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This work presents an innovative approach for optimizing static task mapping of computation-intensive
applications onto Network-on-Chip (NoC)-based heterogeneous Multi-Processor Systems-on-Chip (MP-
SoCs). The objective is to minimize both makespan (time) and total energy consumption, critical met-
rics for embedded systems performance. Task mapping, an NP-hard problem, assigns application tasks
to processing elements in a 2D mesh NoC, significantly influencing system efficiency. To address this,
we propose a Binary Multi-Objective Salp Swarm Algorithm (BMSSA), leveraging Pareto dominance and
an external archive with crowding distance to maintain diverse, non-dominated solutions. Evaluated on
benchmark applications with 10 to 50 tasks mapped to 4 to 20 processors, BMSSA achieves a reduction
of up to 50% in makespan and 9% in energy compared to state-of-the-art methods, including NSGA-II,
MOPSO, and MOACO. Statistical analysis via Wilcoxon signed-rank tests confirms BMSSA's significant
improvements, particularly over MOPSO. These results underscore BMSSA's scalability and effectiveness
for energy-aware, performance-optimized task mapping in next-generation MPSoCs.

Povzetek: Clanek predstavi BMSSA, binarni vecciljni algoritem s Pareto dominanco in arhivom nedo-
miniranih resitev, ki za staticno mapiranje nalog na heterogene NoC MPSoC hkrati optimira makespan in
energijo.

1 Introduction We introduce a new approach called the Binary
Multi-Objective Salp Swarm Algorithm (BMSSA) for
task mapping in NoC-based heterogeneous MPSoCs.
BMSSA builds on the continuous Salp Swarm Algorithm
(SSA) [[12], adapting it to work in discrete, multi-objective
optimization settings. It uses binary encoding to represent
task assignments and focuses on minimizing both energy
use and execution time. The algorithm respects key system
constraints, such as bandwidth, memory limits, and work-
load distribution, while effectively exploring the solution
space and quickly converging on near-optimal mappings.

The demand for fast, energy-efficient embedded systems
is pushing Multi-Processor Systems-on-Chip (MPSoCs) to
the forefront of modern computing platforms [[L0]. These
systems combine multiple, diverse processing elements
(PEs) on a single chip and connect them using scal-
able Network-on-Chip (NoC) infrastructures. MPSoCs are
widely used in areas like multimedia processing and real-
time applications, where low energy use and minimal la-
tency are critical [6]. However, assigning application tasks
to these systems efficiently is still a significant challenge,
as it is a known NP-hard problem [2, 3, 5]-

Task mapping assigns computational tasks to processing
elements (PEs) while managing communication over NoC
links. It needs to balance several conflicting goals at once,
such as reducing energy use, cutting communication delays,
distributing workload evenly, and staying within memory
and bandwidth limits [[L1]. Because the problem is com-

To test how well BMSSA works, we compared it with
three leading multi-objective metaheuristic algorithms:
Non-Dominated Sorting Genetic Algorithm II (NSGA-
1) [[13], Multi-Objective Particle Swarm Optimization
(MOPSO) [114], and Multi-Objective Ant Colony Optimiza-
tion (MOACO) [34]. The results show that BMSSA per-
forms better in most scenarios in terms of energy efficiency
and latency, making it a strong and reliable choice for map-

binatorial in nature [[7, 8], heuristic and metaheuristic al-
gorithms are crucial for finding strong solutions within a
reasonable time.

ping complex MPSoC tasks.

The rest of the paper is structured as follows. Section
covers related work. Section [ explains the background
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concepts behind this study. Section [ describes the pro-
posed BMSSA approach. Section [§ shares experimental re-
sults and performance evaluation. Finally, Section [§ wraps
up the paper and suggests directions for future research.

2 Related work

Efficient task and communication mapping is still a sig-
nificant challenge in the design of NoC-based Multipro-
cessor MPSoCs. Mapping strategies usually fall into two
groups: static and dynamic [36]. Static mapping is done at
design time, using full architectural knowledge to optimize
computational and communication loads. Dynamic map-
ping, on the other hand, happens at run time and allows the
system to adapt to changing workloads. Both approaches
aim to save energy, cut communication delays, and reduce
execution time. This work focuses on static, design-time
mapping because it offers predictability and lower overhead
during execution.

