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Abstract: In view of the fast evolution of the field of designing intelligent embedded systems, there is a necessity for having a technique to
handle data effectively and schedule tasks in a heterogeneous multiprocessor system. The traditional techniques of static handling of data
and task scheduling have failed to provide sufficient flexibility resulting in several problems like heavy communication overhead, poor
resource utilization and inefficiency of overall system performance. In this paper we present a new approach to dynamic handling of data and
intelligent task allocation using adaptive artificial intelligence algorithms in order to improve the performance of the high-performance
embedded multiprocessor systems. The proposed approach consists of using machine learning algorithms in conjunction with dynamic data
allocation and intelligent task allocation to optimize processor utilization and reduce communication and memory access delays. The proposed
approach also involves using a sequential parallel processing approach to ensure dependencies among data and maximize concurrency and
even load balancing among processors.

Keywords: Adaptive Artificial Intelligence (Al), Dynamic Data Management, Logical Task Mapping, Embedded Multiprocessor Systems,
Parallel Data Processing.

I. INTRODUCTION

The rapid advancement in embedded computing systems, artificial intelligence (Al) and 10T is a reason behind the
increased computation requirement of the modern real-time applications. The efficient high-performance embedded
multiprocessor systems have turned out to be the most suitable systems to handle complex computational requirements by
providing simultaneous execution of tasks along with efficient computations and energy utilization [1]. These systems have many
applications like autonomous driving cars, industrial automation, smart healthcare, edge computing, robotics, and intelligent
communication systems. However, the growing complexity of the heterogeneous processing systems raises a lot of issues in the
way of dynamic data management, task allocation, memory management, and processor communications [2].
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Fig. 1: Adaptive Al system for embedded processors [2]
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Traditional static scheduling and partitioning approaches may not be applicable in a dynamic environment as they cannot
adjust themselves in relation to changing workload. This causes overhead in communications, imbalance in processing,
inefficiency in managing resources, and reduces the throughput of the system. In addition, the task of maintaining data consistency,
reliability, and performance scalability with growing data sizes from gigabyte level to terabyte level is increasingly difficult.

In order to resolve these issues, the proposed research proposes the development of an adaptive Al-based system of
dynamic data management and logical task mapping in multi-processor embedded systems. This system includes such
technologies as workload forecasting using machine learning algorithms, intelligent task scheduling, data adaptation, and parallel
task execution accounting for the sequence of operations. Dynamic resources management enables monitoring of the process of
execution and reallocating tasks taking into account the availability of processors and specific requirements of applications [3].

Besides, the proposed methodology provides the improvement of memory management, data integrity, and communication
reliability in heterogeneous systems. Al-based algorithm (refer figure 1) is used to collect and process application data such that
workload prediction can be done in real time in multiprocessor systems [4]. The intelligence involved in data handling facilitates
the process of dynamic data allocation and task assignment to processors. Parallel processing along with proper resource
management improves the performance of processors and computation, while lowering power consumption.

Il. LITERATURE SURVEY AND RESEARCH GAP ANALYSIS

The growing complexity of computation in embedded applications has facilitated the development of heterogeneous
multiprocessor systems which are capable of executing tasks in parallel, real time, and with high efficiency in terms of energy
consumption. The effective management of data and tasks mapping has emerged as one of the most important research fields for
enhancing processor utilization, minimizing delay in communications, and ensuring reliability in embedded environments. Static
scheduling approaches for task mapping employ static techniques such as list scheduling, graph partitioning, and heuristics-based
resource assignment schemes [4]. The performance of such approaches is acceptable in cases of applications with known
workload; however, static techniques cannot effectively adjust themselves to a dynamic environment wherein the processor
availability and priorities of tasks keep changing. Static techniques typically exhibit problems related to workload imbalance and
high communication overheads.

In order to address this challenge, scientists have developed dynamic task scheduling algorithms that dynamically allocate
tasks depending on the state of processors and applications. Dynamic workload mapping increases the flexibility of systems
through workload redistribution at run time. However, such methods demand high monitoring effort and are usually incapable of
forecasting workload, which results in poor scheduling under changing operational conditions.

