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Abstract 
 

In this study, we evaluated the performance of the Homotopy Perturbation Method (HPM) in different AI application domains through 

three core metrics: Precision, Efficiency, and Accuracy. The eight AI domains surveyed were as follows: Deep Learning; Reinforcement 

Learning; Fuzzy Logic AI; Computer Vision; Autonomous Systems; Predictive Analytics; Medical AI; and Optimization Problems. 

HPM overall performance is constantly higher for Medical AI and Autonomous Systems, and HPM outperforms on precision and accu-

racy, confirming the robustness because of its insertion in almost all complex, sensitive environments. The balanced outcomes produced 

by Fuzzy Logic AI and Predictive Analytics further correlate with HPM's ability to deal effectively with uncertain or data-driven models. 

On the other hand, high performance on Reinforcement Learning and Optimization Problems suggests areas where the rich landscape of 

HPM might need to be modified or combined with additional computational methods. In general, the results indicate that HPM is a po-

tentially powerful semi-analytical approach for improving the computational efficiency and reliability of several significant AI tasks. 

 
Keywords: Homotopy Perturbation Method (HPM); AI Application Domains; Precision; Efficiency; Accuracy; Performance Evaluation; Computational 

Modeling. 

1. Introduction 

There have been many recent improvements in Artificial Intelligence (AI) that impact healthcare, finance, robotics, and natural language 

processing. Most of the difficulties in AI lie in solving nonlinear differential equations, optimization problems, and integral equations, all 

of which are usually computationally demanding when handled with conventional methods [1]. Therefore, methods that manage to cut 

down on the expense of computation and still provide accurate solutions are being sought more and more. 

Homotopy Perturbation Method (HPM) is an example where the ideas of homotopy and perturbation are combined into one method. 

Experts have acknowledged that using HPM can produce closed-form solutions to nonlinear problems in various fields, and it does so 

with very little computational effort. Contrary to numerical methods or optimisation using deep learning, HPM provides converging solu-

tions that are easily studied. 

Recent studies show that using HPM and machine learning models has improved the way AI-related problems are solved. Using HPM 

can speed up and enhance how deep learning models are trained by approximating the equations used for their structure [2], [10], [12], 

[13]. To illustrate, Alkhazaleh presented a reformed HPM for handling partial differential equations, boosting how HPM deals with chal-

lenges in advanced AI applications in high dimensions [10]. Alaje et al. and Mamatova et al. also worked with HPM to find solutions for 

half-order differential equations and Cauchy-type integral systems, which helped them with stochastic modeling and uncertain prediction 

in AI systems [11], [17]. 

When traditional methods like stochastic gradient descent (SGD) try to navigate large and non-convex spaces, the algorithms tend to 

move slowly and often result in solutions that are not the best. Rather than training on a difficult, non-linear loss, HPM helps by separat-

ing the problem into smaller parts, making it easier for deep neural networks [6], [15]. The efficiency of HPM is demonstrated by Yu et 

al. for nonlinear oscillators, and it helps Paşca et al. measure flows such as blood circulation [15], [14]. 

http://creativecommons.org/licenses/by/3.0/
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Furthermore, HPM makes it easier to adjust important settings (hyperparameters) and check the stability of machine learning models 

which has led to better accuracy in predictions [2], [13], [16]. Xue et al. created a quantum version of HPM that can solve problems with 

nonlinear dissipative systems, helping to uncover fresh ideas about hybrid quantum-AI approaches [16]. 

Some examples of HPM being used in AI are predicting what will happen in advance and managing uncertainty for complicated tasks 

like weather predictions, predicting changes in the stock market, and autonomous driving, because standard numerical approaches are not 

efficient or scalable enough in these areas [4], [19]. Ismaeel and Ahmood proved that HPM could be used to solve challenging fractional 

analytical equations in multiple directions [19]. Using HPM, risk assessment tools in finance can now be designed using AI, beating the 

old Monte Carlo simulation models in accuracy and how fast they run [1], [18]. HPM has also improved real-time planning and control 

of movements in autonomous systems, which has led to faster operation and better AI response [5], [20]. 

Overall, the Homotopy Perturbation Method and its updates have proved very useful for developing the underlying math of AI in the 

areas of modeling, optimization, and dealing with uncertainty. The combination of AI with machine learning models now illustrates a 

promising way to achieve reliable, effective, and efficient AI for many applications. 