Several approaches have been proposed to address the
NP-hard nature of the task mapping problem. To place our
method in context, we summarize the main contributions
from the literature in Table [, comparing algorithms by their
core techniques, target NoC topologies, optimization goals,
and unique features.

As summarized in Table [[, prior work spans heuristic,
metaheuristic, and hybrid methods, often targeting energy
and latency optimization. However, key limitations re-
main: (i) most approaches assume homogeneous architec-
tures, overlooking real-world heterogeneity; (ii) many rely
on single-objective or weighted-sum formulations, which
can bias results and reduce solution diversity; and (iii) sev-
eral metaheuristics lack a proper balance between explo-
ration and exploitation, especially in discrete, constrained
spaces.

The proposed BMSSA is designed to address these short-
comings. Unlike traditional approaches, BMSSA explic-
itly targets heterogeneous MPSoC architectures. It adopts
a Pareto-based multi-objective framework, enabling a more
accurate representation of trade-offs between energy con-
sumption and execution time, without resorting to scalar-
ization. Furthermore, the binary formulation of the Salp
Swarm Algorithm enhances its suitability for discrete task
mapping problems. The leader—follower dynamic inherent
in SSA supports a robust balance between global explo-
ration and local exploitation, improving convergence be-
havior in complex search spaces. These advantages are em-
pirically validated in Section f through extensive compar-
isons with state-of-the-art techniques.

3 Definition and mapping
formulation

The communication between application tasks and compo-
nents of the target architecture is commonly represented us-
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ing two directed graphs [5].

Definition 1. The application is modeled as a directed
graph G(T, E), where each node t; € T stands for a task or
computational unit. A directed edge (¢;,t;) € E, written
as e;;, shows communication from task ¢; to task ¢;. Each
edge e;; has a weight );;, which indicates how much data
is transferred between the two tasks. (Fig. [Il).
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Figure 1: Application graph

Definition 2. The target MPSoC platform is modeled as a
directed graph AG = P(S, F'), where each vertex s; € S
represents a processing or communication node within the
hardware topology. A directed edge (s;, s;) € F, denoted
as fj;, represents a physical communication link between
nodes s; and s;. Each edge f;; is assigned a weight bw;;,
which encapsulates key properties of the physical connec-
tion, such as bandwidth, latency, and energy consumption

(Fig. B).
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Figure 2: Architecture graph

Definition 3. The mapping of the application graph
G(T, E) onto the architecture graph P (.S, F') is defined by
a function:

map : T'— S suchthat map(t;) = sj,

(M
Vt; GT,HS]' es.

The mapping is valid under the condition that the num-
ber of available processing elements satisfies |\S| < |T| [4]
(Fig. B).
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The application is made up of tasks T' = {¢1, to, ..

Table 1: Summary of Related Work on NoC Task Mapping
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Reference Algorithm Topology Objectives Key Feature
M. Darbari | Chaotic GA 2D Mesh Optimize latency | Uses chaos
and all [[15] and energy theory for
improved GA
exploration
G. Fen and all | GAMR (GA) | 2D Mesh Minimize latency Simultaneous
[La] mapping and
routing
S Tosun and | ILP 2D Mesh Minimize Latency | Exact method
all [[17] and Energy for small prob-
lems
Y. Liu and all | ACO 2D Mesh NoC energy and | Bandwidth-
[[L8] hotspot  optimiza- | constrained
tion
W. Jang and | A3BMAP-SR+ | 2D Mesh Minimize energy Partition-
all [[19] GA based, two-
stage
S. Tosun [20] | CastNet 2D Mesh Minimize energy Low-
(Heuristic) complexity
heuristic
P. Sahu [21]] DPSO Mesh-of-Tree Computation time Hierarchical
(MoT) NoC
M. Obaidul- | Tabu Search+ | 2D NoC Reduce communi- | Hybrid, large
lah and all | Deflection cation volume space  explo-
[22] ration
X. Wang and | WOA-GA 2D NoC Ninimze  energy, | Hybrid meta-
all[23] Hybrid Stability heuristic
A. Ala- | SCSO+KNN | 2D NoC Minimize energy Task clustering
garsamy and for mapping
all [24]
A Ala- | Modified BA | 2D NoC Minimize energy Cluster-based
garsamy and performance
all [25]
X Wang and | PSO-SCA 2D NoC Computation time Binary encod-
all [26] Hybrid ing
M. Mohiz and | Cuckoo 2D NoC Performance, re- | Levy Flight
all [27] Search duce energy
M. Darbandi | MOPSO MPSoC Reducing commu- | Crowding-
[28] nication delays and | distance
costs diversity
S. Sikandar | Sailfish Opt. | 2D NoC Minimize energy Shared k-NN
and all[29] (SFOA) clustering
F. Mehmood | Andean Con- | 2D NoC Optimize both | For large-scale
[B0] dor (ACA) throughput and | search
energy
W. Amin [31] | iHPSA 2D NoC Minimize energy K-means clus-
(PSO+SA) tering

