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ABSTRACT: Network-on-Chip (NoC) systems are progressively deployed in connecting massively parallel megacore
systems in the new computing architecture. As a result, application mapping has become an important aspect of
performance and scalability, as current trends require the distribution of computation across network nodes/points. In
this paper, we survey a large number of mapping and scheduling techniques designed for NoC architectures. This time,
we concentrated on 3D systems. We take a systematic literature review approach to analyze existing methods across
static, dynamic, hybrid, and machine-learning-based approaches, alongside preliminary Al-based dynamic models
in recent works. We classify them into several main aspects covering power-aware mapping, fault tolerance, load-
balancing, and adaptive for dynamic workloads. Also, we assess the efficacy of each method against performance
parameters, such as latency, throughput, response time, and error rate. Key challenges, including energy efficiency, real-
time adaptability, and reinforcement learning integration, are highlighted as well. To the best of our knowledge, this is
one of the recent reviews that identifies both traditional and AI-based algorithms for mapping over a modern NoC, and
opens research challenges. Finally, we provide directions for future work toward improved adaptability and scalability
via lightweight learned models and hierarchical mapping frameworks.

KEYWORDS: Application mapping; mapping techniques; network-on-chip; system on chip; optimisation

1 Introduction

Network-on-Chip (NoC) architectures have emerged as the de facto communication paradigm for mod-
ern multiprocessor system-on-chip (MPSoC) platforms, especially as new computing systems transition to
massively parallel megacore designs. NoCs offer a structured, modular, and packet-switched communication
infrastructure; they can provide an alternative for connecting high core count, heterogeneous workloads at
low-power and scalable latency. Traditional shared-bus and point-to-point interconnects cannot meet the
scalability, latency, and power-efficiency requirements of such systems. Consequently, application mapping
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and scheduling, that is, how the computation tasks are assigned to the processing elements as well as how
the communications are arranged, have become leading factors in system performance, scalability, and
reliability [1,2].

The initial work with NoC application mapping concentrated on the analytical and optimization-based
formations to govern interaction overhead and congestion. To avoid link saturation and reduce the average
communication delay, a few solutions have proposed bandwidth-constrained mapping strategies with
topology-aware placement of cores and traffic distribution [3-5]. Meanwhile, mapping heuristics focusing on
energy- and performance-awareness utilized the routing flexibility and bandwidth reservation approaches
to decrease communication energy consumption while satisfying latency and throughput constraints
[6-8]. The key performance metrics (latency, throughput, energy efficiency) are characterized by these
seminal works and are still the basis of modern NoC mapping research.

With rising system size and complexity of the NoC-based systems, these early designs introduced fault
tolerance and adaptability as key design goals. Others proposed adaptive remapping techniques to dynam-
ically recover from processing element failures to achieve a functional system with a lower overhead [3,9].
Later works expanded this idea to fault-tolerant application mapping and scheduling in the context of
transient and permanent fault models, showing that reliability-aware task placement can effectively decrease
performance losses in large-scale NoC implementations [10,11]. Similarly, fault-aware and QoS-aware routing
approaches have been introduced to augment mapping decisions by reliably delivering packets with QoS
guarantees despite link and router failures [12].

While exact optimization formulations are accurate, they are scaling-limited due to the NP-hard
nature of NoC application mapping. As a result, metaheuristic optimization methods became popular
as scalable alternatives. However, with their ability to escape local optimum and balance the exploration
and exploitation in large design spaces, bio-inspired algorithms such as particle swarm optimization, grey
wolf optimization [8,13] have been extensively utilized, which have resulted in lower communication cost,
latency, and power compared to classical heuristics [14]. Evolutionary search with local refinement forms
hybrid variants that significantly improve convergence behavior and robustness, and are also designed to
accommodate real-time and heterogeneous NoC workloads [14-19].

Recently, research has moved more directly towards AI-based mapping and scheduling. In this context,
reinforcement learning (RL) has arisen as a dominant framework for performing this sort of learning
by seeking effective mapping heuristics without the necessity of large, labelled datasets. Reinforcement
Learning (RL)-based frameworks have been able to consistently outperform traditional heuristic approaches
by learning policy-based placement sequences that optimize both communication cost and runtime [20,21].
Mapping algorithms based on machine learning also minimize such factors as the symmetry problem of
regular NoC topologies and data augmentation, and multi-label learning strategies, which further improve
mapping accuracy [22,23]. This class of learning-based approaches is a significant advancement towards
adaptive and scalable NoC optimization.

With the growing interest in three-dimensional (3D) NoC architectures, there are additional challenges
in reducing thermal hotspots and power density. To provide reliability and stability during long-term
operation, it has become imperative for vertically stacked systems to implement thermal- and traffic-aware
mapping strategies. Three existing thermal-aware mapping approaches based on within-cache neural net-
work and heuristic search have shown significant improvement on peak temperature, temperature variation,
and packet latency through workload distributions among multiple dies [23-27]. In addition, recent work
on application-architecture mapping for NoC-based manycore systems emphasizes energy-efficiency and
high-performance objectives, reinforcing mapping as a primary lever for optimizing power-performance
trade-offs in manycore designs [28]. Recently, an approach driven by reinforcement learning is proposed
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to enhance the system temperature via migration of workloads to sites with varying thermal gradients for
the runtime management of 3D NoC [29]. Deep learning has also allowed for further improvement in fault
tolerance. Recently proposed transformer-based reinforcement learning models for fault-tolerant application
mapping demonstrate significantly better communication cost, latency, and run-time performance in
comparison to the prior RL and meta-heuristic baselines [30-32]. This also illustrates that deep sequence
models can be used to model the spatial and temporal dependencies of NoC mapping decisions, hence
building added robustness under faulty operation.

Due to the fast widening of methodologies, multiple wide-ranging surveys and reviews have categorized
the systematic implementation and planning methods of NoC over static, dynamic, hybrid, and learning-
based paradigms. This approach crystallizes taxonomies, quantitative comparisons, and open challenges
like real-time adaptability, energy efficiency, and scalability, which are all urgent needs for management
[1,33-37]. Recent works [8,38,39] provide performance evaluation frameworks and hybrid mapping plat-
forms, which facilitate fair benchmarking and on practical deployment of such advanced NoC mapping
strategies. In light of the aforementioned developments, this paper provides a comprehensive literature
survey on Al-based application mapping and scheduling methods for Network-on-Chip systems, focusing
on 3D NoC architectures and new learning-based dynamic models. We assign existing approaches based
on optimization objectives, power efficiency, fault tolerance, load balancing, and runtime adaptability, and
use core performance metrics such as latency, throughput, response time, and error rate to measure their
efficiency [1,2,24,33,40,41]. Finally, we highlight various remaining research challenges and discuss poten-
tial pathways towards lightweight learned models, hierarchical mapping frameworks, and heterogeneous
workload support for future NoC-based megacore systems.

Looking deeper into the architectural reasons why Network-on-Chip systems have become so preva-
lent, Fig. 1 provides a visual comparison of the main benefits of NoC architectures in contrast to traditional
interconnection schemes. As illustrated, NoCs decouple computation from communication to use a dis-
tributed packet-switched fabric, which avoids global, centralized control as well as long global wires. It also
improves the scalability, system testing, and fault isolation for system-level manycore platforms due to the
architectural decoupling, by making room for systems-in-package, or systems-on-chip (SoC), integrating
hundreds of cores. Additionally, its NoC architecture is flexible and can support many voltage and frequency
domains for fine granularity power management and a fine ability to adapt the workload dynamically. This
topology-driven design enables the seamless addition of links and processing elements without the need to
halt the operation of the system while providing different levels of guarantee for latency, bandwidth, and
reliability. When taken together, these properties inherently render NoC architectures as ideal candidates to
exploit advanced application mapping and scheduling strategies, even more for adaptive, energy-efficient,
high-quality, predictable performance in Al-driven and 3D NoC systems.

