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Abstract—The increasing complexity of embedded computing 

systems has made it difficult to achieve efficient code execution 

while effectively utilizing limited hardware resources. 

Conventional optimization methods mainly rely on compiler-

driven techniques and fixed transformation rules, which may not 

adapt well to different embedded architectures and varying 

workload conditions. This research introduces a hardware-aware 

AI-driven code optimization framework that integrates Machine 

Learning (ML) with Explainable Artificial Intelligence (XAI) to 

improve the efficiency and scalability of embedded software 

systems. The framework analyzes software characteristics 

together with hardware-related parameters, including processor 

usage, memory requirements, computational workload, and 

resource constraints, to identify performance limitations and 

select suitable optimization strategies. A machine learning model 

is employed to predict appropriate code transformation 

techniques based on application behaviour and underlying 

hardware conditions. The XAI module further analyzes the 

optimization process by identifying the contribution of individual 

features, providing clearer explanations for the selected 

optimization decisions. Experimental results show that the 

proposed framework reduces execution time by up to 30%, 

decreases memory consumption by 25%, and lowers CPU 

utilization by approximately 15% while maintaining performance 

as code complexity increases. These findings demonstrate the 

capability of the framework to support efficient and transparent 

optimization of embedded software under resource-constrained 

computing conditions. 

Keywords—Hardware-aware optimization; artificial 

intelligence; code optimization; machine learning; explainable AI; 

scalability 

I. INTRODUCTION 

The increased size of large-scale software systems and high-
performance applications has posed a serious problem of how to 
maximize the efficiency of code, according to the continually 
growing requirements of the new computer world. With the 
advancement of software systems, the demand for an effective 
code optimization tool that can not only enhance the level of 
computational capabilities but also optimise the use of resources 
has never been more imperative [1]. The traditional code 
optimization techniques, which are mostly static in nature 
discipline specialise in a single area of performance with regard 

to code execution time or memory [2]. Although these methods 
have been found effective in better-controlled environments, 
they are at times inadequate in dealing with the dynamic nature 
of modern software systems, which need to perform effectively 
in a variety of platforms, workloads and usage scenarios [3]. 
Limitations of the use of traditional and optimisation methods 
are also evident in solving the disparate and dynamic demands 
of contemporary apps [4]. To take some examples, in traditional 
systems that do not support environmental variability (hardware 
differences) or dynamic runtime variability, the performance 
may not be optimal when applied into practice [5]. Moreover, 
most of the current methods cannot keep up with the size and 
complexity of the contemporary distributed systems or cloud-
based systems where the amount of data and the multitude of 
tasks are likely to create new bottlenecks that cannot be scaled 
or forecasted by the existing models [6]. These constraints 
demonstrate the necessity to approach the optimization of codes 
more dynamically and flexibly [7]. To address these difficulties, 
it is already stated that there is growing interest in adaptive, 
scalable, and interpretable optimization models that could offer 
more beneficial and resilient answers. The main benefit of these 
types of models is that they are able to keep learning based on 
the runtime data and adjust optimization strategies based on real-
time evidence [8]. Additionally, scalability will be crucial given 
the changes the software systems will experience in order to 
accommodate bigger datasets, increased concurrent usage, and 
complexity of the codebase [9]. Hence, it is of utmost 
importance to create a framework that codes can be optimized 
as well as can scale as with the development of the system, and 
can adjust to evolving needs. The combination of Artificial 
Intelligence (AI) and Explainable AI (XAI) in contemporary 
software engineering is a prospective approach to tackling the 
limitations of conventional optimization methods [10]. Code 
analysis can be made automatic, and machine learning 
algorithms can spot areas of performance bottlenecks where 
improvements can be made and suggest optimization strategies 
in recommendations based on historical data, using AI [11]. In 
addition, XAI will introduce a degree of transparency to the 
optimization procedure, as it can give the reasons why the AI 
models made a decision that can be read and understood by 
humans [12]. This interpretability is paramount since it enables 
developers to know the reasons behind some optimization 
strategies being taken, and this leads to the recommendations 

*Corresponding author. 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 9, 2026 

470 | P a g e  

www.ijacsa.thesai.org 

being easier to believe in, so that it becomes easier to implement 
[13]. This research aims to establish a scalable and efficient code 
optimization framework that targets enhancing the effectiveness 
of the computations and the use of resources. This framework 
utilizes the strength of AI to proceed to dynamically optimise 
code within a range of software systems, as well as being 
scalable and interpretable by XAI. The proposed framework 
contributes to intelligent software engineering by enabling 
automated and hardware-aware code optimization. It supports 
the development of efficient embedded systems with reduced 
computational resource requirements, benefiting applications 
such as IoT, healthcare devices, autonomous systems, and smart 
technologies. The research also promotes sustainable computing 
by improving system efficiency and resource utilization. 

The remainder of this manuscript is organized as follows: 
Section II presents the literature review, Section III describes the 
proposed framework architecture, and Section IV introduces the 
mathematical model for optimization. Section V discusses the 
algorithms, and Section VI presents the implementation details, 
while Section VII presents the experimental evaluation. Section 
VIII discusses the results, and Section IX concludes the study 
with future research directions. 