tnk,

while the architecture includes processing elements P =
,Pm }. Each processing element supports sev-

{p17p27 s
eral operating modes m1, ms, m3, which adds flexibility to

task placement and helps improve optimization efficiency.

duration

3.1 Execution time and communication

423

In a NoC-based MPSoC, the total time consumption of an
application depends on both the task execution time ET

and the inter-task communication time C'T’, as determined
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Figure 3: Mapping graph task on MPSoCs architecture

by the static mapping of tasks to processing elements.

The execution time  The execution time E7' (m) of task
t; on processor s, in mode m is:

Cycles;
ET! (m) =
? fmp

where Cycles,, is the task’s cycle count, and fy,), is the
processor’s frequency in mode m.

2

Communication time The communication time between
tasks 4 and j, mapped to processors s, and sq, is: The
communication time C7T for the data transfer along edge
ij = (t;,t;) depends on the mapping of tasks ¢; and ¢; to
processors s, = map(t;) and s, = map(t;).
If s, = s, (tasks mapped to the same processing element),
the CT is negligible: CT;; = 0.

Otherwise, communication occurs over a path in the NoC
architecture graph G = P(T, E), let path(s,, sq) denote

the sequence of directed edges { fﬁ), fﬁ), cee ,(/73)} from
sy to 4, where h is the number of hops.
The communication time is then:
g Qi
CT(ij) = luw + —
fquP;h(Sp,Sq) mlnfuv €path(sp,sq) bwuv
3)

Where [, is the latency of link f,, (derived from the

characterization of bw,,,), bw,, is the bandwidth of link
fuv, and Q5 is the data volume transferred.
The makespan, or total application completion time, is the
maximum finishing time across all tasks in the G(T), F),
considering precedence constraints and parallelism in the
MPSoC.

The start time of task ¢; mapped to s; = map(¢;) in mode
m is

0 if¢; has no predecessors,

ST(t;) =
(t) max _(FT' + CT(pi)) otherwise.
tp:pi€E

“4)
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And its finishing time is

FT% = ST" + ET (m). (5)

The makespan is therefore

M = max FT(t;) (6)

3.2 Energy consumption

The energy consumption F in a multiprocessor system-on-
chip (MPSoC) comes from two sources: execution energy
from computation and communication energy from the net-
work.

Computational energy The energy consumed during the
execution of a task ¢; on processor s, operating in mode m
is defined as:

El..= Cycles, X emp @)
Where the execution energy of task ¢, denoted as Eéxec(in
Joules), is given by the product of the number of clock cy-

cles needed to run it on processor p (C'ycles;;,) and the en-
ergy consumed per cycle by processor p in mode m (e,p).

Communication energy The communication energy be-
tween tasks t; and ¢;, mapped to processors s, and sg, is
expressed as:

B =" Qiy- Y,

e;;€E fuv€path(sp,sq)

€L, uv (8)

where e;; € FE represents communication from task
t; to t;, with Q;; as the transferred data volume. Tasks
are mapped to processors s, = map(t;) and s, =
map(t;), connected via the NoC path path(s,,s,) =
1%), 1(3,), e ,SZ) of h hops. Each link f,, consumes
er,uv €nergy per unit data. If s, = s, (same processor),

no NoC communication occurs, and Eeomm(e;5) = 0.