The growth of high-performance computing devices is exponential, and their performance increasingly
depends on how well resources, parallel communication, and interconnects can be optimised. This trend
also guides the evolution of chip manufacturing in the SoC direction, integrating multiple heterogeneous
cores into one silicon platform for higher throughput and density. This combination increases the processing
performance, energy efficiency, scale, and fault tolerance of computing devices [42]. With the ongoing
increase of computing core counts, the NoC approach has become the communication substrate of choice to
support the next generation of SoCs, capable of abstract application mapping, traffic scheduling, and adaptive
load balancing in large multi-core systems.

Bus-based communication approaches may help in minimizing area when the communication is simple,
but they suffer from scalability; hence, NoC has been proven as a promising way of SoC communication [43].
NoC is a packet-switched communication overhead that has a computer network-like architecture compared
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to traditional buses in microchip systems. These architectures provide benefits such as better scalability, mod-
ularity, and power efficiency [44]. Nevertheless, Network-on-Chip comes with its design challenges. NoC
has two key research domains: thermal-aware routing [45-48] application mapping, floor planning [49], and
thermal solutions [50]. Application mapping: This refers to the partitioning of an application over nodes
and determines what each node does during execution [51]. NoC is one of the critical aspects, and in one
sentence, application mapping is a critical aspect of NoC. An effective application mapping will result in
improvement of the complete system, and conversely [52,53].
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Figure 1: Advantages of network-on-chip

In NoCs, distributing multiple processing elements in a networked fashion increases the importance
of application mapping in optimizing performance. Key goals include reducing inter-node communication
overhead, minimizing latency, and balancing computational loads across the chip [38,54,55]. Recent research
focuses on algorithms ranging from genetic algorithms [22], reinforcement learning [56,57] and neural
networks [58] to address these goals. For example, deep reinforcement learning techniques have been
applied to dynamically adjust task-to-node mappings based on system workload, demonstrating improved
throughput and energy efficiency. Fig. 2 presents the number of documents published on application
mapping across different years.
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Figure 2: Documents published in application mapping in different years



Comput Model Eng Sci. 2026;146(1):4 5

As NoC architectures evolve to support dynamic 3D stacking [59] and heterogeneous cores [60],
submitting the procedures of mapping the different applications becomes significantly more challenging and
complex, requiring the integration of more innovative and flexible approaches to mapping. Some studies
have explored the use of graph theory to model the application tasks [61-64] and their interactions, and this
brought about closer mapping and better optimization of network resources. Some of the recent features that
have been added to NoC include thermal mapping and the usage of thermal profiles to avoid the formation
of hot regions, which affect the chips’ lifespan in the system [65], but instead ensure good distribution of
thermal variation throughout. Energy-aware mapping techniques, on the other hand, are another strategy
that seeks to minimize power consumption in NoC while enhancing the utilization of PEs by varying the
voltage and clock frequency of PEs according to workload conditions [66]. Despite these advances, current
literature lacks a unified synthesis of existing approaches, particularly in how emerging techniques such as
federated learning or hybrid reinforcement learning (RL) models address real-time challenges in large-scale
NoC environments. Fig. 3 shows the distribution of publication types in NoC literature.
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Figure 3: Distribution of publication types in NoC literature

The travel-time-based task mapping proposed by [67] for a NoC-based DNN accelerator assigns tasks
are assigned unevenly to PEs based on both a fixed NoC topology (Fig. 4) and dynamically obtained
congestion. They show that communication-aware mapping strategies are beneficial, as their approach
improves layer-wise and full-network performance by up to 13.75 per cent over traditional row-major
and distance-based mappings. The study [68] presents NoCDAS, an accelerator simulator for NoC-based
DNN simulation that captures both the computation flow and the hardware microarchitecture. A mapping
approach using ILP has been introduced for 3D-stacked DRAM-PIM setups [66]; this method links layer-
level execution timing with underlying hardware utilisation to effectively reduce CNN latency. Unlike
conventional strategies, their technique distributes the memory workload more evenly across processing
units, thereby cutting the total processing time for branched CNN models.

This paper addresses that gap by presenting a focused, structured review of application-mapping
methodologies tailored for modern NoC architectures. It highlights key challenges, including dynamic
workload adaptation, energy efficiency, and fault tolerance. Mapping strategies are categorised into six major
themes: machine learning-based mapping, power-aware techniques, dynamic approaches, fault-tolerant
mechanisms, static mapping, and load-balancing schemes. The key challenges associated with application
mapping in NoC [69] are analysed [70], and techniques such as RL and fault-tolerant mapping methods are
evaluated. The taxonomy of application mapping techniques classifies recent work into various categories,
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i.e,, machine learning, power management, dynamic mapping, fault tolerance, static mapping, and load
distribution. To the best of our knowledge, this is the only comprehensive review of application mapping in
NoC that considers recent state-of-the-art techniques.
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Figure 4: Network-on-chip topology

The key contributions of this paper are the following:

» Does not concentrate on the design aspects but on application mapping in NoC architectures.

»  Makes comparisons and discusses the reinforcement learning and energy-aware mapping techniques as
per the literature.

« Explores existing issues and possible remedies to enhance adaptability and energy amplification under
dynamic workloads.

« Makes mapping methodologies consistent within a single taxonomy.

« Highlights future work on scalability, adaptability, and security, and provides a basis for future research.

The rest of the paper is structured as follows: Section 2 explains the methodology for selecting the
literature. Section 3 discusses the challenges of application mapping in NoCs, and Section 4 provides a
taxonomy of recent application-mapping techniques. Section 5 discusses application mapping performance
metrics. Discussion and future directions are presented in Section 6. Section 7 is the conclusion of this study.

2 Materials and Methods

The digital libraries, protocols, and materials used in this research are highlighted. The subsections
describe the search strings and parameters, the inclusion and exclusion criteria for the literature, the
extraction methods, and the multi-part statistical evaluation of the selected literature before analysing the
findings of the selected studies.

2.1 Search Engines and Digital Libraries

To conduct comprehensive and focused research, it is imperative to explore a wide range of digital
repositories. Numerous sophisticated digital libraries are readily available online for academic research. The
digital library referenced covers a broad spectrum [71] of the application mapping in NoC.
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Search Strings and Timeline:

To ensure comprehensive coverage, Boolean search strings were used in various databases. The search
phrases included combinations such as:

“Network-on-Chip AND application mapping’,
“NoC AND dynamic scheduling”,

“Machine learning-based NoC mapping’,

and “fault-tolerant NoC techniques”

The publication period was restricted from 2014 to 2025, and only English-language peer-reviewed
papers were considered.

Digital Libraries:

Digital libraries such as ScienceDirect, Springer, IEEE Xplore, and ACM-Digital-library were considered
while collecting literature for application mapping in NoC

Search Engines:

Various academic search engines, such as Research Rabbit, Connected Paper, and Google Scholar, were
checked to identify the latest available sources. The search results for primary studies are reviewed and
verified in accordance with the protocol’s standards.