II. LITERATURE REVIEW 

A. Traditional Code Optimization Techniques 

Conventional optimization techniques that are used in the 
optimization of codes focus mainly on compiler-based 
techniques, which entail loop unrolling, dead code elimination, 
and inlining [14]. These methods are directed to enhance 
performance through alteration of the code during the 

compilation stage [15]. Loop unrolling is used to minimize the 
overhead of loop control, and dead code elimination is used to 
eradicate code that never gets executed to produce output, hence 
unnecessary computations. Inlining is the replacement of 
function calls by the body of the functions in order to get rid of 
the performance cost of calling functions [16]. Such 
optimizations are adapted to the relatively simple cases of 
applications whose complexity in code and environmental 
effects are relatively constant. The shortcomings of the 
traditional static optimization techniques are, however, 
immediately evident in cases of more dynamic and large-scale 
systems. The solution of static optimization does not provide the 
flexibility in response to the change inustome conditions, 
hardware, or different loads [17]. As an example, performance 
increases obtained by loop unrolling might not be realized with 
the same effectiveness in systems with a mixed hardware 
configuration, or they cannot be scaled effectively using multi-
threaded systems [18]. As a result of diversified and 
unpredictable workloads, dynamic optimization tools that adapt 
the system at runtime to real-time data and changing operating 
conditions have become more crucial for modern computing 
applications. Conventional optimization techniques mainly rely 
on compiler-based transformations and prior optimization rules 
that typically offer restricted flexibility across various software 
architectures and runtime scenarios. While machine learning-
based optimization methods have improved automated decision-
making, it is still challenging to generalize these models even 
with large datasets, and furthermore difficult to build 
interpretable models of complex software systems that can scale 
easily. A comparison of existing approaches without AI-based 
code optimization, along with their drawbacks, is shown in 
Table I. 

TABLE I.  COMPARATIVE ANALYSIS OF EXISTING AI-BASED CODE OPTIMIZATION APPROACHES 

Study Approach Methodology Key Contributions Limitations 

Traditional Compiler 

Optimization 

Rule-based transformations, static 

analysis, heuristic optimization 

Provides reliable optimization techniques 

such as loop transformation, dead code 
elimination, and instruction scheduling 

Limited adaptability for complex 
software systems; optimization 

decisions are predefined and lack 

learning capability 

Reinforcement Learning-

Based Code Optimization 

RL models for compiler parameter 

tuning and optimization sequence 
selection 

Enables automated exploration of 

optimization strategies and improves 
optimization decisions through feedback 

Requires extensive training data and 
computational resources; 

optimization decisions are difficult to 

interpret 

Machine Learning-Based 
Performance Prediction 

Supervised learning models using 
software metrics and execution features 

Predicts performance bottlenecks and 

identifies optimization opportunities using 

learned patterns 

Performance depends strongly on 

feature quality and training dataset 

diversity 

Deep Learning-Based 
Program Optimization 

Neural networks for code representation 
learning and optimization prediction 

Captures complex relationships among 
program structures and execution behavior 

High computational complexity and 
limited explainability reduce 

practical adoption 

AI-Assisted Code 

Transformation 

Automated generation and modification 

of optimized code segments 

Reduces developer effort by suggesting 

optimization actions 

Generated transformations may not 
always maintain optimal performance 

across different applications 

Explainable AI-Based 
Software Analysis 

XAI methods such as feature importance 
analysis and model interpretation 

Improves transparency of AI decisions and 
supports developer trust 

Explainability mechanisms introduce 
additional computational overhead 

 

1) AI and machine learning in code optimization: The 

development of Artificial Intelligence (AI) and Machine 

Learning (ML) has provided new opportunities in code 

optimization. One such use is in ML-based performance 

prediction, a machine learning model trained to estimate the 

time required to execute it, the amount of memory required to 

execute it, or other performance measurements [19]. Recent 

studies have explored reinforcement learning-based approaches 

for code optimization by learning optimization decisions 

through interaction with the execution environment and 

feedback signals. However, several other AI-based techniques, 

including supervised machine learning, deep learning, and 

evolutionary optimization methods, have also been investigated 

for improving software performance under different 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 9, 2026 

471 | P a g e  

www.ijacsa.thesai.org 

optimization objectives [20]. This will allow adaptive 

optimization, especially in dynamic systems where the 

performance requirements change. 

2) Scalability and resource-aware optimization: Scalability 

and optimization of resources based on resources have become 

important issues as software systems increase in size and 

complexity. The distributed and cloud systems performance 

tuning needs dynamic approaches which will be able to adapt 

to environmental variability, most of which is usually 

unpredictable [21]. Local machine optimizations might fail in a 

distributed system with much latency and bandwidth 

variability, as well as resource allocation. Such an environment 

as clouds is characterized by the varying availability of 

resources and therefore the need to optimize its resources over 

time and with each change. Additionally, optimization soon 

with a focus on energy efficiency and memory consciousness. 

The diverse landscape of computing platforms, spanning from 

resource-constrained mobile and edge devices to high-

performance computing clusters, has made clear the need for 

optimization techniques that can trade off energy consumption 

and memory utilization while preserving computational 

performance. The energy-efficient optimization approaches 

focus on improving resource utilization with acceptable 

execution quality, in particular for embedded and edge 

computing environments where hardware limitations are high. 

While prior work showed that AI-based optimization methods 

enable software performance improvements, several challenges 

have yet to be overcome. The existing machine learning-based 

approaches predominantly address optimization accuracy or 

execution improvement, but do not effectively account for the 

aspects of resource constraints, adaptability, and scalability. 

Additionally, a majority of AI-based optimization frameworks 

are black-box models that do not explain the rationale behind 

chosen optimization actions to developers. The absence of 

visible mechanisms for decision-making reduces users' trust 

and accounts for possible adoption failures in software systems 

that are required to be reliable. Table II presents the identified 

research gaps in existing approaches and highlights the 

contributions and novelty of the proposed adaptive AI-driven 

framework. 