Total energy The total energy consumed by the MPSoC
during the application’s execution, combining the energy
from computation and communication, can be expressed as:

Etotal = Z Eéxec + Z E(l:(j)rlrqu (9)
i=1 (i.)EE

3.3 Salp swarm algorithm (SSA)

The Salp Swarm Algorithm (SSA) [[12] is a nature-inspired
metaheuristic used to solve complex optimization prob-
lems. It models the swarming behavior of salps, marine or-
ganisms that move in coordinated chains as they ride ocean
currents. SSA balances exploration (global search) and ex-
ploitation (local refinement), which helps it navigate large
and complex search spaces effectively.
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3.3.1 Biological inspiration

Salps move in synchronized chains. The leading salp
(leader) sets the direction, while the others (followers) ad-
just their positions based on the leader and nearby salps.
This coordinated movement enables them to explore their
environment efficiently and forms the biological basis of
SSA, which utilizes this behavior to navigate complex so-
lution spaces (Fig. H).

Follower salp

Leader salp

L Salps chain

\Direction of motion

Figure 4: Illustration of salp behavior in SSA [[12]

3.3.2 Mathematical model of SSA

In SSA, the salp population is divided into leaders and
followers, with their movements defined by the following
equations.

Leader’s movement The leader updates its position
based on the best-known solution, enabling broad explo-
ration while directing the swarm toward promising regions
of the search space, as defined by Eq.(B.3.2).

Fj+c - (M) ifey > 0.5,
S

Fj —C1- (M) , ifee < 0.5,

where :1:]1 denotes the leader’s position in the j* dimension,
F} is the best-known solution, ub and [b represent the upper
and lower search-space bounds, c; is a random factor reg-
ulating exploration, and ¢, is a random number uniformly
distributed in [0, 1].

Followers’ movement The followers update their posi-
tions relative to the salps ahead of them, as defined by
Eq. ([L0). ' |
Tt

= (10)

. 2

where 27 denotes the position of the i*”* follower in the j'*
dimension, and z]_, represents the position of the preced-
ing salp.
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4 Binary multi-objective salp swarm
algorithm for task mapping

The proposed method tackles the Assignment and Schedul-
ing (AS) problem, which involves mapping application
tasks to processing elements (PEs) and scheduling their
communication over a NoC-based heterogeneous MPSoC.

We model this as a multi-objective optimization prob-
lem that aims to reduce total energy use and makepan at the
same time. These goals often conflict; low-power modes
save energy but increase latency, so the solution must show
the trade-offs instead of forcing a single optimal point.

To search this trade-off space, we propose a Bi-
nary Multi-Objective Salp Swarm Algorithm (BMSSA).
BMSSA adapts the continuous Salp Swarm Algorithm for
discrete task mapping by using binary encoding, Pareto
dominance, and an external archive with crowding dis-
tance to maintain diversity among non-dominated solu-
tions. System-level limits, such as PE load balancing, NoC
bandwidth, and local memory capacity, are handled through
feasibility checks and simple repair steps.

4.1 Multi-objective salp swarm algorithm
(MSSA)

The Multi-Objective Salp Swarm Algorithm (MSSA) [[12]
extends the original Salp Swarm Algorithm (SSA) to ad-
dress problems involving multiple conflicting objectives.
Unlike single-objective approaches that yield a single op-
timal solution, MSSA identifies a set of non-dominated so-
lutions representing optimal trade-offs. This set enables
decision-makers to select outcomes that align with specific
application requirements.

4.1.1 Principles of MSSA

The MSSA retains the core mechanisms of SSA, such as
the leader-follower dynamic and chain-based movement,
but incorporates specific techniques for handling multi-
objective optimization problems [9, B5]. Key principles in-
clude:

Pareto dominance A solution A is said to dominate an-
other solution B if A is no worse than B in all objectives
and strictly better in at least one objective. MSSA uses
this concept to guide the salps toward optimal trade-offs
between objectives.