2.2 Primary Studies Selection

The search query is implemented within the search platform to gather information from digital
repositories. The retrieved academic articles pertain to the search query specified in the research protocol.
The process of acquiring pertinent data will be finalised within a fortnight. Fig. 5 shows the step-by-step
procedure followed for data compilation. A total of 643 papers were obtained from various digital databases.
Search and filtering were conducted in accordance with basic guidelines inspired by the PRISMA framework,
aiming for transparency in identification, screening, eligibility, and inclusion. A formal PRISMA diagram is
included. Fig. 6 represents the flow of data refinement across each stage. Each exclusion step was carefully
logged to minimise selection bias, and duplicate entries across databases were also removed.
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Thorough scrutiny is given to both the title and abstract of every paper retrieved. After the paper
evaluations, 354 research articles were identified for inclusion as primary studies (Filter 1). Fig. 6 shows the
data selection after filtering.
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Figure 6: Primary data selection

The papers are filtered in Filter 1 and then filtered again in Filter 2. This step involved analysing the
lengthy paper to determine its applicability. Many studies were disregarded in this phase because they were
irrelevant. Ultimately, 238 papers were chosen following Filter 2. Information on the number of retrieved
papers ultimately chosen is provided in Table 1.

Table 1: Search outcomes

Sr. Data source Initially After filter 1  After filter 2 Final
scanned selected
1 IEEE xplore 243 123 94 70
2 Google scholar 114 93 67 63
3 ACM digital lib. 160 87 39 08
4 Science direct 89 34 26 05
5 Springer 37 17 12 06
Total 643 354 238 152

Although only English-language, peer-reviewed academic articles were included in this study, grey
literature, such as technical reports and dissertations, was briefly reviewed but excluded due to inconsistent
peer-review standards and insufficient methodological details.
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2.3 Scope and Exclusions

The given review focuses on the application mapping and scheduling methods of NoC systems, with par-
ticular attention to task allocation, communication optimisation, and performance evaluation across varying
topologies. Other topics not related to this, such as routing algorithm design, router microarchitecture, low-
level circuit optimisation, and buffer or link-level optimisation, are not covered. This category, though also
connected, is a set of hardware-specific design trade-offs rather than mapping-level trade-ofts, and it requires
more analytical treatment than this paper’s analytical capabilities allow.

3 Challenges of Application Mapping

Mapping multiple applications to various nodes is complicated. It requires a thorough understanding
of all the node conditions, locations, traffic loads, workloads, thermal difficulties, network statuses, and
faults. Due to this diverse nature of NoC dynamics, application mapping becomes more challenging. The key
challenges associated with application mapping in NoC, as shown in Fig. 7, are adapting to varying workloads
and maintaining energy efficiency. Techniques such as RL [20] and fault-tolerant mapping methods play a
significant role.

e Inter signal interference, crosstalk, substrate coupling, and interconnect delay.

Signal
Integrity
synchroniz ¢ Due to non-proportionate technology scaling in wires and gates, there is a problem between global and local circuits.
tion
* Due to non-proportionate scaling between bus and system sizes, bandwidth, clock frequency, and power do not
improve as intended.
Bus e Performance decrease as integration technology improves due to limited parallel data transfer capabilities. Data
System transmission is inefficient in terms of energy usage.
e With limited parameters such as device aspect ratio, supply voltage, threshold voltage, clock frequency, leakage
Power current, and temperature, a power problem arises.
Dissipation

Figure 7: Challenges in SoC

SaHNoC [72] tries to balance energy efficiency and speedy communication by deciding where to put
wireless switches [73]. The complexity of application mapping increases dramatically with the number of
processing elements and communication links [74], making it difficult to manage communication overhead
and share resources effectively. ERT-EAM tries to ensure a harmonious performance, but doing this in real-
time for diverse applications while minimizing space is a real challenge [51]. Consider a scenario where a
specific processing element in the network gets heated due to a heavy workload. Temperature sensors built
into the chip can be used to predict when this PE would fail, which can cause the NoC to react adaptively.
Moreover, Deep RL tries to configure resources dynamically according to their congestion, and this becomes
a big challenge [32,75].

FANC [76], a machine learning-based approach, tries to optimize communication paths, but ensuring it
works faultlessly for various scenarios is challenging. Mapping the application onto NoC is similar of finding
the perfect arrangement for optimal energy usage, minimal delays, and efficient processing [13]. The machine
learning model here attempts to find the optimal path for NoC communication. However, ensuring it does
not provide a wrong turn, leading to performance loss, is a big challenge [22] Designing a Ring NoC for
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differently organized nodes is a challenge [77]. Evaluating 2D and 3D mesh NoC includes ensuring effective
communication while considering scalability and flexibility, is really challenging [78].

4 Taxonomy of Application Mapping

The primary purpose of this study is to explore state-of-the-art methodologies, measures, tools, and
algorithms for the allocation of applications on NoC architectures, shown in Fig. 8. A comprehensive
description of all primary research data has been provided. Upon the conclusion of the empirical inquiries,
crucial data is gathered, and deficiencies in existing research literature are identified. This work consists of
scholarly articles that focus on mapping applications to loud platforms [79].
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Figure 8: Conventional NoC architecture

4.1 Taxonomy Design Rationale

To systematically organise the diverse techniques for application mapping in NoC architectures, this
study adopts a four-fold classification: dynamic, static, hybrid, and machine learning-based. This taxonomy
reflects the temporal nature of the mapping strategy (dynamic vs. static), the integration of multiple
techniques (hybrid), and the incorporation of learning-based optimisation approaches (machine learning).

Dynamic and static mapping are treated as core categories based on whether mapping decisions are
made at runtime or pre-deployment. Hybrid mapping techniques [80], which combine different paradigms
(e.g., GA + PSO or wire + wireless switches), often overlap with these categories but are presented
separately to highlight their integrative nature. Similarly, machine learning-based approaches [69] (such
as reinforcement learning) are embedded, but warrant dedicated discussion due to their growing role in
optimising complex NoC environments.

This taxonomy acknowledges that overlaps exist; for instance, reinforcement learning is dynamic by
nature but also represents a machine learning technique. Therefore, cross-references are made where appro-
priate. This structure allows for a more precise comparison of approaches within and across each category.
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4.2 Categorisation of Techniques
4.2.1 Dynamic Mapping

Dynamic mapping in NoC is adaptive to changing conditions in real-time, ensuring optimal resource
utilization and performance [81]. Different subcategories provide various aspects of dynamic mapping.
Energy-aware mapping approach optimizes energy consumption by intelligently allocating tasks to energy-
efficient resources. Recent research, such as [82] explores novel techniques to minimize energy usage [83]
while maintaining system performance. Congestion-aware mapping strategies alleviate network bottlenecks
by considering traffic patterns and load distribution. Work presented in [84] delve into algorithms to mitigate
congestion effects for efficient mapping. Fault-aware mapping ensures system reliability by considering
potential failure scenarios and distributing tasks accordingly. Recent studies, including [37], propose
methodologies to enhance fault tolerance in dynamic mapping environments. Latency, execution time-based
mapping approach prioritizes minimizing latency and optimizing execution time for critical applications.
Recent advancements, as seen in [85] propose algorithms to dynamically adjust mappings to meet stringent
latency requirements.

SaHNoC proposes a self-adaptive hybrid NoC structure that enables maximum energy efficiency in
2D mesh topologies by effectively adapting to the online environment [72]. This method innovatively
chooses wireless pathways, which, in response, overcome the power consumption obstacles with wireless
interconnects. With the aid of using both wired and wireless switches, SaHNoC is able to resolve the issue of
communication speed, together with energy efficiency via a hybrid system.

Considering real-time applications with embedded systems, the ERT-EAM mapping strategy was
introduced to improve the processing elements on the Xilinx Zynq UltraScale+ MPSoC. The ZCU104
Evaluation Kit is used as a piece of evidence [51]. This method is based on the Minimum Core Average
Distance (CAD) principle [86], which is a more efficient design than the Half CoreWidth concept and also
has the advantage of better latency and delay metrics, which means NoC throughput and latency.

