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ABSTRACT
	Aim: This study integrates the Asymptotic Iteration Method (AIM) with Machine Learning (ML) models to enhance the prediction of vibrational energy levels in diatomic molecules. Traditional quantum mechanical methods, while accurate, are computationally demanding. This study aims to determine whether ML models can approximate these calculations efficiently while maintaining high accuracy.
Methodology: The vibrational energy levels of Li₂, CN, and CO molecules were computed using AIM within the Morse potential framework. Three ML models—Random Forest (RF), Gradient Boosting (GB), and Support Vector Regression (SVR)—were trained using AIM-derived datasets. The models were evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R² score to assess their predictive performance. 
Results: SVR demonstrated the highest predictive accuracy, achieving a R² score of 0.999650, the lowest MAE and RMSE values of 0.124391 and 0.158412 respectively, outperforming RF and GB. The results indicate that ML models, particularly SVR, can effectively approximate AIM calculations with minimal error. Furthermore, 3D potential energy surface visualizations confirmed the strong agreement between ML and AIM predictions, validating the reliability of ML-based approaches.
Conclusions: This study demonstrates that ML can serve as an efficient and scalable alternative to traditional quantum mechanical methods for predicting vibrational energy levels. The findings have implications for computational chemistry, spectroscopy, and materials science by reducing reliance on computationally intensive calculations. However, the study is limited by data generalization, as accuracy depends on the diversity of the training dataset. Future work should focus on expanding datasets, integrating deep learning techniques, and exploring hybrid AIM-ML models to improve generalizability and predictive robustness.
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1.0 INTRODUCTION
Diatomic molecules, consisting of two atoms, exhibit quantized vibrational energy levels governed by the Schrödinger equation. The Morse potential, introduced as a model for describing vibrational energy in such systems (Omoriwhovo et al., 2022), has become fundamental across multiple disciplines, including molecular physics, chemical physics, quantum chemistry, materials science, and solid-state physics (Barakat & Abodayeh, 2006; Yang et al., 2022). Traditionally, vibrational energy levels are calculated using first-principles or semi-empirical quantum mechanical approaches, such as Hartree-Fock theory, density functional theory (DFT), perturbation theory, vibrational self-consistent field (VSCF), vibrational configuration interaction (VCI), vibrational coupled cluster (VCC) theory, variational methods, supersymmetric quantum mechanics, and factorization methods (Christiansen, 2007; Omoriwhovo et al., 2022). While these methods provide an elaborate theoretical framework, their high computational cost and poor scalability with increasing system size pose significant challenges, particularly for complex systems (Jensen, 2017).
Recent advancements in machine learning (ML) offer a promising alternative to accelerate quantum chemical calculations and predict molecular properties with high accuracy. Studies indicate that ML models can achieve predictive accuracies comparable to or even surpassing those of DFT (Faber et al., 2017). Various ML methodologies, including kernel ridge regression, random forests, and neural networks, have been employed to predict electronic and energetic properties of organic molecules, utilizing molecular representations such as Coulomb matrices, bag-of-bonds, and graph-based methods (Hansen et al., 2015; Faber et al., 2017). These approaches use large datasets and sophisticated algorithms to approximate solutions to the Schrödinger equation without the need for direct computation, significantly reducing computational costs (Manzhos, 2020). However, challenges remain regarding the transferability of molecular representations, model generalization across materials, and ensuring reproducibility (Rupp, 2015; Aldossary et al., 2024).
Despite these advancements, ML models often lack physical interpretation and generalization due to their reliance on empirical features. Many existing models function as black-box systems that do not explicitly incorporate fundamental quantum mechanical principles (Bikmukhametov & Jäschke, 2020). This limitation underscores the necessity of integrating physics-based features into ML frameworks to enhance both interpretability and predictive accuracy.
One promising approach involves incorporating the Asymptotic Iteration Method (AIM) as a source of physically meaningful molecular descriptors to improve ML-based predictions of vibrational energy levels. Within the Morse potential framework, AIM has demonstrated effectiveness in characterizing vibrational energy spectra for diatomic molecules (Apanavičius et al., 2021; Omoriwhovo et al., 2022). In a hybrid AIM-ML framework, ab initio calculations provide high-quality training data and fundamental physical insights, while ML models refine these predictions by identifying subtle patterns and correlations in the data (Huang & von Lilienfeld, 2021). This integration mitigates limitations such as poor extrapolation and restrictive spatial locality assumptions that commonly affects conventional ML approaches (Fedik et al., 2023). The development of physics-informed structural representations is critical for constructing efficient and universally applicable models for predicting molecular properties (Musil et al., 2021).
Hybrid modeling, physics-informed ML, and model calibration techniques further enhance accuracy and efficiency by embedding mechanistic information within data-driven models (Bradley et al., 2022). These methodologies have been successfully employed in diverse areas of chemistry, including the construction of potential energy surfaces, molecular dynamics simulations, and property prediction. The fusion of ML and ab initio techniques has significantly advanced computational catalysis, overcoming the limitations of traditional molecular simulations for complex systems (Orupattur et al., 2020). This study extends these hybrid approaches to the prediction of vibrational energy levels, investigating whether AIM-derived parameters can refine ML-based energy level predictions for diatomic molecules.
2.1 THEORETICAL FRAMEWORK
2.1.1 Numerical formalism of the Asymptotic Iteration Method 
The Morse potential have been one of the most helpful and convenient models and this provides a qualitative description of the interaction between two atoms in a molecule. From analysis, it has been shown that the rotational energy of a molecule is far smaller than the vibrational energy and so, in a very pure Morse potential model the rotational energy of a molecule is being omitted (Barakat and Abodayeh,2006; Gyuk et al, 2019; Omoriwhovo et al., 2022). Thus, we begin with the Schrodinger equation for one-dimension given by;
					(2.1)