Archive management Non-dominated solutions in the
search space are stored in an external archive, which is up-
dated iteratively. Diversity-preservation techniques, such
as crowding distance, ensure an even distribution of solu-
tions across the non-dominated solutions set.
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Leader selection Rather than relying on a single leader,
MSSA selects leaders probabilistically from among the op-
timal solutions, promoting exploration across the Pareto
front and preserving solution diversity.

4.2 Binary Multi-objective salp swarm
algorithm (BMSSA)

The Binary Multi-Objective Salp Swarm Algorithm
(BMSSA) is a discrete extension of MSSA, tailored
for binary optimization problems. While the original
MSSA operates in continuous domains, BMSSA addresses
solution spaces where candidates are encoded as binary
vectors, such as in task mapping, assignment, and resource
allocation. A position-to-binary transformation mechanism
converts continuous salp positions into binary decisions,
enabling compelling exploration of discrete spaces while
retaining MSSA’s leader—follower dynamics.

The following subsections present our key contributions
in adapting MSSA to the multi-objective task mapping
problem on NoC architectures.

Binary representation of solutions Each BMSSA solu-
tion is encoded as a binary matrix X € {0,1}"*?, where
n is the number of tasks and p the number of processing
elements (PEs). A value X;; = 1 indicates that task ¢; is
mapped to PE s;. To ensure valid mappings, each task is
assigned to exactly one PE, satisfying Z;’:l X;; =1L

Initialization strategy The Iinitialization strategy for
BMSSA generates a diverse initial population of N solu-
tions, each represented as a binary matrix X* € {0, 1}"*?,
where n is the number of tasks and p is the number of pro-
cessing elements in the 2D mesh NoC. For each salp k, the
matrix X" is constructed by assigning each task ¢; to ex-
actly one processor s;, ensuring the constraint Z;’ 1 X fj =
1. Specifically, for each task ¢, a processor j is selected
uniformly at random from {1,2,...,p}, setting Xikj =1
and X ﬁ = 0 for all [ # j. This random initialization pro-
motes exploration across the vast search space of possible
task mappings, facilitating the discovery of a diverse Pareto
front for minimizing makespan and total energy consump-
tion.

Transformation mechanism To operate in a binary
search space, Binary MSSA applies a transformation func-
tion to convert continuous salp positions into binary values.
Common techniques include:

— Sigmoid Function:

1

) =15

(11)

Where z is the continuous position of the salp. If S(x) >
rand(0, 1), the position is set to 1; otherwise, it is set to 0.
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Leader and follower movement In BMSSA, the leader’s
movement follows the same principle as in standard MSSA
but is adapted to operate within the binary search space.
Followers update their positions based on the leader’s state,
allowing the swarm to balance exploration and exploitation
across the discrete solution space.

Archive and diversity maintenance In each BMSSA it-
eration, the current salp population is combined with the
existing Pareto archive to form a temporary repository of
candidate solutions. This merged set includes both newly
generated and previously stored non-dominated solutions,
enhancing exploration and preserving elite solutions.

To ensure the archive remains within its predefined size
limit, crowding distance [33] is applied to rank solutions
based on their distribution in the objective space. If the
temporary repository exceeds the allowed archive size, so-
lutions with lower crowding distance, i.e., those in denser
regions of the Pareto front, are discarded. This maintains a
well-distributed and diverse set of non-dominated solutions

(Fig. B).

4+ |5alp Population
Repository ¥—_| Salp Archive

Update

Archive

|Archive| >MaxSize

Run Crowing
Distance

Figure 5: The management of the archive population

4.3 Objective function

The task mapping problem is formulated as a multi-
objective optimization, aiming to minimize both the
makespan and the total energy consumption. The objective
is to determine a mapping function map : 7" — S that as-
signs each task t; € T to a processing element s, € S, op-
timizing these objectives while satisfying architectural con-
straints. The two objective functions are defined as follows:

Objective function () The makespan represents the
maximum completion time among all tasks, considering ex-
ecution delays, task dependencies, and inter-task commu-
nication over the 2D mesh NoC. It is formally defined in

Eq. ®).