The work presented proposes the reliability of a variety of NoC types [32], can be enhanced by a
combination of reinforcement learning and multi-objective particle swarm optimization. The application
modifies task allocation through RL, and additionally, it redistributes the tasks when any of the permanent
process elements encounter failures. This output serves as an illustration of the value placed on reliability in
modern NoC designs.

To reduce energy usage, in the study [66], authors provide a quadratic programming QP-based approach
for application mapping in 2D mesh-based hybrid WiNoCs. Although it works well with small applications,
its lengthy execution durations prevent it from being used with more nodes. simulated annealing SA-based
approach that effectively finds optimum or nearly optimal solutions for a range of issue sizes while tackling
the same mapping task. An analysis of QP and SA techniques under different wireless router locations
was made, showing how router placement affects communication cost and system architecture. This study
includes the quantity of jobs and routers that affect performance, showing that the SA approach regularly
produces quicker, more efficient solutions than the slower QP model.

In order to navigate around the bottleneck, authors in [40] investigated the method of eliminating a few
neurons during the mapping process. They introduced a method for dropping neurons depending on their
degrees of contribution, which was based on ranking and selection (RSM). The system-wide and circuit-
specific application of neuron ranking and selection to identify the most contributing defective neurons for
mapping. A stuck-at augmented pruning (SAP) method is introduced to enhance spiking neural network
defect tolerance. This method focuses on damaged neurons identified by their weight values. A technique of
ranking and selection (RSM) for fault-tolerant mapping of neurons in neuromorphic hardware. The problem
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of replacing many damaged neurons with fewer spare ones is resolved by this approach. The problem of
certain faulty neurons not being picked for mapping is addressed by a cluster-by-cluster rating and selection
method. In a system where each cluster has at least one malfunctioning neuron (Fy = 1), this method offers a
fair selection in which each cluster is chosen for repair. Fig. 9 depicts the taxonomy of application mapping
in NoC.
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Figure 9: Taxonomy of application mapping in NoC
4.2.2 Static Mapping

Static mapping methods allocate tasks to resources based on predetermined configurations, offering
stability and predictability. Exact mapping seeks the optimal allocation solution within given constraints,
ensuring precise task placements. Studies such as [87] present algorithms for achieving optimal mappings
in static environments. Search-based mapping employs heuristic or metaheuristic algorithms to find near-
optimal solutions efficiently. Work presented in [88] explores heuristic approaches to address the complexity
of mapping tasks in static environments.

The static mapping notion is investigated by digitally designing and simulating Ring NoC to suit First
in First Out (FIFO) buffers in network interface cards with differently configured nodes [77]. Introducing
improved performances such as more efficient data transfers and the ability to overcome bus-based commu-
nication, the work demonstrates the duty of NoCs in performing the traditional communication function.
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The work presented in [78] where scalability and flexibility of 2D and 3D Mesh NoCs are brought up,
just demonstrating their readiness to provide an effective bridge between different IP modules and cores.
The work is evaluated in terms of area, latency, throughput, and power to reduce the processing overhead in
the future.

GAPSO, a method that imprints map-related applications into the NoCs via the combination of PSO
and GA [89]. Genetics is compared to PSO by the GAPSO with the intention to improve communication
efficiency by using an actual Cores Graph. The suggestion to the double PSO algorithm for an energy-efficient
3D bus topology architecture [16] demonstrates attempts made to optimize the heat dissipation in 3D NoC
designs. This approach in effect produces optimized heat dissipation efficiency, reduces energy loss, and
improves performance ata 4 x 4 x 4 3D NoC scale.

The study is focusing on the problem of a lack of information during control transmission in NoCs
because control messages are communicated as multicast and thus the available bandwidth is only partially
used. The proposed solution is to have an adaptive distribution [90]. This diversity allocation approach boosts
bandwidth usage, thereby indicating a solution to the problem of unproductive bandwidth of static traffic
registration in NoC design.

The software and a better algorithm are introduced in this paper to identify the optimal circulant graphs
with small average path length and diameter [91,92]. It presents new sets of optimal circulant graphs, offers
an analytical expression of their width of the bisection, and deduces constant time relations of degree eight
circulants. This study uses a genetic algorithm to improve uneven NoC layouts with mixed router types. By
doing so, it cuts down the delay while keeping time-sensitive data on schedule. At the same time, space usage
shrinks, boosting overall efficiency [93].

The work presented in [94], proposed a task mapping approach based on heuristics is presented,
which aims to improve processor core aging and communication overhead simultaneously. Multicore
heterogeneous architectures are the backbone of most cloud and edge computing systems. As a result, they
have deliberately targeted multicore systems. In order to simultaneously maximize network load and lifespan
reliability of multicore-based edge computing servers, a communication and aging-aware task mapping
technique is presented. When mapping tasks, the presented approach operates by avoiding hotspot places.
Critical applications are placed on edge computing servers perform better when workloads are mapped to
alternative cores while avoiding hotspots and taking communication requirements into account.

An Artificial Bee Colony (ABC)-based technique for mapping application cores to 3D-NoC architec-
tures is presented in [95]. In terms of the overall energy usage, the findings of the study have been compared
to several multimedia benchmarks. The outcomes demonstrate that the suggested strategy beats CastNet
and produces results for energy usage that are quite similar to those of ILP. Recent studies suggested the
new method outperforms ILP-based models, as ILP generates optimum mappings over a very long time.
Compared to an integer linear programming (ILP) based model that takes a very long time to find the optimal
solution, the suggested method yields results that are equivalent in less time.

For multicore hybrid wireless NoC HWNoC-based systems, a lightweight dynamic application map-
ping [37] and a scheduling method is provided [96]. The suggested method makes use of long-distance
wireless networks™ benefits to reduce communication energy usage and assist in meeting application
deadlines. The suggested method determines whether the incoming tasks may be scheduled in accordance
with the core usage threshold or not. The suggested mapping and scheduling approach is compared to well-
known resource allocation approaches using experimental data from a cycle-accurate HWNoC simulator.
The comparison is made in terms of communication energy consumption, communication latency, deadline
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violation rate, and incurred runtime overhead for various test scenarios. The experimental findings verified
that, in comparison to the other alternatives, the suggested strategy is highly competitive.

In another study, a linear programming mathematical model has been presented to map jobs onto a
multicore system on chip (MCSoC) [97]. The model incorporates the energy budget limitations, computer
and communication capability of the MCSoC, as well as the computation and communication requirements
of the applications. MCSoCs based on on-chip connectivity networks are to be equipped with SA and GA
algorithms for mapping activities. For mapping in energy-constrained MCSoC systems, the SA and GA are
combined with the energy and performance limitations of the suggested linear programming model. Using
the cycle-accurate NoC model Garnet and the Embedded System Synthesis Benchmarks Suite (E3S) [98],
the SA and GA techniques were assessed on the Gem5 platform. Mapping results were generated for latency
and performance measurement on the gem5/garnet platform using an in-house simulator. The results of the
simulation show that, for 2D-mesh NoCs with 36-100 cores, the simulated annealing approach performs
better than the genetic algorithm in a variety of applications when compared to the E3S benchmarks.

In another study [99], a technique was presented that impacts the issues arising from congestion in
NoC, reliability, and efficiency of energy in multiprocessor system on chips (MPSoCs). They presented
a task mapping algorithm that incorporates the concept of dynamic voltage and frequency scaling to
minimize energy while also aiming to distribute the workload relatively equitably across different tiles while
avoiding interference between tiles communicating through the NoC-based platform, with the objectives of
satisfying real-time constraints and achieving high reliability. The paper proposes a Mixed-Integer Linear
Programming (MILP) approach as a method of finding the best solution and offers a 3-stage heuristic
that involves task distribution, the adjustment of frequency, and the minimization of contention. Many
simulations obtained show less contention, as well as a savings of energy, than the previous techniques.
Specifically, to enhance the footprints in NoC-based MPSoCs, the accordant study focuses on the capability
of communication contention in task mapping for enhanced proficiency of the system.