where E represents the energy eigenvalues and  is the Morse potential function in one dimension given as;
						(2.2)
where is the dissociation energy, xe is the equilibrium inter-nuclear distance of a diatomic molecule, is the reduced mass and is an adjustable parameter. The Morse potential has a minimum value at  and it asymptotically approaches De as . 
To solve the Schrodinger equation, we introduce the Morse’s substitution, i.e. ,

The Schrodinger equation in equation (2.1) becomes
						(2.3)
Rewriting the derivatives of equation (2.3) using , we obtain
					(2.4)
Expanding the   term and dividing through by , we obtain
				(2.5)
Let 

Equation (2.5) can be reexpressed as 
				(2.6)

Equation (2.6) can be solved by introducing the ansatz 
								(2.7)
This results to,
			(2.8)
where s is a parameter to ensure the correct asymptotic behavior and  is related to the energy.
To solve equation (2.3) we express it in the general AIM form
							(2.9)
where
					(2.10)
On differentiating both sides of equation (2.5) with respect to  repeatedly, a recursion expression is obtained . This is given as 
				(2.11)
For sufficiently large n, the asymptotic method requires that 
 						(2.12)
Equation (2.12) provides the quantization condition for solving the eigenvalues iteratively.
2.1.2	Analytical Formalism  of the Vibrational Energy levels using AIM

The energy eigenvalues (En) for the Schrodinger equation with the Morse potential were calculated using the equation (2.12). To generate this energy spectrum En, the equation (2.12) is first solved for En where the iteration should be terminated by applying a condition as a rough calculation to equation (2.12).
On the other hand, for each iteration, the expression