Objective function (Fz) The total energy consumption,
defined in Eq. (), is the sum of the execution energy of all
tasks and the communication energy of all inter-task data
transfers.
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The outcome of the proposed approach is an optimized
mapping of application tasks and communication flows
onto the physical resources of the architecture, along with
a scheduling strategy that satisfies both performance and
energy constraints. Figure f illustrates the overall process,
and Algorithm ?? summarizes the key steps of the BMSSA-
based multi-objective task mapping on the NoC platform.

Application
model

Architecture
model

hl

BMSSA
algorithm

- O bJ eCti i

L

Optimal task Mapping
onthe MPSoC

Figure 6: Global description of our solution

4.4 Algorithm complexity

The BMSSA has the following computational complexity
for task mapping on NoC-based heterogeneous MPSoCs,
considering n tasks, p processing elements (PEs), popula-
tion size IV, archive size archive_size, and task graph edges

Time complexity The main computational steps per iter-
ation (max _iter) are: (i) position updates and binary trans-
formation with complexity O(N - np), (ii) fitness evalua-
tion (makespan and energy) with O(N - (n + |E|)), and
(iii) archive management (non-dominance and crowding
distance) with O ((N + archive_size)?).

O(max_z'ter- (N-np+N-(n+|E|)

+ (N + archiveisize)2)) (12)

Space complexity The population and archive require
O((N + archive_size) - np) storage.

This complexity is acceptable for typical benchmarks
(e.g.,m < 50 and p < 20), although archive management
may become a bottleneck for larger scales.

5 Experimentation and results

This section evaluates the proposed Binary Multi-Objective
Salp Swarm Algorithm (BMSSA) for task mapping on
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NoC-based heterogeneous MPSoCs. The optimization
aims to jointly minimize execution time (makespan) and
total energy (computation + communication). BMSSA
is compared with three established multi-objective base-
lines:  Multi-Objective Particle Swarm Optimization
(MOPSO) [32], Non-dominated Sorting Genetic Algorithm
II (NSGA-II) [B3]], and Multi-Objective Ant Colony Opti-
mization (MOACO) [34].

Table 2: Parameter configuration for the evaluated algo-
rithms.

Algorithm | Parameters

BMSSA c1: linearly decreased from 2 to
0

NSGA-II Crossover probability = 0.8,
Mutation probability = 0.1

MOPSO Inertia weight = 0.4, Personal
and social learning coefficients
=2

MOACO | Pheromone influence () = 1,
Heuristic influence (8) = 2,
Evaporation rate (p) = 0.5

5.1 Implementation and experimental setup

All algorithms were implemented in Matlab and executed
on a machine with an Intel® Core™ i5-7300HQ CPU under
Windows 10. Benchmarks consist of task graphs with 10—
50 tasks mapped onto 2D-mesh NoC platforms with 4-20
processing elements (PEs). To account for stochasticity and
ensure statistical robustness, each configuration was run for
100 iterations and repeated independently 30 times; unless
otherwise noted, we report the median over the 30 runs. For
a fair comparison, all methods were given similar computa-
tional budgets, and parameters followed recommendations
from the original papers with light tuning (Table ).

5.2 Comparative results of the
multi-objective mapping

Table B together with the per-configuration bar charts
(Figs. []) and the cross-configuration trends (Fig. f) show
that BMSSA is highly competitive across the benchmark
set, though not universally dominant. Counting ties,
BMSSA attains the best execution time in 5/9 config-
urations and the best energy in 6/9 configurations (Ta-
ble fl). In small-to-medium platforms (4—14 PEs), the bar
plots highlight frequent BMSSA wins with narrow margins
over NSGA-II and MOACO (e.g., 4/10 and 10/25). For
larger platforms, leadership alternates: at 16/40 and 20/50,
MOACO achieves both the fastest time and the lowest en-
ergy (e.g., 16/40: 5.4s and 16.7 J vs. BMSSA 5.5s and
16.9 J), and at 18/45, NSGA-II leads on both metrics (6.2 s
and 18.2 J vs. BMSSA 6.4s and 18.8 J). These observa-
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Table 3: Comparison of BMSSA, MOPSO, NSGA-II, and MOACO on NoC Mapping