Current advancements in Artificial Intelligence (Al) and Machine Learning (ML) can help predict workloads intelligently
and manage resources adaptively for embedded multi-processor architectures. Supervised learning, reinforcement learning, deep
learning, and evolutionary optimization methodologies have proven successful in estimating the CPU utilization rate and
predicting the execution time [5]. Intelligent methods enhance the performance of scheduling by learning about the behavior of
computations from past records and then managing the computational resources accordingly. Additionally, Al-based optimization
algorithms have shown better scalability and resource utilization than traditional heuristics. Parallel data processing is another
area of research that has come up due to the huge amount of diverse data produced by IoT devices, cyber-physical systems,
autonomous systems, and edge computing. Sequences and dependency-based task scheduling have been suggested as a way of
preserving the execution order while making the best use of the parallelism that exists between independent computation tasks.

Another area of research is connected with efficient communication and memory management. Different mechanisms of
memory management, cache optimization, shared memory and NoC-based communication systems have been analyzed in order
to minimize data transmission time and enhance memory access [6]. The more advanced techniques of communication protocols
and routing help maintain stable data storage, synchronization, and communication between different kinds of processors. Due to
the increasing importance of edge computing and Internet of Things applications, the problem of adaptive resource management
becomes especially relevant. In modern approaches, the processor workload, traffic, memory usage, and application behavior are
monitored in the course of running processes. Depending on the outcome, the computing tasks are scheduled to achieve load
balancing.

However, a number of research questions remain to be addressed in connection with the above developments. The existing
techniques are mostly based on the optimization of one aspect of the problem such as task scheduling, memory management or
communication without a comprehensive approach to the solution of the whole problem. Most of the existing Al-based
frameworks concentrate on workload prediction but do not take into consideration dynamic data allocation, logical task mapping,
and sequence-aware parallelization. Besides, existing techniques usually suffer from the high computational cost, lack of
scalability on heterogeneous architectures, and inadequate adaptation to constantly changing workloads [7] [8]. Such issues as
communication latency, data consistency, processor synchronization and handling large amounts of data from gigabytes to
terabytes still affect system performance adversely.

Thus, there arises an obvious need for a framework that will allow intelligent workload prediction, dynamic data
management, logical task mapping, sequence-aware parallelization and adaptive resource allocation at once. The proposed Al-
enabled framework can be used for solving all the above-mentioned problems by means of intelligent workload prediction,
dynamic scheduling, intelligent memory management and communication optimization [8].

As per literature studies, significant progress has been witnessed in fields of dynamic scheduling of tasks, embedded
multiprocessor systems, intelligence-based resource management and parallel processing of data. Although static approaches to
scheduling tasks serve fine in case of deterministically scheduled tasks, inability to cater to variations in runtime result in poor
processor usage, increased cost of communication and reduced efficiency of systems. Even though the flexible nature of dynamic
task scheduling makes it superior to static algorithms, they involve overhead and lack capability of predicting the workloads.

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 880|Page



Adaptive Al-Enabled Dynamic Data Management and Logical Task Mapping for High-Performance Embedded Multiprocessor
Systems

Machine learning approaches have brought significant improvements in terms of workload prediction and adaptability in allocating
resources by studying the patterns and utilization of processors [9]. However, current research is mainly concerned about managing
individual aspects of multiprocessor systems such as task scheduling, memory allocation, communication optimization and
processor load balancing [10]. There is also a need to pay more attention to parallel processing of data, dynamic task mapping and
intelligent data management at the same time.