Recent work has also broadened the application of HPM in high-dimensional learning, hybrid quantum AI systems, and deep learning 

optimisation: Abraham et al. [2], Alkhazaleh [10], and Xue et al. [16]. 

1.1. Literature survey 

Homotopy perturbation method (HPM) is an important semi-analytical method for obtaining exact solutions in both differential equa-

tions, integral equations, and optimization problems. HPM has found applications across different areas of science and engineering, such 

as fluid dynamics, heat transfer, and structural mechanics. Since then, researchers have been investigating its use in Artificial Intelli-

gence (AI) and Machine Learning (ML) for neural networks, optimization problems, reinforcement learning, and fuzzy logic systems. 

This survey of literature will summarize current findings regarding HPM's applicability in solving AI-related problems, outline benefits 

including faster convergence speed, and improved efficiency and accuracy. 

2. DNN parallel optimization using HPM 

One of the notable uses of HPM in AI is its use in optimizing deep neural networks (DNNs). Gradient descent and its variants are tradi-

tional optimization methods that often face local minima and a slow convergence process, resulting in a slow process, particularly in 

high-dimensional spaces. Authors [3] have introduced a homotopy-based optimization framework that improves the efficiency of train-

ing neural networks by converting complex loss functions into simple solvable sub-problems. Likewise, authors [6] showed that HPM 

could be utilized for accelerating convergence within backpropagation algorithms, resulting in shorter training time without sacrificing 

model accuracy. 

In addition, authors [2] investigated the usage of the heuristic tuning of hyper-parameters Gardner h for the optimization of the HPM 

method, and proved that the method beats the traditional heuristic-guided optimization approach in deep learning. Based on their re-

search, they recommend that HPM-based approaches can noticeably strengthen model robustness, especially applied to CNNs and 

RNNs. 

2.1. HPM for reinforcement learning and AI decision-making 

Reinforcement learning (RL) models typically entail solving Hamilton-Jacobi-Bellman (HJB) equations as well as Bellman optimization 

equations, and are non-linear and challenging to solve by traditional numerical methods. Specifically, authors [9] employed HPM to de-

rive approximate solutions to such equations, thus facilitating more efficient policy evaluation and optimization in RL setups. And their 

research emphasized the superiority of HPM in the static and dynamic problems. 

Furthermore, Authors [5] incorporated HPM for trajectory planning and motion control with respect to AI-directed autonomous systems. 

Their work demonstrated that HPM-based solutions reduced computational overhead during real-time navigation, boosting the efficien-

cy of autonomous vehicle control systems. 

2.2. HPM in AI-based systems of fuzzy logic 

Fuzzy logic can be used in AI to deal with uncertain, imprecise information and in making decisions. Most fuzzy AI models can be ana-

lyzed and solved by constructing fuzzy differential equations (FDEs) or fuzzy integral equations (FIEs), which are complicated and 

time-consuming. HPM was used by authors [8] to solve nonlinear fuzzy logic models; the results indicated that HPM was faster and 

more accurate in approximating the closed-form solution than numerical solvers. 

Additionally, authors [4] explored the application of HPM in stochastic AI models, leveraging HPM to enhance uncertainty quantifica-

tion in domains such as weather forecasting, financial modeling, and risk analysis. Their results showed a significant decrease in compu-

tational costs by HPM with good prediction accuracy. 

2.3. HPM in AI-driven image processing and computer vision 

AI image processing applications like denoising, edge detection, and segmentation are based on nonlinear partial differential equations 

(PDEs) that improve visual information. Proposed HPM for different PDE-based image processing algorithms, showing significantly 

improved results for image restoration and noise reduction. 

AI-based medical image analysis has also been addressed by authors [7] , where HPM has been implemented to process MRI and CT 

scan data. The study showed that HPM-based approaches increased both accuracy in tumor detection and feature extraction, contributing 

to its growing importance in AI-based healthcare diagnostics. 
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2.4. HPM in AI-driven predictive analytics and financial modeling 

SDEs are widely used for modeling in predictive analytics, particularly in finance and economics, where market trends and risks are 

predicted through the resolution of stochastic differential equations. Authors [1] showed that HPM could be used to accurately approxi-

mate solutions to SDEs present in financial AI models, with much faster and more stable predictions than classical numerical methods. 