In particular, Ref. [100] proposes a new branch and bound routing algorithm for optical networks-
on-chip (ONoCs) based on silicon photonics technology. The goal is to lower power consumption but
without compromising on the network throughput for various applications in photonic systems, especially
concerning thermal issues. Thus, when advancing two variants of the algorithm, a kind of comparative
research with the existing solutions in terms of developing the approaches is presented that are more
efficient for minimizing the optical power loss and improving network performance. The presented approach
brings focus to the need for efficient adaptive routing techniques [101], shown in Fig. 10, in the implemen-
tation of ONoC to reduce thermal effects and congestion, as well as further the development of on-chip
communication architectures in future designs of chip multiprocessors.

Source Deterministic Circuit Packet
Routing Routing Switching Switching
I
I
Distributive Centralized Wormbhole S&F Switchin Virtual Cut
Routing Routing Switching J Through

Figure 10: Hierarchical order of routing techniques
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After improving the NoC mapping and scheduling region, the authors in [102] present a fault-tolerant
task mapping method (FTTM) that can map and schedule both offline and runtime jobs on a 2-D mesh
NoC and a modified NoC platform. The authors also provide a spare core technology in which the spare core
may manage the communications related to the failed core in a 2-D mesh NoC and modified NoC (MNoC)
platform in the event of a problem at a core. The suggested FT'TM algorithm aims to save communication
energy and maximize performance. A modified NoC platform is an excellent solution for this task because
mapping and spare core placements are NP-complete. Tested against a variety of benchmarks, including
synthetic and multimedia benchmarks, the presented FTTM algorithm on the improved NoC platform is
contrasted with a 2-D mesh NoC and other comparable algorithms.

The fault-tolerant mapping algorithm (FTMAP) targeting NoC architectures with the purpose of
increasing the system performance and energy efficiency after mapping the cores and replacing the faulty
core with an available one, is presented in [103]. The steps of the algorithm include communication energy
calculation, assignment of the vertices to processing elements, and communication energy update, as well as
handling of busy and failed PEs. From the point of view of communication energy disposal, it is evident that
FTMAP is an efficient protocol that aims to decrease the energy consumed so as to enhance the reliability
and performance of a system. FTMAP provides an efficient solution for mapping cores that are tolerant to
faults as well as having low communication energy, as compared to other mapping strategies. The work also
focuses on the rationale behind FTMAP; however, machine learning approaches can be integrated to achieve
potential improvements.

The work presented in [104] introduces a methodology to map the tasks at runtime within a bridge
network-on-chip (BNoC) to achieve optimum energy consumption and deadlines. It provides mapping of
networks and exhibits that BNoC topology offers steadier state results at an equivalent power-performance
ratio as mesh networks. Extensive experimentations were conducted with the applications from the Parsec
benchmark suite [105] and compared their suggested algorithm with all the basic mesh-based mapping
algorithms. The intuitive location of the algorithm was found to be better than other existing techniques
under a mesh-based environment with large power-performance differences. However, integration of
thermal information into the mapping process is a weakness of this methodology.

4.2.3 Hybrid and Machine Learning-Based Mapping

This section provides an overview of Hybrid and Machine learning based mapping techniques. Hybrid
mapping techniques in NoC architectures aim to combine the strengths of different algorithms or technolo-
gies to optimize performance metrics such as energy efficiency, fault tolerance, and communication latency.
For instance, the GAPSO approach integrates Particle Swarm Optimization (PSO) with Genetic Algorithms
(GA) to enhance communication efficiency using core graphs [45]. Similarly, other studies employ hybrid
optimization algorithms based on double particle swarm in 3D NoC mapping [16], or utilize routing in 3D
NoCs using Genetic Algorithms (GA) combined with PSO, optimizing communication paths and network
efficiency [106].

Moreover, some studies enhance NoC-based MPSoC performance by adopting predictive approaches
with Artificial Neural Networks (ANN) and guaranteed convergence arithmetic optimization algorithms,
demonstrating significant improvements in performance metrics [107]. While some of these hybrid and
ML-based methods are categorized under dynamic or static mappings based on their deployment model,
they merit a separate discussion due to their methodological distinctiveness. Integrating these methods
introduces trade-offs, such as improved adaptability vs. increased computational overhead or training time,
which are discussed in the comparative analysis below.
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4.2.4 Hybrid Mapping

Hybrid mapping combines elements of both dynamic and static mapping approaches to leverage
their respective advantages. A hybrid exact and search-based mapping approach merges the precision of
exact mapping with the scalability of search-based techniques, achieving a balance between accuracy and
efficiency. Recent work, presented in [8] proposes algorithms that integrate both strategies for improved
mapping outcomes in diverse NoC environments.

The process of application mapping on a NoC encompasses the allocation of application tasks to
cores and the establishment of communication pathways between them. Optimal strategies for application
mapping on a NoC need the utilization of machine learning algorithms to address the NP-hard mapping
problem and prevent convergence to suboptimal solutions [22]. Strategies of hybrid task mapping that involve
the team members in both the design stage mapping (before the task starts) and remapping during execution
can be very efficient, thus reducing the communication and effort required for the task [8]. The Efficient
Real-Time Embedded Application Mapping (ERTEAM) algorithm, which is intended to achieve minimum
latency, fast simulation, and reduced communication energy, considers two factors: core average distance
and communication energy efficiency [51]. Across a few methodical approaches, improvements in general
metrics such as path tracing, communication estimation, power dissipation, and delay have proved to be the
foundation of NoC-based multi-processor systems on chip (MPSoCs) [8].

Techniques for scenario-based hybrid application mapping (HAM) are the main focus of the work
described in [108]. The application input space is deliberately grouped such that, when processed under
the same operational points, data inside the same scenario show similarities regarding workload. It has
been shown that the static grouping of the input space into data scenarios is a useful abstraction layer
for simplifying the creation and use of better run-time managers. But current hybrid application mapping
methods ignore the mutually reinforcing effect of mapping choice and the use of dynamic voltage/frequency
scaling (DVES) for workload adaptation. Variations in the input can be compensated for either by fully
re-mapping the application, which could result in a high reconfiguration overhead, or by simply altering
the resource’s DVES settings, which provides a low-overhead adaptation option and significantly reduces
the required overhead when compared to DVFS-agnostic HAM. Additionally, by employing low-frequency
DVES settings, DVES allows a mapped application to be finely tuned to the variations in input data. It is
demonstrated that, particularly in the presence of data situations, this combination strategy may save even
more energy than a single mapping adaptation scheme. Furthermore, as they show in an empirical study
based on four different applications and three different architectures, they propose two additional scenario-
based DVES-aware HAM approaches that consistently outperform existing mapping approaches in terms
of the number of deadline misses and energy consumption. Furthermore, it is demonstrated that these
advantages hold for target designs with rising mapping migration overheads, restricting the need for frequent
reconfigurations of the mapping.

4.2.5 Machine Learning Based Mapping

Machine learning, along with deep learning and artificial intelligence, has revolutionized the common
person’s needs and demands in almost every area. This trend is also present in application mapping in NoC.
The following is the latest literature related to machine learning in application mapping.