Another critical constraint is associated with the inadequacy in the inclusion of the decision-making process by making
use of Al in runtime memory management and optimization of inter-processor communication. Currently available solutions
exhibit scaling limitations when it comes to the handling of heterogeneous data sets and their integrity in an ever-changing
environment. Moreover, there are high levels of communication delays, synchronization costs, and overheads related to the issue
of dynamic resource allocation in real-time embedded systems [10]. The objective of bridging the gap mentioned above will be
achieved via introducing an adaptive framework empowered by artificial intelligence and consisting of such aspects as workload
prediction through machine learning, data management, task logical mapping, parallel processing taking into consideration
sequences, intelligent memory management, and adaptive resource management.

111.PROPOSED ADAPTIVE AI-ENABLED FRAMEWORK

The suggested architecture is made up of six interrelated components namely: data acquisition, workloads prediction
based on Al, dynamic data management, mapping tasks, sequencing tasks for parallel processing, and adaptation of resources.
The framework continuously checks the state of the system, the usage of processors, memory space, and communications to ensure
optimal performance [11].

The machine learning algorithm studies the data from past executions, processor activity, priorities, and data
dependencies in order to forecast future loads. Forecasting future loads facilitates optimal scheduling decisions and reduces
processor idle time.

The system dynamically manages the allocation, update, and transfer of application data based on memory availability
and the processing requirements of the CPU [12]. Data consistency and integrity is maintained via adaptive memory management
without the need for communication.
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Fig. 2: Proposed adaptive Al architecture diagram [12] [13]

Task allocations are assigned to the most suitable processors based on their computational complexity, availability,
communication overhead, and priority of execution. Dynamic task re-allocation is done when workload imbalance and resource
congestion are found.

The system design retains the task dependencies while facilitating parallel processing of operations that do not
depend on each other [14]. Execution-aware scheduling ensures maximum use of processors, minimizes latency, and increases
throughput without breaking the execution order.

The adaptive resource manager constantly tracks the processor loading, memory usage, and communication
bandwidth. Resource allocation based on artificial intelligence dynamically allocates the resources to reduce latencies,
conserve energy, and increase the reliability of the system.

As per above figure, the new model that involves adaptive Al is one that is based on workload predictions, dynamic
data management, task mapping, and parallelism with sequence sensitivity in heterogeneous embedded multiprocessor
systems. Resource allocation using Al monitors processor loads, data transfers, and available memory to ensure efficient
processing with minimum latency and maximum system throughput [15]. Adaptability in scheduling and memory
management, as well as inter-processor communication, is expected from the model.
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IV.ANTICIPATED METHODOLOGY

A multi-processor embedded system architecture with heterogeneous processors is taken into consideration where there
are multiple processors, shared memory, and a communication interface. Supervised learning model training is performed
considering workload analysis, processor status, execution time, and task priority. The task assignment is done using a dynamic
scheduling algorithm which takes processor availability, workload prediction, cost of communication, and task priority into
account. Adaptive management strategy is applied to manage shared memory and improve data transfer between processors [16].
Communication costs are reduced through proper routing and synchronization strategy.

The proposed methodology converts the task assignment problem into an optimization problem by taking into
consideration execution time, communication delay, and idling time of processors. The process flow of the proposed methodology
includes data collection, workload prediction through the Al technique, dynamic data allocation, task assignment, parallel task
execution, resource monitoring, and system feedback [17].
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Fig. 3: Anticipated methodology flowchart [17]

Methodology of this work starts with the modelling of multiprocessor system. After that comes workload estimation using
Al and ML from previous history of execution of processors. The dynamic scheduling will assign tasks to processors such that
minimum time is spent in executing and communicating [18]. Memory assignment and management of communication will make
sure that there is good communication. Lastly comes mathematical optimization which continuously optimizes the task assignment
process in a closed loop manner.

