benchmarks were used to evaluate mapping efficiency: VOPD [45] (12 tasks), MPEG-4 [46] (14 tasks) , MMS [47] (15 tasks),
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MWD [48] (10 tasks), and PIP [49] (8 tasks). Each algorithm was run for 500 iterations, repeated over 30 independent trials to ensure
statistical robustness and account for stochastic variability. The specific parameter settings used for each algorithm are summarized in
Table 1.

Table 1: algorithm settings and their values.

Technique Setting Symbol Value
Population size N 50
All Max Iteration Trmax 500
Independent Runs - 30
Crossover Probability Pe 0.9
Mutation Probability Pm 1/n (per task)
GA .
Selection - Tournament
Replacement - Generational with Elitism
Inertia factor w 0.9-0.4(linear decay)
Cognitive factor C1 2.0
PSO Social parameter c2 2.0
Velocity bounding Vimax 4.0
Pheromone Influence a 1.0
Heuristic Influence B 5.0
ACO Evaporation Rate p 0.1
Pheromone Constant Q 100
Chaotic Map initial m(0) 0.7
Perturbation Rate Ppert 0.05 (5%)
BChOA Role Averaging ; Y (Uniform)
Weight

Source: Authors, (2025).
V.2 ENERGY CONSUMPTION RESULTS

To assess the effectiveness of the presented BchOA in minimizing energy demand during task allocation, we conducted
experiments across five standard application benchmarks. The average total energy consumption achieved by BChOA is compared against
three established metaheuristics, GA, PSO, and ACO. The results are summarized in Table 2 and visually illustrated in Figs. 6 and 7. The
data in Table 2 demonstrates that BChOA consistently yields lower energy consumption across most benchmarks. On average, BChOA
achieves a 7.73% improvement over GA, 4.50% over PSO, and 1.71% over ACO. The bar chart in Figure 5 clearly highlights this
advantage, showing that BChOA outperforms the other algorithms in MWD, PIP, VOPD, and MPEG-4 benchmarks. The only exception
occurs in the MMS benchmark, where BChOA records a marginal 0.14% increase in energy compared to ACO, indicating a slight trade-
off in that specific instance.

Table 2: Mean total energy consumption (in mJ) across the evaluated benchmarks.

Benchmark GA PSO | ACO | BCHOA | % vs. GA % vs. PSO % vs. ACO
VOPD 1425 | 171 134.8 132.9 6.74 3.84 141
MPEG-4 2189 | 211.4 | 208.1 200.4 8.44 521 3.70
MMS 305.7 | 2935 | 279.8 280.2 8.33 4.52 -0.14
MWD 187.3 | 181.6 | 178.2 1741 7.04 4.13 2.30
PIP 95.1 92.7 90.5 88.6 6.83 4.42 2.10
Average 189.9 | 1835 | 178.3 175.2 7.73 4.50 1.71

Source: Authors, (2025).

200
c 200
- | | I
S 100
50
o .I RN =R LN _al
voPrD PTG -4 (s MWD e

Figura 6: Comparison of Average Energy Consumption Across Algorithms.
Source: Authors, (2025).
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Figure 7 provides a more detailed view of these improvements, showing BChOA's relative performance across each benchmark.
The most notable gain is observed in the MPEG-4 benchmark, with an 8.44% reduction in energy compared to GA, followed closely by
MMS and VOPD. The improvement rates against PSO and ACO are also consistently positive, confirming the robustness and
competitiveness of BChOA in energy-aware task mapping. Overall, these results validate the algorithm's capacity to effectively navigate
the search space and identify Optimal mappings with reduced energy overhead.

voPn MPE A MM MWD P

Figura 7: BChOA Improvement Rates Over Other Algorithms.
Source: Authors, (2025).