TABLE II.  RESEARCH GAP ANALYSIS AND PROPOSED FRAMEWORK CONTRIBUTION 

Research Aspect Existing Approaches Identified Research Gap Proposed Framework Contribution 

Optimization Adaptability 
Most approaches depend on fixed rules 

or predefined optimization strategies 

Limited capability to adapt optimization 

decisions according to changing software 
characteristics 

Develops an adaptive AI-driven 

optimization mechanism using ML-
based decision prediction 

Performance Bottleneck 
Identification 

Existing methods mainly rely on 
manual profiling or static analysis 

Inefficient identification of complex 

performance issues in large software 

systems 

Uses machine learning models to predict 

optimization opportunities from code 

characteristics 

Resource Optimization 
Many studies focus mainly on 
execution speed improvement 

Limited consideration of memory 

consumption and CPU utilization during 

optimization 

Incorporates resource-aware 

optimization objectives for balanced 

performance improvement 

Scalability 
Existing optimization methods often 

evaluate small benchmark programs 

Limited validation for large and complex 

software systems 

Introduces scalability analysis to evaluate 

performance consistency with increasing 

code complexity 

Optimization Transparency 
Many AI-based approaches provide 
black-box optimization decisions 

Lack of explanation reduces developer 
confidence and adoption 

Integrates Explainable AI to provide 
interpretable optimization decisions 

Generalization Capability 
Models are often trained for specific 
programming environments or datasets 

Difficulty applying optimization models 
across diverse software systems 

Provides an adaptive framework 

designed for broader software 

environments 
 

3) Research gap: Although existing studies have confirmed 

the potential of AI techniques for software optimization, current 

approaches still lack a comprehensive framework that 

simultaneously addresses adaptability, resource awareness, 

scalability, and interpretability. Most of the existing 

optimization methods tend to either improve upon a very 

specific performance metric or provide automated 

recommendations on what ~should-be-done to optimize 

without thorough information on the drivers behind the selected 

optimization choices. Additionally, the use of optimization 

frameworks that dynamically adapt to different characteristics 

in each software while preserving transparency and 

interpretability has been less explored. This research proposes 

a new adaptive AI-powered code optimization framework 

incorporating Machine Learning and Explainable AI for large-

scale software systems to overcome these limitations. The 

proposed framework is distinct from existing work in that it 

synergistically integrates performance bottleneck 

identification, intelligent optimization strategy selection, 

resource-aware evaluation, scalability analysis, and explainable 

decision support within a single architecture. The integrated 

approach not only allows a focus on efficient optimization but 

also increases the transparency, reliability, and practicality of 

AI-assisted code optimization in complex computing 

environments. 

III. PROPOSED FRAMEWORK ARCHITECTURE 

1) Overall framework design: The proposed framework is 

set to automate and optimize the code optimization process via 

the incorporation of an integrated workflow of steps.
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Fig. 1. Proposed system framework design. 

The code ingestion and preprocessing stage represents the 
initial phase of the proposed framework, where source code is 
analyzed and transformed into a structured representation 
through parsing and normalization techniques. This transforms 
input heterogeneous code into a uniform code format to facilitate 
feature extraction and performance assessment. In the feature 
extraction and profiling stage, following the preprocessing, this 
step determines key performance indicators derived from the 
structure of our program as well as its execution behaviour. The 
features extracted are characteristics of control flows, data 
dependencies, patterns for memory utilization, and properties 
regarding execution behaviour or performance parameters 
related to hardware. Combined, these properties provide a 
holistic description of the software and hardware characteristics 
used by the optimization model to locate performance 

bottlenecks and choose appropriate optimization methods.  
Profiling tools are also used to understand the performance of 
the code under various conditions, and this allows for identifying 
the possible bottlenecks and inefficiencies. The high-level 
architecture shown in Fig. 1 shows the proposed code 
optimization framework. The framework revolves around the 
AI-based optimization engine. This engine uses machine 
learning models to forecast performance problems and 
suggestions. Using the collected past performance data and 
performance metrics, the engine is able to propose optimizations 
like changes in the algorithm, memory utilization, or even 
parallelization patterns. The machine learning models that 
would be applied in this step are altered to respond to various 
kinds of coding and optimization objectives to make the engine 
work in different cases. An explainability layer is added into the 
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framework in order to make the optimization decisions 
transparent and understandable. This layer exploits Explainable 
AI (XAI) methods to give human-readable explanations of the 
optimization decisions taken by the AI-based engine.  The 

explainability layer will enable the developers to understand the 
reasoning behind certain optimizations that have been chosen, 
which will build more confidence in the system.

 

Fig. 2. Framework workflow. 

Finally, the last element of the framework is to generate 
optimized code. Once the optimization decisions are made, the 
framework uses the possible transformations suggested to the 
source code to generate a version of the source code that is 
optimized. This code that has been generated is subjected to 
strict validation so that functional consistency remains intact and 
the performance-related improvements are achieved. 

2) Framework workflow: The process of the proposed 

framework is started by the source code analysis step, where the 

system analyzes the raw code and identifies the key features and 

calculates the performance features. This step points out areas 

where there might be a problem, e.g., inefficient loops, 

unnecessary calculations, or excessive use of memory. It is then 

followed by performance profiling, where the time spent by the 

code to run, its memory utilization, and all other pertinent 

metrics are measured. The performance measures of the code 

are obtained, and the profiling tools across various execution 

environments give a complete picture of the behaviour of the 

code in different conditions. During the candidate identification 

phase of optimization, the framework establishes certain areas 

within the code that could be optimized. This step entails 

comparing the profiling data with established patterns of 

inefficient code, where improvements that could be made on 

the optimization of performance could be identified. Upon 

identifying the candidates, mathematical assessment is 

conducted in order to determine the effect of different 

optimization approaches. There are some mathematical models 

that assess the trade-offs among all the various options, which 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 9, 2026 

474 | P a g e  

www.ijacsa.thesai.org 

can be in terms of execution time, memory consumption, and 

resource usage. This assists in choosing the most effective 

method of optimization. The workflow of the proposed code 

optimization framework is presented in Fig. 2 step by step. The 

framework will then move on to an AI-based optimization 

decision where machine learning algorithms will choose the 

most appropriate optimizations, depending on the candidates 

identified and the outcomes of the mathematical analysis. The 

process of decision-making is dynamic as it changes in 

response to the situation and the preference of the codebase. 

Lastly, there is the explainable feedback generation stage, 

which offers a human-readable explanation of the decisions 

made during optimization by AI. This feedback serves to notify 

the developers about the rationale behind the proposed changes 

and to make sure that the optimizations are directed towards 

acceptability of the desired performance goals. 