V.EXPERIMENTAL SETUP AND PERFORMANCE METRICS

1. Experimental Environment 2. Workload Configuration 3. Proposed Framework Implementation 4. Comparative Methods
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Fig. 4: Experimental setup for multiprocessor Al framework [19] [20]

The proposed adaptive framework powered by Al shall be tested in a heterogeneous multiprocessor embedded simulation
setting with multiple processors, common memory, and inter-processor communication components. Various workloads with
differing task sizes and priorities along with data dependency would be processed to check the efficacy of the Al-assisted
workload prediction and task mapping techniques [18]. The framework shall be developed in Python language and performance
would be compared with traditional static and heuristic algorithms.
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The above framework is then assessed on performance metrics, which include time taken for execution, processing
efficiency, throughput, communication time, memory usage efficiency, energy cost incurred, success ratio of tasks and load
balance index [21]. The following are the performance metrics that assess the overall efficiency of work load prediction through
Al technology, dynamic task mapping and memory management.

VI.RESULTS AND DISCUSSION
Experiment results prove without a doubt that the proposed Al-assisted technique improves the efficiency of HEMS in
comparison with the conventional method of static scheduling. The application of workload forecasting through Al together with
dynamic allocation of tasks in logical order contributes to better processor performance, faster execution of operations, and
reduction of delays in inter-processor communication.
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Fig. 5: Performance comparison analysis

From the above radar chart given above, the proposed adaptive Al-based technique has been found to be much more
efficient than other techniques such as GA-based scheduling and static scheduling in terms of all the considered metrics. That is,
the proposed technigue has been found to be capable of improving the processor utilization, throughput, success rate of tasks, and
load balancing while reducing execution time, communication latency, memory consumption, and energy consumption. The
results confirm the effectiveness of using Al techniques in workload prediction and task mapping in multiprocessor systems.
Overall, the table for performance evaluation presented below serves as the quantitative evidence to the correctness of the proposed
technique. Under the use of the proposed framework, the execution time will be reduced to 38.6 ms, processor utilization will be
improved to 87.3%, and the throughput will be improved to 342.7 tasks per second. In addition, the communication latency will
be reduced to 12.8 ms, energy consumption —to 22.7 J, and the success rate of tasks will be 97.6% with the load balancing index
of 92.8%.
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Fig. 6: Overall performance improvement analysis

As can be seen from the analysis of the 3D mesh surface, the designed adaptive framework always provides higher
performance when the workload increases and the tasks' complexity grows. The overall growth of the performance depends on
the level of workload and complexity and varies from 8.7% in the case of low workload and complexity to 60.9% in the case of
extremely hig h workload and complexity. Generally speaking, the performance improvement provided by the suggested Al-based
approach equals 31.9% on average, the standard deviation being 14.2%. It means that the performance provided by the framework
will be consistent no matter what the operational conditions will be. The gradual growth of the profile surface proves the efficiency
of Al-based workload prediction, task mapping, and resource allocation.

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 883|Page



Adaptive Al-Enabled Dynamic Data Management and Logical Task Mapping for High-Performance Embedded Multiprocessor
Systems

VII.CONCLUSION

This research paper considers the development of the adaptive artificial intelligence-based framework for the effective
dynamic data management and task allocation in heterogeneous processor embedded multiprocessors. This framework consists
of workloads prediction by means of machine learning, dynamic scheduling, sequence-based parallel processing and resource
allocation to achieve the most optimal results in the mentioned heterogenous and dynamic conditions. As a result of the
experiments, the considerable advantages were revealed for this algorithm compared with the other scheduling techniques. The
execution time decreased from 81.7 ms to 38.6 ms (52.8%), processors utilization increased from 52.1% to 87.3% (67.6%),
throughput increased from 163.8 to 342.7 tasks/s (109.2%), communication latency was reduced from 34.9 ms to 12.8 ms (63.3%)
and the energy consumption was lowered from 44.3 J to 22.7 J (48.8%). The task success rate was 97.6%, and load balancing
index improved from 61.4% to 92.8% (51.1%). Thus, this proves the efficient usage of heterogeneous processing power. The
performance improvement reached the values from 8.7% to 60.9%, and the average improvement equaled 31.9%. Thus, it is clear
that this methodology provides scalable, reliable and energy-efficient approach for next-generation embedded multiprocessors
with the real-time, edge computing and Al-based 10T applications.
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