Proc. Tasks BMSSA MOPSO NSGA-II MOACO
Time Energy | Time Energy | Time Energy | Time Energy
O] (€)) (O) (€)) ®) (€)) (O) )
4 10 0.6 5.1 1.2 5.6 1.1 5.4 0.7 52
6 15 1.5 6.9 1.7 7.1 1.6 7.0 1.6 6.9
8 20 2.3 8.4 2.5 8.9 2.4 8.7 24 8.5
10 25 29 10.4 3.3 10.8 3.0 10.6 3.0 10.5
12 30 3.8 12.3 4.0 12.6 3.8 12.4 3.7 12.3
14 35 4.5 14.6 4.8 15.0 4.5 14.8 4.6 14.7
16 40 5.5 16.9 5.7 17.0 5.5 16.8 5.4 16.7
18 45 6.4 18.8 6.5 18.7 6.2 18.2 6.3 18.3
20 50 6.9 20.1 7.3 20.5 7.0 20.3 6.8 20.0

Table 4: Count of configurations where each method attains
the best value.

Method Best Time | Best Energy
(count/9) (count / 9)

BMSSA | § 6

NSGA-II | 1 1

MOACO | 3 2

MOPSO | 0 0

tions correct earlier overstatements and confirm that differ-
ent optimizers can prevail depending on scale and traffic.

The trend lines in Fig. [ clarify how performance evolves
with instance size: time and energy increase monotonically
for all methods; BMSSA generally traces the lower enve-
lope, but its curves intersect with MOACO around 16-20
PEs and with NSGA-II near 18 PEs precisely where Ta-
ble B reports non-BMSSA optima. Across all nine config-
urations, BMSSA remains near-optimal: its average rela-
tive gap to the best method is only about 1.03% in time
and 0.55% in energy. Meanwhile, MOPSO is consistently
dominated on both metrics in the tables and figures.

Overall, BMSSA offers the strongest balance across con-
figurations, leading most often and staying very close to
the best elsewhere, while explicitly acknowledging the spe-
cific large-scale setups where NSGA-II or MOACO take
the lead. This nuanced, data-aligned interpretation recon-
ciles the table and figures and removes any absolute claims.

These performance patterns reflect how each algorithm
interacts with NoC-specific characteristics, such as topol-
ogy size, traffic distribution, and platform heterogeneity.
BMSSA performs best in small to medium NoCs (e.g., 4—
14 PEs), where early placement of heavily communicating
tasks onto nearby processing elements (PEs) reduces com-
munication hops, avoids congestion, and improves both ex-
ecution time and energy. Its leader—follower model and
archive-based exploration help quickly find such balanced
mappings.

As the NoC grows (1620 PEs), communication paths
lengthen and traffic becomes more complex. Here, the
advantages of local clustering fade, and global traffic
balancing becomes more important. MOACO, with its

pheromone-based construction, and NSGA-II, with recom-
bination and selection pressure, can better reorganize map-
pings across the mesh, explaining their wins in larger setups
like 16/40, 18/45, and 20/50.

Task graph structure also matters. When communica-
tion is focused on a few tasks, BMSSA can easily clus-
ter them. However, when traffic is more evenly spread,
broader search methods like MOACO and NSGA-II have
an edge.

BMSSA also benefits from platform heterogeneity by
assigning compute-heavy tasks to stronger PEs early and
placing their partners nearby. However, larger systems may
require redistributing tasks more widely, where other meth-
ods adapt better.

MOPSO underperforms in all cases due to early conver-
gence and a lack of diversity control, limiting its ability to
adapt to changing trade-offs.

In summary, BMSSA is strongest when local, early deci-
sions have high impact, while NSGA-II and MOACO may
excel in larger or more uniformly loaded platforms.