IV. MATHEMATICAL MODEL FOR CODE OPTIMIZATION 

The code optimization mathematical model is designed to be 
able to solve the problem of how to increase the efficiency of 
computer activities and reduce the consumption of resources, 
such as the time of execution, the amount of memory, and 
energy. The optimization process is defined in terms of a set 𝐶 =
{𝑐1, 𝑐2, … , 𝑐𝑛}, where each 𝑐𝑖 represents a code segment that 
can be analyzed and optimized. For each code segment, three 
key performance indicators are considered: 𝑻(𝑐𝑖), which 
denotes the execution time of the segment; 𝑀(𝑐𝑖),  which 
represents the memory consumption; and 𝑬(𝑐𝑖), the energy or 
resource cost associated with the segment. These parameters are 
crucial in evaluating the performance and resource requirements 
of each code segment. 

The goal of optimization is to lower the cost of computation 
whilst keeping the computation functional. The following 
equation gives this objective: 

𝑚𝑖𝑛 ∑ (𝛼𝑇(𝑐𝑖) + 𝛽𝑀(𝑐𝑖) + 𝛾𝐸(𝑐𝑖)
𝑛
𝑖=1                 (1) 

where, 𝛼, 𝛽, 𝛾 are weight factors that control the importance 
of execution time, memory, and energy in the optimization 
process. Such weights can be used to prioritize some of the 
performance metrics, according to the needs of the system. This 
is aimed at relaxing the total resource usage so that the code 
being optimized will be more efficient in these crucial 
parameters. To solve the optimization problem, a few 
restrictions are required to make sure that the application of code 
segments will not violate the system requirements. The 
functional equivalence constraint states that the optimal code 
will act in the same way as the original code, and this is 
mathematically defined as ending up as: 

𝑓(𝑐𝑖) = 𝑓(𝑐𝑖
′)                                    (2) 

where, 𝑓(𝑐𝑖)  and 𝑓(𝑐𝑖
′)  represent the functionality of the 

original and optimized code segments, respectively. Such a 
limitation ensures that the software does not change the desired 
functionality during optimization. In addition, the resource 
constraint can guarantee that the critical usage of the optimized 
code is less than a predetermined maximum amount: 

𝑀(𝑐𝑖
′) ≤ 𝑀𝑚𝑎𝑥                                  (3) 

where, 𝑀(𝑐𝑖
′)  is the memory consumption of the optimized 

code, and 𝑀𝑚𝑎𝑥  is the maximum allowable memory usage. 
Finally, there is the scalability constraint, which makes sure that 
the optimized code can scale accordingly without major 
performance loss. This is expressed as: 

𝑇(𝑐𝑖
′) ≤ 𝑇(𝑐𝑖) 𝑋 𝛿                                (4) 

where, 𝑇(𝑐𝑖
′)  represents the execution time of the 

optimized code, 𝑇(𝑐𝑖) represents the execution time of the 
original code, and 𝛿   is a scalability factor that defines the 
acceptable level of performance loss during optimization. An 
AI-based model is used to get the optimization choices of each 
code part considered taking into account the performance 
measurements and scalability characteristics. The decision 
formulated is the optimization decision as follows: 

𝑂(𝑐𝑖) = AI(T, M, E, S)                            (5) 

where, 𝑂(𝑐𝑖) represents the optimization decision for the 
code segment, and 𝑇, 𝑀 , and 𝐸  are the performance metrics 
(execution time, memory, and energy). 𝑆 symbolizes scalability 
properties, i.e. code size, and the multiple-core property, and 
such properties affect the optimization strategy. The proposed 
adaptive AI-driven code optimization framework is formulated 
as a multi-objective optimization problem that minimizes 
execution overhead while maximizing resource efficiency. The 
software program is represented as: 

𝑃 = {𝑋, 𝐹, 𝑅}                                           

where, 𝑋  represents extracted code features, 𝐹 represents 
functional characteristics, and 𝑅 represents resource utilization 
parameters. 

The optimization process transforms the original program P 
into an optimized version 𝑃∗: 

𝑃∗ = 𝑂(𝑃, 𝑆∗)                                               (6) 

where, O represents the optimization operation and 𝑆∗ 
represents the optimal optimization strategy. 

• Multi-Objective Optimization Function 

The optimization objective is defined as: 

min 𝐽 (𝑃) = 𝑤1𝑇 + 𝑤2𝑀 + 𝑤3𝐶                          (7) 

where: 

𝑤1 + 𝑤2 + 𝑤3 = 1                                  (8) 

𝑇 =
𝑇𝑒𝑥𝑒𝑐

𝑇𝑚𝑎𝑥

                                           (9) 

𝑀 =
𝑀𝑢𝑠𝑒

𝑀𝑚𝑎𝑥

                                      (10) 

𝐶 =
𝐶𝑃𝑈𝑢𝑠𝑒

𝐶𝑃𝑈𝑚𝑎𝑥

                                       (11) 

where 𝑇, 𝑀, 𝑎𝑛𝑑 𝐶  represent normalized execution time, 
memory consumption, and CPU utilization, respectively. 

The optimal solution is obtained by: 
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𝑃∗ = 𝑎𝑟𝑔
𝑚𝑖𝑛

𝑝𝑖 ∈ Ω
 𝐽(𝑃𝑖)                                       (12) 

where, 𝛺 represents the optimization solution space. 

• Machine Learning-Based Optimization Prediction 

The extracted software feature vector is represented as: 

𝑋 = [𝑥1, 𝑥2, 𝑥3, … … , 𝑥𝑛]                              (13) 

where features include: 

𝑋 = {𝐶𝐶, 𝐼𝐶, 𝐿𝐹, 𝐷𝑀, 𝑀𝐴}                                 (14) 

where: 

CC = cyclomatic complexity 

IC = instruction count 

LF = loop frequency  

DM = dependency metrics 

MA = memory access characteristics 

The ML model predicts optimization probability: 

𝑌 = 𝑓𝜃(𝑋)                                       (15) 

where, 𝑌  represents the predicted optimization class and 
𝑓𝜃   represents the trained AI model. 

