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Abstract - Deep learning is ideally suited for modelling nonlinear potential-energy surfaces, expressing quantum-
mechanical interactions, and expanding chemical compound space research. Given the presence of hidden layers,
neural networks do more effective predictive analyses as the neural network employs the multiple hidden layers to
improve prediction accuracy. There is a requirement for precise potentials that can swiftly repeat high-quality results
since the interactions in force fields are represented by a variety of different functions. In this work, we strive to
investigate the representation of Potential Energy Surfaces, a crucial component of chemical dynamics, using neural
networks. We developed neural network models that can be applied widely to fit one-dimensional data and two-
dimensional potential energy surfaces separately. Our methodology concludes different key analytical outcomes as well
as crucial future directions that aim to strengthen the potential of chemical dynamics and machine learning.
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_____________________________________________________________________________________________________

I. INTRODUCTION
Chemical dynamics include the Potential Energy Surface PES. It demonstrates how the (relative) position of the atom affects

the potential energy of a chemical system.[1] The Lennard- Jonnes (LJ) and Morse potentials (MP) are the two traditional pair
potentials utilized in modelling. Each has two movable parameters and comprises of a short-range repulsion and a long-range
attraction. The Morse potential energy function has the following formula: V(r) = D(1−e−a(r−re))2. Here, re denotes the
equilibrium bond distance, while r denotes the distance between the atoms, D is the optimal depth (determined in relation to the
dissociated atoms), and a determines the potential's width (the smaller the value of a the larger the well). Because it clearly
accounts for the consequences of bond breakage, such as the existence of unbound states, it provides a more accurate
representation of the vibrational structure of the molecule than the quantum harmonic oscillator. Additionally, it considers the
non-zero transition probability for overtone and combination bands as well as the anharmonicity of real bonds.

A straightforward extension of Morse potential energy function (See Figure 1(a)) comes from adding a second
configuration-space dimension, referred to as the 2-dimensional Morse potential. Similarly, the Lennard-Jonnes (LJ) potential
(See Figure 1(b)) has the form V = E[(/r)−12 - (σ/r)−6] . The (σ/r)−6 cohesion is based on Van der Waals interactions, while the
e−ar is motivated by a screened Coulomb potential. The repulsive terms were invented Ad Hoc [2].

Figure 1. (a)Morse potential with D = 7.10e−19J and β = 1.8e+10, and (b) Lennard Jonnes potential with E = 3.180 meV and σ
= 2.928˚A
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The fitting of PES has come up as an essential application of machine learning. Curve fitting essentially involves finding a
function G(q) which would help us in finding the value of our function F(q) at an unknown q. To fit the data to this analytical
function, we use the linear least square method. In the linear least squares method, we aim to minimize the sum of the squares of
the errors with respect to a set of chosen parameters [3].

Using a Neural Network (NN) to fit curves gives us a better way to describe complex potentials and allows us to take those
potentials into many dimensions. The operation of a biological neuron serves as a model for neural networks. Like neurons, the
neural networks transmit information from one node to another, and the output is then received based on the input information's
weighted value and the transfer function in use. A computing unit known as a node, also known as a neuron or perceptron, has
one or more weighted input connections, a transfer function that somehow mixes the inputs, and an output connection.

Node layers make up artificial neural networks (ANNs), which have an input layer, one or more hidden layers, and an output
layer. Each artificial neuron, or node, has a threshold and weight associated with it and is connected to other artificial neurons.
Any node whose output rises above the specified threshold value is activated and starts sending information to the top layer of
the network. Otherwise, no data is sent to the next tier of the network. After the neural network has been created using training
data, the weights are modified using the "Back Propagation of Errors" or BPE method. In order to offer the least amount of loss,
the weights in this approach are adjusted in a certain way after each iteration. Each artificial neuron, or node, is connected to
others and has a weight and threshold that go with it. Any node whose output exceeds the defined threshold value is activated
and begins providing data to the network's uppermost layer. Otherwise, no data is transmitted to the network's next tier. For our
purposes, the weights are changed using the "Back Propagation of Errors" approach after the neural network has been built
using training data. The weights in this strategy are changed to minimize loss after each repetition.

However, to use a neural network for curve fitting, the right set of hyperparameters (activation function, number of hidden
layers, number of hidden layer nodes, learning rate) must be determined. These parameters aid in the creation of a model that
would provide the best fit and minimal loss. Sometimes, the selection of a certain hyperparameter has a significant impact on
the loss and can be crucial when creating a neural network model for our unique situation. Trial and error can be time-
consuming and uses more computer power. This issue might be greatly simplified by an analytical function that could
recommend the required number of hidden layers and the number of nodes within each one.

In this work, we studied the effect of these hyperparameters on the curve fitting problem and come up with several
significant conclusions which would get us close to designing an analytical function that would be a better fit to the respective
curves.