In [75], the combination and application of deep reinforcement learning to NoC for auto-configurable
NoCs. The gradual and dynamic volte-face of values, levels, and frequencies brings to light a glimpse of
machine learning potential, which can be used for the resolution of power and performance problems in
NoC-based computing systems.
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The FANC algorithm, a machine learning method, plays a great role in lowering communication
costs and improving several results of the simulation [76]. The latter renders the search dynamics much
simpler, which provides a favorable pathway for the architecture of NoC-based systems that sufter from high
integration density-related issues.

The concept of implementing the Machine Learning (ML) methods into the NoC architecture has
demonstrated a high promise of increasing the efficiency of routing, latency, and energy performance in the
next-generation SoC-NoC systems [109]. In the meantime, recent research shows that, although ML can be
quite useful to optimize particular NoC elements, including arbitration in a high-contention environment,
much human effort is still necessary in the global architectural development [110].

The latest article presents and demonstrates RL-MAP, a new approach that uses RL for NoC application
mapping. RL-MAP applies a combination of Actor and Critical neural networks, which leads to a better
result on the Xilinx Zynq UltraScale + MPSoC ZCU 104 evaluation kit [20]. This method takes advantage
of the weaknesses of traditional strategy and stresses the importance of machine learning to replace the
positioning systems.

In [75], the combination and application of deep reinforcement learning to NoC for auto-configurable
NoCs. The gradual and dynamic volte-face of values, levels, and frequencies brings to light a glimpse of
machine learning potential, which can be used for the resolution of power and performance problems in
NoC-based computing systems.

The FANC algorithm, a machine learning method, plays a great role in lowering communication
costs and improving several results of the simulation [76]. The latter renders the search dynamics much
simpler, which provides a favorable pathway for the architecture of NoC-based systems that sufter from high
integration density-related issues.

To shed light on the fact that the mapping in NoC is NP hard, it proposes a machine learning approach
resulting in the state-of-the-art mapping accuracy score [22]. Although the approach to machine learning
methods results in performance degradation from incorrect predictions, this act necessitates the replacement
of heuristics by machine learning for more efficient NoC design.

The task of mapping deep learning applications across NoC is described, with the introduction of a
multilevel approach being analyzed using OCTAVE simulations, which have been proven to be effective [13].
The outcome proves the advancement in throughput, latency, and energy consumption, hence the prospects
that this can possibly open up for further performance enhancement of NoC for real-time applications, which
the demands of Al technologies, etc., also affect. Table 2 shows the application mapping categories.

Table 2: Application mapping categories

Category Algorithm Pros Cons Technique Method Outcome Ref
. KL MAI.) Xilinx Zynq
Previous method using
. Improves " UltraScale+ Latency and
Reinforcement methods Actor-Critic i
. NoC per- MPSoC throughput [20]
Learning (RL) have networks and .
formance s ZCU104 improvement
limitations local search . .
. Evaluation Kit
algorithm
Improves . RL agents 30%-40%
Configuring . .
Deep energy NoC dynamically NoCs of improvement
reinforcement  efficiency adjust volt- ) . in [75]
. resources various sizes
learning and perfor- . age/frequency energy-delay
efficiently
mance levels product

(Continued)
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Table 2 (continued)

Category Algorithm Pros Cons Technique Method Outcome Ref
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63%
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putational
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S Y Enhancing
Minimised dataflow .
. . (GA) for acceleration
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Table 2 (continued)

Category Algorithm Pros Cons Technique Method Outcome Ref
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. computa- o enhance system  tion efficiency [119]
ant colony cation . optimise the . .
optimisation expenses tional mappin, stability and in NoC
p P demands. ppig reduce design  architectures
overhead

(Continued)



20

Comput Model Eng Sci. 2026;146(1):4

Table 2 (continued)

Category Algorithm Pros Cons Technique Method Outcome Ref
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Table 2 (continued)

Category Algorithm Pros Cons Technique Method Outcome Ref
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Table 2 (continued)

Category Algorithm Pros Cons Technique Method Outcome Ref
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Category Algorithm Pros Cons Technique Method Outcome Ref
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Category Algorithm Pros Cons Technique Method Outcome Ref
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The study suggested a packet Routing way called DREAM NoC and Distributed Reinforcement
Learning [111] was used for notifying in switched systems containing hard real-time. Can be attributed to
the decline latency and the rises throughput indicate that adaptive NoCs could be particularly prudent in
changing circumstances.

Faster mapping onto 2D NoCs and performance metrics are effectively traded off using the whale
optimization algorithm with improved genetic mechanism, IWOA-IGA [112]. The presented approach, a
hybrid mechanism, minimizes energy, latency, communication costs, and power while optimizing mapping
results. Its foundation is an enhanced whale framework with GA features, and an appropriate approach
for NoC application mapping is provided. A ranked selection-based approach is used to offer improved
initial mapping for IWO, direction-based crossover, and mutation ability throughout GA evolution. The final
mapping method performs better overall in terms of communication cost.

In order to optimize energy usage, an application mapping technique based on the genetic algorithm
(GAMS) is presented in [113], Genetic algorithm (GA) is used to find the optimal mapping solution utilizing
row-stationary dataflow by building a data movement energy consumption model during processing and
integrating various network topology characteristics and convolution parameters. The assessment and sim-
ulation findings demonstrate that GAMS can offer a more adaptable mapping technique that leads to higher
acceleration performance by maximizing the usage of processing units while lowering processing energy
consumption. To further enhance deep convolutional neural networks’ processing speed and communication
efficiency, a 3D hybrid optical-electrical NoC is presented. GAMS allows for the flexible mapping of the
convolution layer into the processing elements array, without being constrained by the topology, size, or
parameters of the processing elements array. GAMS can lower the overhead energy consumption from
data movement and improve the reusability of data. Acceleration performance may be enhanced by fully
using processing elements. GA may be used to find the model’s optimal solution and provide GAMS
mapping results. The energy consumption cost of alternative mapping techniques may also be assessed
using the energy consumption model. A 3DHOENoC has a minimal communication architecture, excellent
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adaptability, and unidirectional communication. The energy model is presented in order to enhance the
GAMS processing convolution layer acceleration performance.

The work presented in [114] highlights the implementation of NoCs as a means to enhance the
communication of deep neural networks (DNNs) and, at the same time, reduce energy consumption. This
emphasizes the issue of typical mapping processes to effectively execute DNNs on NoCs since various
DNNs exhibit distinct communication patterns. The authors present a mixed integer linear programming
(MILP)-based task-resource co-allocation formulation and employ it in mapping of NNs to NoC-based
multicore systems. It proposed a mapping algorithm enhanced with their neighbor-aware and adapted
simulated annealing and genetic algorithms for an efficient mapping of DNNs onto NoCs. These results
confirm the appreciably of the proposed approaches in enabling the platform to speed up DNNs across NoCs
power-efficient manner.

In another study, restrictions and opportunities of mapping applications onto NoC 3D are proposed
in [116]. The authors presented the NeurMap3D neural mapping model as an application of reinforcement
learning for the creation of ICs based on the 3D NoC architecture optimization [86]. Also, the proposed
work introduces the neural congestion-aware through-Silicon vias placement and application mapping
(NCTPAM) approach, which consists of application mapping, vertical link placement, and load balancing
over specified vertical links for applications. The presented techniques are intended for improving the
NCTPAM algorithm to minimize the CPU time in the framework of the 3D NoC.

A communication synchronization-aware arbitration policy (CSAP) has been implemented in NoC-
based deep neural network accelerators and aims to reduce latency by attempting to synchronize the
communication between the processing elements of the connective layers [117]. CSAP utilizes a negative
feedback mechanism on the rate of the packets sent by each source node to trim down the execution time
over the above-mentioned neural networks of various sizes in comparison with the given local-age-based
policy. The presented policy costs only 1% of the total policy charges, which is 3% of the total charges in
the state. To achieve this, an additional hardware cost of 6% of the existing router is required to cater for
incremental overhead hardware. Based on the findings of this approach explores traffic patterns in neural
network accelerators and synchronization issues to improve its performance.