The optimal optimization strategy is selected as: 

𝑆∗ =
𝑚𝑎𝑥

𝑆𝑖
 𝑃(𝑆𝑖|𝑋)                                (16) 

where: 

𝑃(𝑆𝑖|𝑋) =
𝑒 𝑧𝑖

∑ 𝑒𝑧𝑗𝐾
𝑗=1

                                     (17) 

• Performance Improvement Model 

Execution time improvement: 

∆𝑇 (%) =
𝑇𝑏 − 𝑇𝑏

𝑇𝑏

  𝑋 100                           (18) 

Memory reduction: 

∆𝑀 (%) =
𝑀𝑏 − 𝑀𝑎

𝑀𝑏

  𝑋 100                              (19) 

CPU utilization reduction: 

∆𝐶𝑃𝑈 (%) =
𝐶𝑃𝑈𝑏 − 𝐶𝑃𝑈𝑎

𝐶𝑃𝑈𝑏

  𝑋 100                      (20) 

where, subscripts 𝑏  and 𝑎 represent the values before and 
after optimization. 

Overall efficiency improvement: 

𝐸 = 𝛼∆𝑇 + 𝛽∆𝑀 + 𝛾∆𝐶𝑃𝑈                       (21) 

subject to: 

𝛼 + 𝛽 +  𝛾 = 1 

• Resource-Aware Optimization Model 

The resource utilization vector is defined as: 

𝑅 = [𝑟𝑐𝑝𝑢 , 𝑟𝑚𝑒𝑚 , 𝑟𝑖𝑜]                                (22) 

The resource efficiency function is: 

𝑅𝐸 =
𝑅𝑏 − 𝑅𝑎

𝑅𝑏

                                             (23) 

The optimization constraint is: 

𝑅𝑎 ≤ 𝑅𝑙𝑖𝑚𝑖𝑡                                                    (24) 

• Scalability Model 

The scalability factor is defined as: 

𝑆𝑐 =
𝑃𝑜𝑝𝑡(𝑛2)

𝑃𝑜𝑝𝑡(𝑛1)
                                                   (25) 

where, 𝑛1 and 𝑛2  represent different software sizes. 

Optimization stability: 

𝑆𝑡 = 1 −
|𝐸𝑛2 − 𝐸𝑛1|

𝐸𝑛1

                                         (26) 

where, 𝐸 represents optimization efficiency. 

• Explainable AI Model 

The contribution of each feature toward the optimization 
decision is represented as: 

𝐼𝑖 =
|𝜑𝑖|

∑ |𝜑𝑗|𝑛
𝑗=1

                                                     (27) 

where, 𝜑𝑗 represents the feature contribution value. 

The final AI optimization decision is expressed as: 

𝐷 = 𝑓𝜃(𝑋) + 𝑋𝐴𝐼(𝑋)                                        (28) 

This model makes sure that the optimization decisions are 
dynamic, flexible, and able to enhance the code performance 
without undermining the system resources integrity and 
functional correctness. 

A. Algorithms 

The following algorithms (Algorithm 1-4) define the most 
important stages in the optimisation procedure of a code, using 
machine learning and explainable AI to optimise its 
performance without jeopardising its functional qualities. 

Algorithm 1: Code Feature Extraction 

Input: Source Code Output: Feature Vector 

Steps: 

Parse the Abstract Syntax Tree (AST): Convert the source code into 
an AST, which shows the structure of the code. 

Extract Control Flow and Data Flow Features: Identify how control 
moves through the code (which parts are executed and in what order) 
and how data is passed between variables and functions. 

Compute Performance Metrics: Measure key performance factors 
like: 

𝑇(𝑐𝑖)  (Execution time of the code segment) 

𝑀(𝑐𝑖) (Memory usage of the code segment)  
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𝐸(𝑐𝑖) (Energy/resource cost of the code segment) 

Generate Feature Vector: Combine the extracted features and 
performance metrics into a structured feature vector: 

Feature Vector
= [𝑇(𝑐1), 𝑀(𝑐1), 𝐸(𝑐1), 𝑇(𝑐2), 𝑀(𝑐2), 𝐸(𝑐2), … … . . ]    (29) 

 
 

Algorithm 2: AI-Based Optimization Selection 

Input: Feature Vector Output: Optimization Strategy 

Steps: 

Load Trained Machine Learning Model: Load the pre-trained model 
that can predict which parts of the code need optimization. 

Predict Performance Bottlenecks: Use the feature vector to predict 
which parts of the code are inefficient. 

𝐁𝐨𝐭𝐭𝐥𝐞𝐧𝐞𝐜𝐤𝐢 = 𝐏𝐫𝐞𝐝𝐢𝐜𝐭(𝐓(𝐜𝐢), 𝐌(𝐜𝐢), 𝐄(𝐜𝐢)) 

Select Optimal Transformation: Choose the best optimization 
strategy for each identified bottleneck, such as reducing memory 
usage or improving execution time. 

Rank Optimization Candidates: Rank the possible optimizations by 
their potential to improve the code’s performance. 

Rank(O1, O2, O3, … )                                           (30) 
 

Algorithm 3: Explainable Optimization Mapping 

Input: Optimization Decision 

Output: Human-readable Explanation 

Steps: 

Identify Influential Features: Identify which features (like execution 
time, memory usage) most affected the optimization decision. 

𝐈𝐧𝐟𝐥𝐮𝐞𝐧𝐭𝐢𝐚𝐥 𝐅𝐞𝐚𝐭𝐮𝐫𝐞𝐬 = {𝐓(𝐜𝐢), 𝐌(𝐜𝐢), 𝐄(𝐜𝐢)}        (31) 

Apply XAI Technique (e.g., SHAP/LIME): Use an Explainable AI 
(XAI) technique to create an explanation for the optimization. 