Table 1. Full form of in-text abbreviations

Abbreviation Full Form

PES Potential Energy Surface

LJ Lennard- Jonnes

MP Morse Potentials

NNs Neural Networks

ANNs Artificial Neural Networks

BPE Back Propagation Error

ELU Exponential Linear Unit

Figure 2. (a) 2D Morse potential with parameter values De = 100, k = 200, re = 1, and (b) Double 2D Morse potential with
parameter values De = 100, k = 200, re = 1. The upper panel has b = 3, and the lower panel has b = 5
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SELU Scaled Exponential Linear Unit

ReLU Rectified Linear Unit

Tanh Hyperbolic Tangent

AF Activations Functions

NN Neural Networks

II. LITERATURE REVIEW

Building a suitable mathematical function that has the best fit for a series of data points is the process of "curve fitting" [5],
[6], [7]. The fitted curves can be used to summarize the relationships between two or more variables and to infer the values of a
function in the absence of data. The curve fitting function is typically expressed as y =f(x) [3]. The polynomial of nth order,
where n is the dimension of the data set, serves as the curve's representation for multidimensional data sets. Finding the proper
coefficients for the multi-dimensional polynomial thus becomes the solution to the curve fitting problem [8]. Many curve fitting
issues have been solved using Artificial Neural Networks (ANNs). ANNs typically exhibit higher performance capabilities than
more conventional approaches [9]. ANNs are quicker and may learn from their experiences to improve their performance and
adapt to their surroundings. They are made up of numerous algorithms that are frequently employed on diverse streams for
issues like categorization, prediction, and machine learning [57], [58].

Backpropagation, a well-known supervised learning technique, is commonly used to train artificial neural networks to make
precise predictions [10], [11]. In order to reduce the error between the target value and the actual output value, it continuously
updates the weight values that are established by input-output mappings. The weight values are iteratively calculated using the
gradient descent technique [12]. Utilizing activation functions, the result of the (n-1)th layer is passed on to the nth layer. There
are many different activation processes, which can be classified as linear or nonlinear. Linear functions are denoted in
mathematics by the formula f(x) = axe + b [13]. Sigmoid, Tanh, or Leaky, Rectified Linear Unit, and Hyperbolic Tangent ReLU
are examples of nonlinear activation processes [14]. Non-linearity greatly aids in the creation of the graph smooth and facilitates
generalization by the model or modifications using a range of data, and distinguishing between the results [15].

Neural Network
The basic building blocks of the neurological system are neurons, which are nerve cells. Dendrites and axon terminals in the

brain serve as connections between neurons. In the majority of neurons, a voltage gradient that results in an all-or-nothing pulse
known as an action potential initiates the signal traveling from the dendrites and soma to the axons. Neural networks (NN) are
built on this neuronal mechanism. An entity known as the node, which is comparable to animal neurons, is specified in NN. A
number of nodes are linked together and exchange information with one another (See Figure 3). The NN is made up of a
network of nodes [59]. There is a weight and a direction to every link. The way the nodes are connected allows the NN to tackle
a variety of issues, including curve fitting. The input layer, hidden layer(s), and an output layer of NN typically comprise three
sets of nodes, and information flow takes place in this specific order [16].

Figure 3. Schematic diagram of a NN developed for a 2-Dimensional Function

ML Approaches in Computational Materials Science
ML is employed in many disciplines, including science, engineering, and social science, and it could be useful in many

future stages of the development process. Machine learning is the process of computer learning without human input. For
instance, in geostatistics, ML has been used to calculate the concentration or quality of ore in relation to mine location [17].
Without human oversight, handwritten records can be converted into a digital format using pattern recognition [18]. In order to
find new medications and forecast their behavior, biologists employ machine learning (ML). Other applications of ML include
forecasting the weather [19], classifying data from remote sensors [20], and predicting traffic [21]. There are several uses for
ML in chemistry. It has been applied to create force fields [22], predict and correlate material properties [23], and find new
targeted compounds [24]. Particularly in response dynamics, ML has been utilized to analyze data from dynamic simulations
and estimate the potential energy surface (PES) [25-27].

Several sorts of ML system types can be created using various standards. Depending on whether it can train progressively, it
can be classified as either an online or a batch system [28–30]. A machine learning system is classed as an instance-based model
if it predicts outcomes by contrasting fresh data with archived data. On the other hand, a system is referred to as model-based if
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a predictive model is built using training data [31]. Whether ML systems require human supervision is another method to
classify them. Based on these criteria, ML systems can be divided into four categories: reinforced, semi-supervised,
unsupervised, and supervised [32–34].

When labels are only provided for a portion of the data, semi-supervised models could also be employed in computational
materials science studies. In the case of property prediction problems, for instance, results for unlabeled data can be predicted
with a fair amount of accuracy once a model has been trained on the labeled data. Robotics, self-driving automobiles, and board
games have been where reinforcement learning has been most widely applied. Further research must be done on how this model
might be used to computational materials science. Training instance, hypothesis, hyperparameter, cost function, feature, and
target are a few of the notations used in ML and ANN. The input training data are represented by the training instance. The
training dataset consists of a collection of training cases. The hypothesis is the solution to a particular mathematical problem.
The model's performance is measured by the cost function, which can be optimized by changing the hyperparameters. The input
values for ML models come from features, which are frequently referred to as descriptors or input neurons in ANN. The model's
learned prediction of one or more values is the target, which corresponds to the output neurons in an ANN. The complexity of
the chosen hypothesis should be comparable to the complexity of the underlying data for the best generalization. Underfitting
will be a problem if the hypothesis is insufficient to explain the data [35–37].On the other hand, if the selected hypothesis is
extremely complex, the model will overfit since it will learn from both the data's inherent trend and noise [38–40]. When
selecting a model, it is important to carefully take into account the complexity of the hypothesis, the complexity of the training
data, and the generalization performance on new examples [41–43].