,					(2.13)
where the expression above depends on En and . The calculated En by means of this condition should, however be independent of the choice of . Nevertheless, the choice of  is observed to be critical only to speed the convergence to En, as well as for the stability of the process.
In this study, our best starting value for  is the value at which the effective potential of equation (2.9) takes its minimum value, that is when =1 (Barakat and Abodayeh, 2006; Gyuk et al, 2019; Omoriwhovo et al., 2022). Thus, at the end of the iterations, =1, the generalized results of the AIM for En   for  is given as
							(2.14)
For different values of n the equation (2.14) can be given for n=0,1,2,3…;
								(2.14a)
								(2.14b)
								(2.14c)
Thus, the exact energy eigenvalues of the Morse potential are;
							(2.15)
where En is the vibrational energy levels of  the system.
3.0 METHODOLOGY
This study employed a systematic approach to assess the effectiveness of machine learning (ML) models in predicting the vibrational energy levels of diatomic molecules. The methodology is structured into distinct stages, including data collection and preprocessing, model selection, evaluation, and implementation.
3.1 Data Collection and Preprocessing
The vibrational energy levels of three diatomic molecules were computed using the Asymptotic Iteration Method (AIM) within the Morse potential framework. The Schrödinger equation was solved for each molecule to derive the potential energy surface (PES), from which vibrational energy levels were extracted using the harmonic oscillator approximation. The dataset comprises diatomic molecules in various electronic states, as detailed in Table 1 (Majedifar & Islampour, 2012). Prior to model training, the dataset was cleaned by removing outliers and inconsistencies, and missing values were imputed using regression techniques. The data was subsequently partitioned into training and test sets, with an 80:20 split to ensure robust model evaluation.
Table 1 Basic molecular data used for the numerical computation of the energy eigenvalues of the Morse potential (Majedifar and Islampour, 2012)
	Molecule
	Electronic State
	


	

	

	

 

	

	


	8541
	2.67328
	0.867
	351.43

	
	

	8434.5
	2.936
	0.6698
	270.12

	
	

	8940
	3.10821
	0.616
	255.47

	CN
	

	76600
	1.17182
	2.32
	2068.59

	
	

	55200
	1.2333
	2.30
	1812.5

	
	

	53900
	1.15
	2.88
	2163.9

	CO
	

	88575.905
	1.128323
	2.3423473
	2169.813

	
	

	29704.287
	1.2353
	2.830202
	1518.2


 3.2 Machine Learning Models
A selection of ML models was employed to compare predictive performance across different algorithmic approaches. Linear Regression (LR) was used as a baseline model to establish a linear relationship between molecular parameters and vibrational energy levels (Fransson et al., 2019). Support Vector Machines (SVM), incorporating non-linear kernels such as the radial basis function, were applied to capture complex data relationships (Du et al., 2024; Mohammed & Mahdi, 2024). Gradient Boosting Regressors, an ensemble learning method, were also implemented to aggregate multiple weak learners (typically decision trees) into a strong predictive framework (Fafalios et al., 2020; Chintala, 2019). Each model was trained using the preprocessed dataset, with hyperparameter tuning performed via a validation set.
3.3 Model Evaluation
The predictive performance of each machine learning (ML) model was evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the R² score. These metrics collectively assess the accuracy and reliability of the models, with MAE quantifying the average absolute deviation between predicted and actual vibrational energy levels, RMSE captures the magnitude of prediction errors, and the R² score measures the proportion of variance explained by the model. 
3.4 Implementation 
 The ML models were implemented using Python and its associated scientific computing libraries, such as scikit-learn. While accuracy, reliability, and computational speed are crucial in model selection, accessibility and ease of use of the programming language remain key considerations in emerging economies (Akpojotor et al., 2010; Akpojotor and Ehwerhemuepha, 2012).
4.0 RESULTS AND DISCUSSION
The study presents an integration of the Asymptotic Iteration Method (AIM) with Machine Learning (ML) models—Random Forest (RF), Gradient Boosting (GB), and Support Vector Regression (SVR)—for predicting the vibrational energy levels of diatomic molecules (Li₂, CN, and CO). Figures 1–3 illustrate the comparison between AIM-computed and ML-predicted vibrational energy levels for Li₂, CN, and CO. The results obtained from the ML models agrees closely with the AIM derived results with high precision which supports the hypothesis that data-driven methods can approximate physics-based numerical approaches when trained on sufficiently rich datasets  (Sturm et al., 2020; Jamali et al., 2021). The ML approximation closely aligns with the AIM results obtained by Omoriwhovo et al. (2022) using the framework of Morse potential to obtain the vibrational energy spectra of diatomic molecules.
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Figure 1: Comparison of AIM and ML Predictions for Diatomic Molecule using Random Forest Regression
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Figure 2: Comparison of AIM and ML Predictions for Diatomic Molecule using Gradient Boosting
[image: ]
Figure 3: Comparison of AIM and ML Predictions for Diatomic Molecule using Support Vector Machine
The ability of ML models to align with the AIM predictions lies on the quality and diversity of the input data. The input features—Dissociation Energy (D), Equilibrium Bond Length (x₀), Anharmonicity Constant (γ), and Vibrational Frequency (w)—are the fundamental molecular parameters that define vibrational behavior. The effectiveness of MinMax scaling in normalizing these features ensures that the models generalize well across different molecular systems.
Recent studies have emphasized the importance of feature engineering in machine learning applications for quantum mechanics ( Janet & Kulik, 2017; Dral, 2020; Zhang et al., 2023).The present work aligns with these findings, demonstrating that proper feature normalization and selection significantly improve ML model performance in molecular property prediction.
Table 2 presents the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R² Score for each ML model emphasising on the model performance comparison for predicting the vibrational energy of the diatomic molecules.The results obtained indicated that SVR outperforms the other models,with the lowest MAE and RMSE values of  0.124391 and 0.158412 respectively and the highest R² score of 0.999650.This suggests a near-perfect alignment with AIM predictions as observed in studies by Omoriwhovo et al.(2022).
Table 2: Model Preformace Comparison for Predicting the Vibrational Energy of Diatomic Molecules
	Model 
	Mean Absolute Error (MAE)
	Root Mean Square Error (RMSE)
	R2 Score