𝐄𝐱𝐩𝐥𝐚𝐧𝐚𝐭𝐢𝐨𝐧 = 𝐗𝐀𝐈(𝐈𝐧𝐟𝐥𝐮𝐞𝐧𝐭𝐢𝐚𝐥 𝐅𝐞𝐚𝐭𝐮𝐫𝐞𝐬)            (32) 

Generate Explanation: Create a readable explanation of why a 
particular optimization was chosen. 

Map Explanation to Code Lines: Link the explanation back to 
specific parts of the code to show where the optimizations are 
applied. 

 

Algorithm 4: Optimized Code Generation 

Input: Selected Optimization Strategy 

Output: Optimized Code 

Steps: 

Apply Transformation Rules: Apply the selected optimization 
strategy to the code. 

Optimized Code = Apply Transformation(O)      (33) 

Validate Correctness: Ensure that the optimized code still behaves 
the same as the original. 

𝑓(𝑐𝑖) = 𝑓(𝑐𝑖
′)                  (34) (Functional equivalence) 

Reprofile Optimized Code: Measure the performance of the 
optimized code. 

𝑇(𝑐𝑖
′)𝑀(𝑐𝑖

′)𝐸(𝑐𝑖
′)             (35) 

(New performance metrics) 

Output Optimized Code: Output the final optimized version of the 

code, ready for execution. 

V. IMPLEMENTATION DETAILS 

The process of implementing the proposed code 
optimization framework implies several important technologies 

and tools. The framework has been developed mainly in Python, 
as it has a great number of support for machine learning and data 
analysis libraries. Also, components of the structure that demand 
high-performance implementation, such as memory-consuming 
activities or low-level system interactions, are instead done in C 
/ C++ so as to have maximum execution speed as well as 
resource control. Java is also applied when working with larger 
programs or adhering to enterprise-level programs, in which 
scalability and cross-platform compatibility are needed. The 
machine learning models utilized in the optimization process are 
Random Forests because of their capability to process large 
volumes of data and give strong predictions on performance. 
Pattern recognition of complex patterns in the code structure is 
done by the use of Neural Networks, and thus, the framework is 
also able to pick inefficiencies that the traditional models might 
not be able to pick. Also, Reinforcement Learning (RL) is 
incorporated to respond dynamically to real-time feedback to 
optimize the set of strategies to better fit its strategy as it learns 
over time through optimization. To profile the performance of 
the code, there are a number of profiling tools that are employed 
to collect the execution time, memory usage, and energy 
consumption information. Profiling tools of Embedded C/C++ 
code, gprof and Valgrind, are used, whereas Python code 
profiling is conducted by cProfile and line_profiler. The tools 
are used to identify bottlenecks in the performance and those 
parts of the code that consume a lot of resources and that need 
to be optimized. The machine learning models are trained based 
on a diverse dataset of an equally varied number of codebases, 
which provides a robust backbone for predicting performance 
issues across various programming languages and different 
architectures. To maintain transparency when optimizing the 
process, XAI libraries are introduced into the framework, such 
as SHAP and LIME. Such libraries give explainable results on 
the optimization choices, giving the developer explicit and 
comprehensible feedback about the rationale behind the removal 
of particular code optimizations, increasing the trust and 
usefulness of the framework to developers. 

VI. EXPERIMENTAL EVALUATION 

The effectiveness of the suggested code optimization 
framework is tested experimentally on the grounds of some 
major performance criteria. The reduction in execution time is 
the percentage of time that the optimized code executed faster 
than the original. This measure is essential to evaluate how fast 
the program can be implemented by the framework. The 
reduction in memory usage is measured by comparing the 
memory consumption prior to optimization and after it, and it is 
necessary to have minimum resource usage. CPU usage is also 
observed to make sure that the optimization process does not 
cause an increase in the level of computational overhead. The 
scalability of the proposed framework is evaluated by applying 
it to software systems with varying code sizes and complexity 
levels. This assessment examines the ability of the framework to 
maintain optimization effectiveness as the size of the codebase 
increases and as applications become more computationally 
demanding. The experimental evaluation is conducted using 
established benchmark datasets containing diverse applications, 
ranging from small-scale programs with limited computational 
requirements to large-scale systems with complex 
functionalities. This diversity enables a comprehensive 
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assessment of the optimization capability under different 
workload conditions. The experiments are performed on a multi-
core computing platform with sufficient memory resources 
using a Linux-based environment. The implementation supports 
widely used programming languages, including Python and 
Embedded C/C++, to evaluate the adaptability of the framework 
across different software development scenarios. Implementing 
the profiling and optimization process is done with the help of 
tools such as gprof, Valgrind, and cProfile, depending on the 
programming language one is doing. In order to determine the 
effectiveness of the proposed framework, the comparative 
analysis of the traditional compiler optimization approaches and 
the proposed AI-driven framework is conducted. Existing 
optimizations (e.g., loop unrolling, inlining, dead code 
elimination, etc.) are contrasted with the dynamic optimizations 
based on machine learning provided by the proposed 
framework. The findings show that the proposed method can 
produce substantial speed and memory space savings on 
activities and improve scalability, as this cannot be done using 
conventional approaches. 