The authors of [118] presented an HP-LSM, also known as hotspot prediction, employing a liquid state
machine based on NoC routers. Utilizing a liquid state machine (LSM) based predictor to train it extremely
accurately, a spiking neural network (SNN) is used in the observe method of the HP-LSM software model.
The LSM uses the multi-layer perceptron (MLP) to forecast router density in the next time step, starting with
states based on spiking. Two hardware components of HP-LSM, the LSM and MLP, are designed for dynamic
evaluation of possible NoC hotspot generation. Furthermore, a potent routing algorithm called Heed Maps
(HaPM), is included to enhance NoC performance by skillfully controlling congestion in hot spot areas.

The work presented in [119] explores the issue of effectively partitioning application software compo-
nents to organize onto the NoC architecture in an effort to reduce communication expenses. It points out
the issues that arise when dealing with SoC applications, which makes this process difficult. To reduce the
overhead required for the NoC design, the present work develops a new approach that combines Genetic
Algorithm and Ant Colony Optimization for the mapping process. Thus, it is challenging to increase the
efficiency of using these two algorithms for obtaining the best matching solutions. The study also underlines
the crucial importance of automation when it comes to the mapping process, which will have an impact on
the stability of the system.

Dynamig, static, and hybrid mapping strategies, to the more advanced machine learning strategies, all
the approaches solve major challenges such as congestion, fault tolerance, and thermal management. By
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the combination of reinforcement learning, genetic algorithms, and other methods, it has been established
that NoC-based systems have been enhanced in efficiency, particularly when used in complicated and
diverse networks. The configuration of these strategies for future research must persist, as they still have
improvements within their considerations in trying to justify the existing limitations and the emerging
requirements of multi-processor systems-on-chip (MPSoCs) and neuromorphic computing architectures.
Thus, it is possible to establish that using the optimized aspects of both conventional and innovative
approaches enables the development of more effective, reliable, and extensive NoCs.

4.3 Comparative Insights and Trends in Mapping Techniques

While the previous sections detailed various mapping techniques, this section highlights observable
trends and performance patterns across the literature. A review of the selected 75 studies indicates that
machine learning-based techniques have seen a significant rise in adoption in recent years, accounting for
approximately 28% of all reviewed methods, followed by heuristic/metaheuristic techniques (24%), and
hybrid mapping strategies (17%). Static mapping techniques remain relevant for systems with fixed workloads
but are gradually being supplemented by adaptive approaches.

In terms of performance metrics, energy efficiency and latency remain the most frequently evaluated
criteria, appearing in over 65% of the studies. In comparison, reliability and thermal management were
reported in approximately 30% and 22% of cases, respectively. Notably, dynamic and ML-based approaches
generally outperform others in handling fault tolerance and real-time reconfigurations, but at the cost of
increased runtime complexity. Table 3 provides a breakdown of technique usage and associated performance
focus across the reviewed literature.

Table 3: Frequency and performance focus of mapping approaches in NoC literature

% of
Technique type %o Common Typical trade-offs
papers performance focus
Machine learning 28 Energy, latency, fault High complexity, training
tolerance overhead
- . Near-optimal but no
Heuristic/Metaheuristic 24 Energy, throughput
guarantees
Hybrid mapping 17 Adaptability, energy Integration complexity
_ . Predictability, low Inflexibility to runtime
Static mapping 21
overhead changes
Exact algorithms 10 Optimality Scalability 1S5UES, high
computation

Conclusion: As application mapping techniques in NoC architectures, there are diverse strategies with
particular advantages and drawbacks. Dynamic mapping techniques offer high flexibility and are fault-
tolerant to different dynamic conditions at runtime, but come with a cost of runtime overhead. They have
predictable performance and low cost at runtime, but are non-flexible and are most suitable for systems with
known workloads since they provide static mapping approaches. Hybrid approaches are designed to reach
maximum efficiency with minimum use of an individual method; however they come at the price of higher
complexity. On the other hand, machine learning-based methods integrate intelligence and the capability
to learn, add time to adapt and requires more resources for computing. A comparative summary of these
strategies is provided in Table 1.
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Just to sum it all up, Table 2 lists the advantages and disadvantages of each mapping method. Machine
learning methods, for example, might be a promising approach, but they need a lot of training data and
computing power, and both might not be available. Besides, their decision-making process is not so clear,
which makes it hard to trust in critical systems. Static methods are easier to maintain and predictable, but
dirty for runtime changes and unpredictable faults. Although a few articles showed that hybrid methods
outperformed approaches that exclusively relied on static or dynamic mapping by integrating both, other
studies pointed out that hybrid methods added overheads and did not have advantages over pure static or
dynamic methods under the specific workstations. This illuminates that there is no one-size-fits-all approach.
A lot of work needs to be done to scale these algorithms, to lower their energy footprint, and to make the
mapping from quantum to classical architectures more robust, particularly as systems grow in complexity.

Even though many techniques have been proposed, some areas still need more attention from
researchers. One major issue is scalability: most current algorithms don't perform well when the number
of cores exceeds a certain threshold. In Quadrisection-Based Task Mapping on Many-Core Processors to
Energy-Efficient On-Chip Communication [125], it is stated that, with an increase in the number of cores
(many-core), mapping and communication costs increase. Another challenge is energy efficiency, because
many mapping strategies focus solely on performance and ignore the power the system consumes. Also, not
enough work has been done on security, especially in cases where data can be attacked through mapping
vulnerabilities or side channels. Most existing solutions also assume ideal conditions, but in real-world
systems, faults, delays, and temperature variations can affect the mapping. There is a strong need for more
practical, fault-aware mapping methods that perform reliably in actual chip environments.

5 Application Mapping Performance Metrics

Many application-mapping techniques have been proposed in recent years. Most of the applications
are extremely promising. To evaluate mapping algorithms, various performance metrics are used, including
latency, throughput, packet drop rate, bandwidth utilisation, response time, and error rates [126].

In NoC architectures, processing elements communicate to complete tasks distributed across the chip.
Latency directly affects the time required for communication exchanges between PEs. When mapping
applications onto the NoC, it is important to consider the latency presented by the routing paths between
processing elements. Applications requiring fast task completion or real-time responsiveness must be
strategically mapped to minimise latency in communication pathways [127]. The formula to calculate latency
is given in Eq. (1).

L = (Response Time — Transmission Time) (1)

In NoC architectures, throughput [128] is the rate at which data is transferred between processing
elements within the chip. It is crucial, when mapping an application, to give optimal performance in sending
data between PEs [129]. The method to calculate throughput is given in Eq. (2).

T = Data Transferred|Time 2)

In NoC, data can be corrupted or incomplete due to packet loss during transmission among processing
elements. This is crucial to minimise packet loss while mapping the application to the NoC. Optimising the
routing path, adjusting the buffer size, and implementing error detection and correction strategies to reduce
packet loss [130]. The technique to calculate packet loss is given in Eq. (3).

PL = (Numberof Lost Packets|Total Number o f Packets) % 100 (3)
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Efficient use of resources, such as communication channels and interconnects, is considered bandwidth
utilisation when implementing application mapping [128,131]. It should be considered when mapping an
application onto the NoC that there must be an effective and balanced use of resources to meet the
communication demands of the tasks [132]. Eq. (4) represents the formula for the calculation of bandwidth
utilisation.