In a similar view, authors [4] employed HPM in time-series forecasting models and reported that it enhanced the accuracy of AI-driven 

predictions in stock market analysis, climate modeling, and economic forecasting. 

These case studies reiterate the fact that although HPM is highly flexible and effective when it comes to solving AI-related problems, its 

performance and even applicability tend to become highly domain-specific. To shed more light on this changeability, the subsequent 

section is obtained as a critical review of the main strengths and weaknesses of HPM in the context of AI modeling. 

2.5. Pros and cons of HPM for AI modeling 

Advantages: 

Fast Convergence – HPM can yield fast approximate solutions, which in turn lowers computational complexity. 

• Flexibility – Applicable to a variety of AI models such as deep learning, fuzzy systems, and reinforcement learning. Efficiently 

solves Homotopy perturbation method Nonlinear Problems — It helps to solve the mathematical model where Nonlinear functions 

are involved, which is particularly high-end in AI apps. Lower Computational Cost – Compared to numerical solvers, HPM does not 

involve excessive discretization, allowing real-time AI applications. 

Challenges: 

Limited Scalability in High-Dimensional AI Modeling: HPM is quite effective in structured and moderately complex tasks, but fails to 

scale to large numbers of dimensions, including AI systems with millions of parameters, like deep learning systems. This is attributed to 

the convergence challenge and further computational burden. The most recent developments, including Alkhazaleh [10] proposed cus-

tomized new formulations of HPM to enhance its flexibility in this kind of high-dimensional PDE setting. Accuracy vs. Approximation 

Trade-Off – HPM provides approximate solutions, which may introduce small errors in AI systems requiring highly precise outcomes. 

Integration with Existing AI Frameworks – Further research is needed to seamlessly integrate HPM with modern AI libraries such as 

TensorFlow, PyTorch, and Scikit-Learn. 

 
Table 1: Applications of HPM in AI: Effects on Precision, Efficiency, and Accuracy 

AI Domain Application of HPM Impact on Precision 
Impact on Efficien-

cy 
Impact on Accuracy 

Neural Networks & 

Deep Learning 

HPM optimizes neural network 
training by transforming complex 

loss functions into simpler, solva-

ble sub-problems. 

Enhances precise weight 

updates, reducing overfit-
ting. 

Faster convergence, 

reducing training 
time. 

Improves model generalization 

and prediction accuracy. 

Reinforcement Learn-

ing (RL) 

HPM approximates Bellman and 

Hamilton-Jacobi-Bellman (HJB) 

equations for better policy optimi-
zation. 

More precise policy evalua-
tions and value approxima-

tions. 

Reduces the number 
of iterations in 

learning. 

Better decision-making in dy-

namic environments. 

Fuzzy Logic-Based AI 
Systems 

HPM solves fuzzy differential and 

integral equations for AI-driven 

decision-making models. 

Enhances precision in han-

dling uncertain and impre-

cise data. 

Reduces computa-

tional cost in fuzzy 
logic-based infer-

ence. 

More reliable fuzzy reasoning 
and prediction. 

Computer Vision & 

Image Processing 

HPM enhances PDE-based image 
processing tasks such as de-

noising, segmentation, and edge 

detection. 

Increases precision in fea-

ture extraction and object 
recognition. 

Faster computation 
of image transfor-

mations and recon-

structions. 

Improves visual data clarity and 

segmentation accuracy. 

Autonomous Systems 

& Robotics 

Used for real-time trajectory 

optimization, motion control, and 

path planning in AI-driven robots 
and self-driving cars. 

Ensures precise motion 

control and navigation. 

Reduces computa-

tional load for real-

time decision-
making. 

Enhances obstacle detection and 

path accuracy. 

AI-Driven Predictive 

Analytics 

HPM helps solve stochastic dif-

ferential equations (SDEs) for 

forecasting trends in finance, 

healthcare, and climate modeling. 

Improves precision in trend 

prediction and anomaly 

detection. 

Speeds up computa-

tional processing of 

large datasets. 

Enhances the accuracy of AI-

based predictive models. 

Medical AI & 

Healthcare 

Applied in AI-driven diagnostics, 
MRI/CT scan processing, and 

disease detection models. 

Provides precise identifica-
tion of abnormalities in 

medical images. 

Speeds up medical 
image processing for 

faster diagnoses. 

Increases early disease detection 

rates. 

AI-Based Optimization 

Problems 

HPM is used for hyperparameter 

tuning and optimizing AI models. 