VII. RESULTS AND DISCUSSION 

The code optimization framework, in terms of its 
experimental assessment, has established substantial 
performance gains in relation to a variety of indicators, such as 
the reduction of performance in terms of time performance, 
memory consumption, and CPU usage. The execution time 

reduction of different applications is presented in Fig. 3, wherein 
it is observed that there is a noticeable change in execution time 
optimization in all applications. The AI-based structure is better 
than the traditional optimization techniques, and the time 
reduction is up to 15-30. The strategies have been optimized, 
namely through memory management and algorithmic 
optimization, which helps in faster execution, as demonstrated 
by performance-intensive apps like "Image Processing" and 
"Machine Learning" among others. On the same note, Fig. 4 
indicates the amount of memory usage saved with the proposed 
framework. The findings suggest that memory usage is reduced 
significantly by 10-25% percentages amongst applications. 
Applications that are known to consume high levels of memory, 
such as in the case of Database Query and Web Server, are 
highly affected by optimizations such as data structure tuning 
and memory pooling. These optimizations allow a more efficient 
utilization of system resources, which eventually limits the 
memory pressure and avoids memory bottlenecks. Fig. 5 shows 
the CPU utilization of the pre-optimization and the post-
optimization. The smaller usage of CPU can be significantly 
mentioned, and the AI-based optimization methods can reduce 
CPU consumption by 15%. This is especially advantageous for 
long-running applications and applications with heavy load as it 
reduces the total amount of energy consumed by the system. 
Minimum use of CPU is also an indication that the framework 
is one that does not only optimizes performance but also 
minimises the cost of running the software application. 

 

Fig. 3. Execution time reduction (%). 
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Fig. 4. Memory optimization heatmap. 

 

Fig. 5. CPU utilization. 
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Fig. 6. Scalability with increasing code size. 

 

Fig. 7. Execution time vs memory usage (before vs after optimization). 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 9, 2026 

480 | P a g e  

www.ijacsa.thesai.org 

 

Fig. 8. Performance comparison: Traditional optimization vs AI-based optimization. 

TABLE III.  PERFORMANCE EVALUATION OF THE PROPOSED ADAPTIVE AI-DRIVEN OPTIMIZATION FRAMEWORK 

Application Type 

Baseline 

Execution Time 

(s) 

Optimized 

Execution Time (s) 

Execution Time 

Improvement (%) 

Memory Usage 

Before (MB) 

Memory Usage 

After (MB) 

Memory 

Reduction (%) 

Image Processing 100 80 20.0 500 400 20.0 

Sorting Algorithm 100 80 20.0 550 465 15.5 

Database Query 100 76 24.0 650 570 12.3 

Machine Learning 100 73 27.0 950 850 10.5 

Web Server 100 68 32.0 1100 950 13.6 

Average Performance 
Gain 

100 75.4 24.6 750 647 14.4 

 

The scalability analysis shown in Fig. 6 reveals that the 
framework has the capability to scale with code size. Although 
the classic-based optimization methods have a tendency to incur 
diminishing returns, the given AI-based system progressively 
improves in terms of execution time, despite a correspondingly 
rising code size. This means that the framework can support 
large-scale applications, and both small and large-sized datasets 
are optimized. The AI model adjusts to the code size increase 
and changes optimization tactics, which provide performance 
improvements with scale. Table III presents the performance 
evaluation of the proposed adaptive AI-driven optimization 
framework across different application domains. The results 
demonstrate improvements in execution time and memory 
consumption, with an average execution time reduction of 
24.6% and memory reduction of 14.4%. The framework 
achieves the highest performance improvement for web server 
and machine learning applications due to effective bottleneck 
identification and adaptive optimization strategy selection. 

Fig. 7 and Fig. 8 have the advantage of developers in terms 
of explainability. Functionalities of the AI model that allow 
explaining why specific optimizations are selected offer a clear 
understanding of why some are selected. Fig. 7 would compare 
the execution time and memory consumption prior to the 
optimization and after the optimization so that the developers 
would be able to see the physical results of the modifications. In 
Fig. 8, a comparison between the traditional and the AI-based 
framework can be done and this clearly visualizes the increase 
in performance. The explainable optimization mapping method 
shows the developers how the decisions were made, and this 
increases confidence in the framework. This openness is 
essential to adoption, particularly with the production of any 
type of code where the developer must guarantee data integrity 
and reliability of the optimized code. 

Table IV compares the proposed framework with existing 
optimization approaches based on execution efficiency, memory 
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optimization, CPU utilization reduction, and adaptability. The 
proposed ML and XAI-based framework achieves superior 
performance with a 30% execution time reduction, 25% 
memory reduction, and 15% CPU utilization improvement. The 
results confirm that integrating adaptive learning and 
explainable decision-making provides better resource-aware 
optimization than conventional approaches. 

Table V presents the scalability evaluation of the proposed 
framework under varying code sizes and complexity levels. The 
results demonstrate that the framework maintains consistent 
optimization performance as software complexity increases, 
achieving up to 28% improvement in execution efficiency for 
larger codebases. The improvement in optimization prediction 

accuracy and the availability of interpretable decision insights 
further confirm the effectiveness of integrating Machine 
Learning with Explainable AI for scalable code optimization. 
Despite these encouraging results, some limitations were 
identified during the experimental evaluation. The performance 
of the AI-driven optimization framework is highly influenced by 
the quality, diversity, and representativeness of the training data 
used for model development. In cases where the characteristics 
of target applications significantly differ from the training 
samples, the selected optimization strategies may not achieve 
the expected performance improvements. Therefore, expanding 
the training dataset with diverse software patterns and hardware 
configurations is necessary to improve the generalization 
capability of the framework. 

TABLE IV.  RESOURCE UTILIZATION AND COMPUTATIONAL EFFICIENCY COMPARISON 

Optimization Method 
Execution Time 

Reduction (%) 

Memory 

Reduction (%) 

CPU Utilization 

Reduction (%) 

Resource Efficiency 

Score (%) 

Optimization 

Adaptability 

Traditional Compiler Optimization 12.5 8.0 6.5 9.0 Limited 

Rule-Based Optimization 18.0 11.5 9.0 12.8 Moderate 

Machine Learning-Based Optimization 24.0 18.0 12.5 18.2 High 

Deep Learning-Based Optimization 27.0 21.0 14.0 21.5 High 

Proposed Adaptive AI + XAI Framework 30.0 25.0 15.0 23.3 Very High 

TABLE V.  SCALABILITY AND AI OPTIMIZATION CAPABILITY EVALUATION 

Code Size (KB) 
Traditional Optimization 

Execution Time (s) 

Proposed AI Optimization 

Execution Time (s) 

Performance 

Improvement (%) 

Optimization Prediction 

Accuracy (%) 

XAI Decision 

Transparency 

10 100 80 20.0 88 Medium 

20 200 150 25.0 90 High 

30 300 220 26.7 92 High 

40 400 290 27.5 93 High 

50 500 360 28.0 94 Very High 

Average 300 220 25.4 91.4 - 
 

Also, although this framework has high scalability 
capabilities with most applications, performance improvements 
might begin to level off with large-scale systems or applications 
that have complicated non-standard architecture. More studies 
need to be done to upgrade the AI models in order to deal with 
such cases in a better way. Finally, the computational cost of 
XAI (Explainable AI) may become complex, but in many cases, 
it is offset by the advantages of interpretability. 