BU = (Data Transferred| Maximum Bandwidth) =100 (4)

In NoC architectures, the response time is influenced by several factors such as network topology,
routing algorithms, network congestion, and flow control. The motive is to minimise response time, and
resources are allocated with this in mind [133]. The method to calculate response time is given in Eq. (5).

RT = Processing Time + Transmission Time + Queuing Time + Wait Time (5)

Error rate in NoC architectures refers to the frequency of errors encountered during communication
between processing elements. Strategies such as redundant mapping, where critical tasks are duplicated
across multiple PEs, can enhance fault tolerance and reduce the overall error rate by providing backup
resources to handle errors or failures [134]. The formula to calculate the error rate is given in Eq. (6).

ER = (Numberof Errors/Total Number of Requests) * 100 (6)

6 Discussion and Future Work

Application Mapping and Scheduling have emerged as the key levers to drive performance, scalability,
and reliability in 3D Network-on-Chip (NoC) systems, which are a target for massively parallel megacore
designs. In the literature surveyed, the solution space remains broadly divided into property families—static,
dynamic, hybrid, and AI-driven (learning-based) all of which are characterized by their unique advantages
and disadvantages when accounting for 3D-specific constraints, such as TSV/ILV structures, vertical traffic
concentration, thermal gradients between layers, and fault clustering in dense stacks [27,29,135]

Static mapping is still desirable for its predictability and low runtime overhead, but it is increasingly
inadequate in 3D environments, where placements may be optimized based on evolving heat and congestion
that directly depend on placement decisions. Recent work employing RL-driven task migration for runtime
adaptation indicates an ability to reduce peak temperature and stabilize execution, benefits that static maps
fail to sustain in the face of real workload variability [27,29]. On the other hand, dynamic mapping and
online migration increase robustness through adaptation to runtime telemetry data (e.g., queueing delay,
router load, thermal sensors), while still being lightweight to avoid control-plane overhead that can obviate
the performance benefits they seek to deliver [29,133].

One near-term solution is hybrid mapping: compute a strong offline back-bone communication with
thermal constraints, and then provide online constrained corrections (migration, local remapping) only
where required by telemetry signals hotspots, congestion bursts, or faults [27,29]. This hybrid logic also
matches trends in chiplet-based fabrics, where non-uniformity (inter-chiplet latencies, cache or memory
locality) makes pure global centralized runtime decisions expensive. We show how recent chiplet runtime
systems [133,135] provide chiplet-aware scheduling or migration policies that can considerably increase
throughput with respect to memory-intensive workloads, corroborating the need for hierarchical mapping
(cluster — chiplet — PE) in future 3D NoC and chiplet-interconnect platforms [136-138].

On the AI side, learning-based mapping saturates toward modeling high-dimensional state repre-
sentation and long-range dependencies. As a specific example, transformer-based reinforcement learning
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for fault-tolerant application mapping focuses on deriving robust mappings under failure scenarios while
constraining communication cost and latency [1,30]. Open questions persist, though, such as training cost,
data efficiency, safety/constraint satisfaction at deployment, and reproducible evaluation protocols that
enable fair comparisons against classical heuristics [1,30].

Fault tolerance and security are no longer just an optional add-on. In large systems, faults cannot be
avoided, and recent NoC research regularly presents new fault models and diagnosis mechanisms to keep
the topology and thereby low transmission failure under clustered faults [139]. At the same time, security-
oblivious decision frameworks explicit in task-mapping methods, under security, adaptivity, and overhead
criteria for 3D-NoC MPSoCs, are evaluated in an IoT environment [137], whilst this excessive DoS-like attack
strain on NoC routers is referred to by router-level prioritization frameworks [140,141]. These threads suggest
that forecasting mapping frameworks must consider fault/security objectives as first-class, instead of a post-
processing action [139-141].

Lastly, the evaluation stack itself is turning into a research problem. Recent efforts to trace realistic
applications and provide physical fidelity for higher-fidelity network simulation abstract many details,
making task-graph modeling more relevant for consideration; these works have also called for coherent and
realistic traffic generators to subject mapping claims to relevant workloads [142,143]. In the absence, the
improvements from ML-based mapping results become confined to tight benchmark and simulator settings
without translating to end-to-end improvements [142,143].

High-Priority Future Directions

Nonetheless, there exists a real-time Al-based NoC controller that takes a constraint-aware, lightweight
AT approach (latency/throughput + thermal caps + fault/security constraints) [29,30,140].

Examples include hierarchical hybrid mapping for 3D stacks and chiplets (offline backbone + online
corrections) to go beyond centralized control [136-138].

First, it enables standardized, reproducible benchmarking with realistic task graphs and traffic models
that compare ML vs. classical methods fairly [1,142,143].

Embedded fault-tolerance: fault models, diagnosis or repair-aware mapping, and security-aware rout-
ing/mapping in the main decision loop [135,139-141].

7 Limitations of Current Techniques

Although reinforcement learning has been demonstrated to be effective in mapping applications, it also
has its issues that limit practical application. A big challenge is the training overhead RL requires a large
number of iterations and simulation episodes to converge, which may take a long time and be expensive in
terms of computation, especially for the large NoC system. If the environment is dynamic, then it gets even
more complicated as you might have to re-train if a shift in workload or network condition occurs. Another
issue is real-time adaptability. While RL is capable of learning (and un-learning) to dynamically adapt to
changes in its environment, the inference time of an RL policy must be extremely low if we want to deploy it
in alive system, which is not always the case. When considering fault tolerance, the vast majority of RL-based
methods assume a fixed topology that is stationary. In case of a link/core failure, the agent will not be able
to recover quickly/at all unless it was trained to do so explicitly. This brings into question the robustness of
RL in environments where faults occur or where the behavior of units is difficult to predict. In conclusion,
whereas the flexibility of RL is proven, its scalability, latency, and robustness are still major open questions
of the field in need of further investigation and optimization.
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8 Conclusion

Finally, this study provides a structured review of application-mapping approaches and techniques that
were introduced in recent years, specifically for 2D and 3D NoC building blocks or from a general mapping
perspective that can be used for any suitable network topology. We classified the techniques by algorithm-
based functionality, such as static, dynamic, machine learning-based, power-aware, fault-tolerant, and hybrid
techniques. These approaches have unique energy efficiency, load balancing, scalability, and flexibility
trade-offs.

Conclusions show that the static approach provides simplicity and predictability, but at the price of
flexibility. On the one hand, methods that are dynamic or based on machine learning support adjusting in
real-time, but usually at the expense of complexity or computational cost. An exciting avenue for future work
is hybrid approaches, which combine aspects of multiple methods for a wider range of usable scenarios.

This review is limited in spite of the extensive coverage. No quantitative meta-analysis or statistical
comparison of mapping strategies was included, and recent developments focusing on industry have likely
been missed. Performance metrics used across studies were not standardised, which also made direct
comparison difficult.

Scalable hybrid approaches, security-aware mapping, and lightweight learning architectures for edge
environments remain as some areas for future research. In addition, there is a requirement for benchmark
datasets and evaluation frameworks to align the evaluation criteria across different studies.

This survey serves as a starting point for researchers to understand important trends, challenges, and
gaps in NoC application mapping. Next-generation mapping solutions can gain from intelligence and fault-
tolerant strategies, which can combine to address the complex mapping requirements of high-performance
NoC systems in a better way.

When analysing the effectiveness of application mapping techniques in NoC architectures, one needs
to understand a set of key parameters, such as latency, throughput, packet loss, bandwidth consumption,
response time, and error rate. These metrics help enhance the effectiveness and reliability of NoC systems by
properly mapping applications to meet the various requirements of application mapping. The researcher can
design and implement better solutions by using performance metrics, thereby increasing the functionality
and reliability of NoC architectures.
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