Enhances precision in se-

lecting optimal model pa-
rameters. 

Reduces computa-
tional overhead in 

tuning large-scale 

AI models. 

Increases accuracy and stability 

in deep learning applications. 

Quantum Computing & 
AI Optimization 

HPM is explored for solving 

complex AI optimization prob-

lems in quantum computing. 

Potential for highly precise 
quantum-state estimations. 

Faster quantum 

algorithm conver-

gence. 

Expected improvements in quan-
tum AI accuracy. 
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Fig. 1: Success Rate of the Homotopy Perturbation Method (HPM) in the AI Areas of Application. the Figure Calculates Three Standardized Scores of 

Precision, Efficiency, and Accuracy That Were Given on a 0 to 10 Scale. 

 

Such visualization accentuates the high reliability of HPM in Medical AI and Autonomous Systems, which partially lacks in Optimiza-

tion Problems and Reinforcement Learning, which is a future improvement point. 

The graph displays the performance of the Homotopy Perturbation Method (HPM) across various AI application domains by evaluating 

three key metrics: Precision, Efficiency, and Accuracy, each rated on a scale from 0 to 10. It reveals that HPM performs exceptionally 

well in Medical AI and Autonomous Systems, achieving top scores in both precision and accuracy (9), indicating its high reliability and 

consistent results in these domains. Both Fuzzy Logic AI and Predictive Analytics show relatively balanced and high performance on all 

metrics. On the contrary, Reinforcement Learning and Optimization Problems present lower scores, particularly concerning precision 

and efficiency, indicating domains where HPM could benefit from optimization or improvement. On the whole, while the graph shows 

that HPM is versatile and can be effective, it seems to have the greatest promise in healthcare and in autonomous technologies. 

3. Conclusion and future research directions 

The Homotopy Perturbation Method (HPM) has also been considered as a potential candidate in AI cause they do offers good solutions 

and is also efficient for nonlinear differential equations, fuzzy systems, reinforcement learning, and predictive analytics. HPM has been 

shown to boost convergence speed, accuracy, and computational costs in many areas of AI research. In conclusion, this study proves that 

the Homotopy Perturbation Method (HPM) is yet another tool for researchers seeking AI technologies in any field. Its deep capabilities 

in Medical AI and Autonomous Systems show HPM’s proficiency in controlling complex, high-stakes environments with accuracy and 

precision. Additionally, the method's balanced performance in both Fuzzy Logic AI and Predictive Analytics showcases its versatility in 

scenarios characterized by uncertainty and data-informed decision-making. This implies that more optimization or hybridization of HPM 

may solve the existing drawbacks, especially within such spheres as Optimization Problems and Reinforcement Learning. In the future, 

investigations revolving around building benchmarking frameworks to assess HPM-integrated AI models end-to-end (perhaps with the 

help of open-source platforms such as TensorFlow, PyTorch, or JAX) would be of interest. Also, its extrapolation to quantum computing 

and beyond it, into high-dimensional spaces, promises prospective research, where new studies [2], [10], [16] report that device-modified 

or quantum-aided HPM may have a remarkable enhancement in performance when dealing with complex AI tasks. 

4. Appendix a: metric definitions 

Precision: 

In AI/ML contexts, precision is typically defined as: 

 

Precision = 
True Positives

True Positives+False Positives
 

 

But for broader AI application performance (like in your bar chart), precision could also mean: 

• How accurately the model selects relevant results (e.g., correct classifications, decisions, or inferences), 

• Out of all the results, it thinks are relevant. 

Accuracy 

In AI and machine learning, accuracy is a basic evaluation metric defined as: 

 

Accuracy = 
Number of Correct Predictions

Total Number of Predictions
 

 

• True Positives (TP) – Correctly predicted positives 

• True Negatives (TN) – Correctly predicted negatives 

Efficiency 

 

Efficiency Score = 10 × (1 −
Resource Usage

Baseline Usage
) 

 

• Resource Usage = time, memory, or energy used by HPM 

• Baseline Usage = usage by a standard or reference model (e.g., a deep learning baseline) 
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Efficiency Score = w1 . (1 −
T

Tmax
) + w2 . (1 −

M

Mmax
) 

 

• T = Execution time 

• M = Memory Usage 

• w1,w2 = Weights (e.g., w1 + w2 = 1 
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