	Random Forest
	0.653578
	0.790309
	0.991288

	Gradient Boosting
	0.383333
	0.485214
	0.996716

	Support Vector Regression
	0.124391
	 0.158412
	0.999650


The out performance of SVR model can be attributed to its ability to effectively transform nonlinear relationships into linear through kernel-based methods (Dhhan et al., 2018). Recent studies have demonstrated the effectiveness of support vector regression (SVR) in modeling various chemical and physical properties with mininal error (Nguyen, 2019;Tawfik et al., 2019)., making it an ideal choice for vibrational energy level predictions.
Gradient Boosting (GB), while slightly less accurate than SVR, still provides a strong predictive performance. This is consistent with its well-known advantages capturing complex dependencies and interactions among variables, even in high-dimensional datasets (Zhang et al., 2019).  Random Forest (RF), while still accurate, exhibits higher MAE and RMSE, likely due to its ensemble nature, which may not fully capture the smooth functional relationship between molecular parameters and energy levels. 
Figure 4 depicts the  3D visualizations of potential energy surfaces (PES) for the diatomic molecules. These plots show how energy levels change with internuclear distance, providing understanding about the molecular stability and anharmonicity effects of the diatomic system.
The Random Forest, Gradient Boosting and SVR models were successfully in reproducing the curvature of AIM-derived energy surfaces, indicating their potential as reliable approximators of physical energy landscapes. Similar ML-driven potential energy surface reconstructions have been reported in the literature  (Han et al., 2021; Tao et al., 2022)., reinforcing the role of ML in accelerating quantum mechanical calculations and predictions for molecular system
[image: ]
Figure 4: 3D Potential Energy Surface of the Diatomic Molecules
5.0 CONCLUSION
This study have successfully integrated the Asymptotic Iteration Method (AIM) with Machine Learning (ML) models to predict the vibrational energy levels of diatomic molecules. The results obtained demonstrated that ML models, particularly the SVR model, achieved the highest accuracy, with a R² score of 0.999650 which closely aligned with AIM predictions. The results confirms that ML can serve as an efficient and low cost computational alternative to traditional quantum mechanical methods. The broader implications of this study extend to accelerating quantum chemistry and quantum mechanical calculations, reducing reliance on high-cost ab initio simulations, and enabling real-time predictions of molecular properties in larger chemical and material systems. The findings have practical applications in spectroscopy, materials science, and computational chemistry, where rapid and reliable vibrational energy estimations are important. However, the study is limited by model generalizability, as predictions remain dependent on training data quality and molecular diversity. Future research should focus on using larger datasets, incorporating deep learning approaches, and exploring hybrid AIM-ML frameworks to enhance model robustness and extend applications to more complex molecular systems.
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