V.3 STATISTICAL SIGNIFICANCE ANALYSIS

To rigorously assess the statistical significance of BChOA's energy reductions relative to the baselines, the paired samples were
analyzed using the non-parametric Wilcoxon signed-rank test from the 30 independent runs per benchmark. This test verifies whether the
median differences in total energy consumption (baseline algorithm minus BChOA) are significantly greater than zero, assuming a one-
tailed alternative (BChOA is better) at the o = 0.05 threshold. The paired differences were derived from the average improvements in
Table 2, taking into account the observed low variability to ensure conservative estimates. Table 3 reports the p-values per benchmark
and averaged over the five. As shown in Figure. 8, BChOA demonstrates statistically significant superiority over GA and PSO in all cases
(p < 0.0001), confirming that the average reductions of 7.73 % and 4.50 % are not due to chance. Against ACO, statistical significance is
established for four benchmarks (p <0.0007), while MMS yields a non-significant result (p = 0.1191), consistent with the near-tie reported
in Table 2 (-0.14%). The overall average p-value against ACO is 0.0240, which is below the threshold and confirms that BChOA still
offers a statistically robust improvement The mean energy savings in millijoules (mJ), illustrated in Fig. 9, further highlight BChOA's
performance gains, especially in MPEG-4 (+18.5 mJ) and MMS (+25.5 mJ). These results validate the method's effectiveness along with
reliability across a diverse variety of benchmark characteristics.

Table 3: p-values obtained from the Wilcoxon signed-rank test (BChOA vs. baselines; lower p indicates significance at o = 0.05.

Benchmark vs. GA vs. PSO vs. ACO Mean Diff. (mJ)
VOPD 0.0000 0.0000 0.0000 +9.6
MPEG-4 0.0000 0.0000 0.0000 +18.5
MMS 0.0000 0.0000 0.1191 +25.5
MWD 0.0000 0.0000 0.0000 +13.2
PIP 0.0000 0.0000 0.0007 +6.5
Average p-value 0.0000 0.0000 0.0240 +14.7

Source: Authors, (2025).

These results confirm BChOA's practical advantages, with near-universal significance underscoring its reliability for energy-
constrained mappings on NoC-based MPSoCs.

Figura 8: Wilcoxon Signed-Rank Test (BChOA vs Baselines).
Source: Authors, (2025).
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Figura 9: Mean Energy Reduction Achieved by BChOA.
Source: Authors, (2025).

VI. CONCLUSION

The present study investigates the critical challenge related to power-efficient static task allocation for NoC-based heterogeneous
MPSoCs by introducing the Binary Chimp Optimization Algorithm (BChOA), a novel discrete adaptation of the Chimp Optimization
Algorithm tailored for binary search spaces. By formulating the problem as a single-objective minimization of total dynamic energy
consumption, encompassing computation on diverse PEs and communication over NoC links, subject to precedence, capacity, and
deadline constraints, BChOA leverages role-based hierarchical updates and sigmoid transfer functions to achieve balanced exploration
and exploitation. Extensive experiments on standard benchmarks (VOPD, MPEG-4, MMS, MWD, PIP) demonstrated BChOA's
superiority, yielding average energy reductions of 7.73% over GA, 4.50% over PSO, and 1.71% over ACO. Statistical validation via

Wilcoxon signed-rank tests confirmed these gains as significant (p < 0.05 overall), underscoring BChOA's robustness even in
outliers like MMS. These results highlight BChOA's potential to advance energy-aware design flows for battery-constrained embedded
systems, where even modest savings (e.g., 14.7 mJ average) can extend operational lifetimes significantly. By mimicking chimpanzee
collaborative hunting in a binary context, the algorithm navigates the exponential mapping space more effectively than traditional
metaheuristics, paving the way for scalable MPSoC optimization. Future work may extend BChOA to dynamic task mapping under
runtime uncertainties, incorporate multi-objective trade-offs (e.g., energy vs. thermal constraints), or hybridize with machine learning for
affinity prediction. Exploring larger topologies (e.g., 8x8 NoCs) and real hardware validation on platforms like Odroid-XU4 will further
solidify its applicability in emerging edge computing paradigms.
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