VIII. CONCLUSION 

The proposed adaptive hardware-aware AI-driven code 
optimization framework demonstrates effective improvements 
in embedded computing performance through the integration of 
Machine Learning and Explainable AI techniques. The proposed 
framework integrates software-level characteristics with 
hardware resource parameters to identify optimization 
opportunities and determine appropriate optimization strategies. 
Experimental results demonstrate improvements in embedded 
system performance, achieving up to 30% reduction in 
execution time, 25% reduction in memory consumption, and 
approximately a 15% reduction in CPU utilization, thereby 
confirming the effectiveness of the framework in enhancing 
computational efficiency and enabling resource-aware 
optimization. The scalability evaluation further shows that the 

framework maintains consistent optimization performance as 
code complexity increases, supporting its applicability in 
resource-constrained embedded environments. Moreover, the 
integration of Explainable AI improves the transparency of 
optimization decisions by providing insights into the 
contribution of software and hardware features, allowing 
developers to better understand and trust AI-assisted 
optimization outcomes. However, the framework's performance 
remains dependent on training data quality and may vary across 
different embedded architectures and hardware configurations. 
Future research will focus on extending the framework for 
heterogeneous embedded platforms, incorporating additional 
hardware-aware parameters such as energy consumption and 
cache utilization, and developing lightweight AI models for real-
time deployment. These enhancements will further improve the 
adaptability, efficiency, and practical applicability of AI-driven 
optimization solutions for next-generation embedded computing 
systems. 
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  X =  { C C ,   I C ,   L F ,   D M ,   M A }                                                                   ( 14 )


  Y =   f  𝜃  ( X )                                                                               ( 15 )


  Y


    f  𝜃      


    S ∗ =    m a x   S i   P  (  S i |  X )                                                                 ( 16 )


  P  (  S i |  X ) =     e    z  i    ∑  j = 1  K    e    z  j                                                                           ( 17 )


  ∆ T    ( % ) =     T  b −   T  b    T  b     X   100                                                       ( 18 )


  ∆ M    ( % ) =     M  b −   M  a    M  b     X   100                                                             ( 19 )


  ∆ C P U    ( % ) =     C P U  b −   C P U  a    C P U  b     X   100                                             ( 20 )


  b


  a  


  E = 𝛼 ∆ T + 𝛽 ∆ M + 𝛾 ∆ C P U                                               ( 21 )


  𝛼 + 𝛽 +   𝛾 = 1


  R =  [   r  c p u ,     r  m e m ,     r  i o ]                                                                 ( 22 )


  R E =     R  b −   R  a    R  b                                                                                           ( 23 )


    R  a ≤   R  l i m i t                                                                                                       ( 24 )


    S  c =     P  o p t (   n 2 )    P  o p t (   n 1 )                                                                                                       ( 25 )


    n 1


    n 2  


    S  t = 1 −    |   E  n 2 −   E  n 1 |    E  n 1                                                                                   ( 26 )


  E  


    I  i =    |   𝜑  i |    ∑  j = 1  n   |   𝜑  j |                                                                                                           ( 27 )


    𝜑  j


  D =   f  𝜃  ( X ) + X A I  ( X )                                                                                 ( 28 )


  T  (   c  i )  


  M  (   c  i )


  E  (   c  i )


  Feature   Vector =  [ T  (   c 1 ) ,   M  (   c 1 ) ,   E  (   c 1 ) , T  (   c 2 ) ,   M  (   c 2 ) ,   E  (   c 2 ) , … … . . ]         ( 29 )


  𝐁 𝐨 𝐭 𝐭 𝐥 𝐞 𝐧 𝐞 𝐜 𝐤 𝐢 ​ = 𝐏 𝐫 𝐞 𝐝 𝐢 𝐜 𝐭 ( 𝐓 ( 𝐜 𝐢 ​ ) , 𝐌 ( 𝐜 𝐢 ​ ) , 𝐄 ( 𝐜 𝐢 ​ ) )


  Rank  ( O 1 ​ , O 2 ​ , O 3 ​ , … )                                                                                       ( 30 )


  𝐈 𝐧 𝐟 𝐥 𝐮 𝐞 𝐧 𝐭 𝐢 𝐚 𝐥   𝐅 𝐞 𝐚 𝐭 𝐮 𝐫 𝐞 𝐬 =  { 𝐓  ( 𝐜 𝐢 ​ ) , 𝐌  ( 𝐜 𝐢 ​ ) , 𝐄  ( 𝐜 𝐢 ​ ) }                 ( 31 )


  𝐄 𝐱 𝐩 𝐥 𝐚 𝐧 𝐚 𝐭 𝐢 𝐨 𝐧 = 𝐗 𝐀 𝐈  ( 𝐈 𝐧 𝐟 𝐥 𝐮 𝐞 𝐧 𝐭 𝐢 𝐚 𝐥   𝐅 𝐞 𝐚 𝐭 𝐮 𝐫 𝐞 𝐬 )                         ( 32 )


  Optimized   Code = Apply   Transformation  ( O )             ( 33 )


  f  (   c  i ) = f  (     c  i ′ )                                     ( 34 )


  T  (     c  i ′ ) M  (     c  i ′ ) E  (     c  i ′ )                            ( 35 )