5.3 Convergence analysis

Figures P and [Ld show, for the 10 processors / 25 tasks case,
the median best-so-far values over 30 runs (at each itera-
tion, the lowest time or energy seen so far in a run, then the
median across runs). The curves allow us to compare how
quickly each method improves and what level it reaches at
the end.

BMSSA decreases fastest at the beginning of both time
and energy, then continues to improve more slowly and fin-
ishes with the lowest final values among the four methods in
this setup. This matches Table Jj for the 10/25 case. NSGA-
IT improves steadily and regularly from start to finish; it
does not drop as quickly as BMSSA early on, but ends close
behind with slightly higher final values for both objectives.
MOACO starts slower, with gentler early decreases, then
accelerates in later iterations and becomes competitive by
the end, especially in terms of energy, ending very close
to NSGA-II. MOPSO improves quickly at first but soon
plateaus; its curves flatten early, and it finishes with the
highest (worst) time and energy.
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Figure 7: Comparison of Time and Energy for Different Configurations
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Figure 8: Comparison of time and energy across processors and algorithms

Overall, these plots tell a consistent story: BMSSA finds 5.4 Wilcoxon signed-rank test
strong mappings early and reaches the best final values
on this instance; NSGA-II and MOACO follow different  To assess the statistical significance of the differences

improvement patterns yet end up close, while MOPSO  between BMSSA and the baseline algorithms (MOPSO,
stalls early. This agrees with the results in Table § and NSGA-II, MOACO) in terms of makespan and total energy
helps explain why BMSSA often outperforms NSGA-Il or  consumption, we applied the non-parametric Wilcoxon
MOACO on small and medium platforms, whereas NSGA- signed_rank test [E] This test was performed pairwise’
IT or MOACO can be preferable in some larger settings. using the median values from the experimental results table
across the nine benchmark configurations (420 processors,
10-50 tasks). The null hypothesis (Hy) assumes no signifi-
cant difference between the paired samples (p > 0.05 indi-
cates failure to reject Hy; p < 0.05 indicates significance).
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Convergence of Execution Time - 10 PEs / 25 Tasks
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Figure 9: Convergence of execution time-10 PEs/tasks

Convergence of Energy - 10 PEs / 25 Tasks
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Figure 10: Convergence of energy-10 PEs/tasks

The tests confirm BMSSA’s superiority over MOPSO in
both objectives (significant reductions). At the same time,
differences with NSGA-II and MOACO are generally not
statistically significant, aligning with the observed close
performance in larger benchmarks.

Table 5: Wilcoxon test results for makespan.

BMSSA vs. | p-value | Significance
MOPSO 0.0039 | Yes (p < 0.05)
NSGA2 0.2436 No
MOACO 0.9102 No

Table 6: Wilcoxon test results for total energy.

BMSSA vs. | p-value | Significance
MOPSO 0.0078 | Yes (p < 0.05)
NSGA2 0.1641 No
MOACO 0.4959 No

6 Conclusion

This paper investigated application mapping for NoC-
based heterogeneous MPSoCs using a Binary Multi-

F. Boumaza et al.

Objective Salp Swarm Algorithm (BMSSA). We bench-
marked BMSSA against NSGA-II, MOPSO, and MOACO,
focusing on the dual objectives of minimising time and en-
ergy.

Across nine platform—workload configurations, BMSSA
achieved the best execution time in 5/9 cases and the best
energy in 6/9 cases, while remaining close to the best else-
where (average relative gap ~1.03% in time and ~0.55%
in energy). Notably, NSGA-II led at 18 PEs / 45 tasks, and
MOACO led at 16 and 20 PEs, underscoring that differ-
ent optimizers can prevail on specific large-scale settings.
Complementing these pointwise results, BMSSA exhibited
favorable convergence on the representative setup studied,
indicating strong overall solution quality.

In summary, BMSSA provides a robust and competitive
trade-off for discrete NoC mapping: it leads in most con-
figurations, stays near the best otherwise, and converges
rapidly to the optimal solutions. Future work includes scal-
ing to larger NoCs and task graphs, integrating energy-
aware routing and dynamic re-mapping, and validating on
additional real-world workloads (e.g., multimedia and ML
pipelines).
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