Machine Learning PESs
For creating PESs or determining other attributes of unidentified chemicals or structures, machine learning (ML) techniques

have grown in popularity recently [44–47]. Such methods enable computers to discover patterns in data without explicit
programming [48], i.e., it is not necessary to add chemical knowledge to an ML model. For instance, there is no need to make
assumptions about bonding patterns. For PES construction, acceptable reference data, which are often derived from ab initio
calculations, include energy, forces, or both. Nonparametric and not constrained to a particular functional form, ML-based PESs
are. The majority of machine learning techniques used to build PES are either kernel-based or rely on artificial neural networks
(NNs). Both variations make use of the ability to linearize many nonlinear issues, such as forecasting energy from nuclear
locations, by mapping the input to a (typically higher-dimensional) feature space [49]. The kernel trick [50–52], which enables
operating in an implicit feature space without explicitly computing the coordinates of data in that space, is used by kernel-based
methods to operate in that space.

III. METHODOLOGY

We have chosen the one-dimensional Morse and Lennard-Jonnes potential to solve our curve fitting problem. After
achieving favourable results, we switched to the 2-dimensional PES and tried to determine the best match for the 2-D Morse
potential (See Figures 2(a) and 2(b)). We have made an effort to fit the PES using a neural network model. Various hidden layer
numbers and neuronal topologies were used in the tests. The hidden layers of the neural network function abstractly. A set of
weighted inputs are applied to each hidden layer neuron, and an activation function is used to produce an output. We have
chosen the one-dimensional Morse and Lennard-Jonnes potential to solve our curve fitting problem. After achieving favorable
results, we switched to the 2-dimensional PES and tried to determine the best match for the 2-D Morse potential (See Figures
2(a) and 2(b)). We have made an effort to fit the PES using a neural network model. Various hidden layer numbers and neuronal
topologies were used in the tests. The hidden layers of the neural network function abstractly. A set of weighted inputs are
applied to each hidden layer neuron, and an activation function is used to produce an output. The activation functions that are
employed have the following definitions:

We also looked into how our outcomes changed with various learning rates and activation functions in order to account for
all the controllable variables (AF). The learning rate hyperparameter regulates how much to change the model each time the
weights are updated in response to the expected error. It frequently fluctuates between 0.0 and 1 with very little positive value.
By computing the weighted total and applying a bias to it, activation functions are essential in deciding whether a neuron should
be engaged or not. They also provide non-linearity to a neuron's output.

Here, α is 1.0

ELU =
�, � > 0

α(exp(x)− 1), � ≤ 0

SELU =
λx, � > 0

λα(exp(x)− 1), � ≤ 0
Here, α (1.67326324) and λ (1.05070098) are pre-defined constants.

ReLU = max (x, 0)

Tanh =
exp(x) − exp( − x)
exp x + exp(− x)

The input is transferred to the hidden layer, the next layer in a neural network, during training. As processing takes place in
the hidden layers through a system of weighted connections, nodes in the hidden layer combine data from the input layer with a
set of coefficients and apply suitable weights to inputs. The activation function of each node is then multiplied by the total of
these input-weight products to determine how far a signal must travel through the network before it affects the output. The
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hidden layers are linked to the output layer, which is where the outputs are retrieved. This projected output is compared to the
actual output in order to determine the prediction error. The magnitude of error indicates how wrong we are in our prediction.

The training method aims to constantly update these weights in order to lower the loss value. To do this, the "Back
Propagation of Errors Method" is employed. Backpropagation occurs when an error spreads from the output back to the inputs;
hence, the name. The neural network receives one data point at a time while having access to the entire training set. This is what
we refer to as one era. We break the epoch into multiple smaller batches since it is too big to be sent to the computer all at once
and updating the weights with a single pass or one epoch is insufficient. As the number of epochs increases, the neural network's
weight is changed more frequently, and the curve moves from an underfitting to an optimal to an overfitting state. Once the
training step is finished, the neural network may be used to predict the value of our function at an upcoming unknown point.

Our model is trained with 10,000 training epochs and assessed for under- and overfitting. The remaining 80% of the data are
used for training, while the remaining 20% are used for validation. In order to assess the model's precision, we applied a loss
function. Since N is the total number of training points, the loss is equal to the mean square error in this instance.

Loss = i=1
N ytrue− ypred 2�

N

All these hyperparameters are varied and the model is trained with each combination. A loop is designed to execute the
desired logic. The different number of neurons in the hidden layer, learning rates, and activation functions that are tried are
mentioned below:

• Hidden layer 1: [ 5, 10, 20, 30, 40, 50]
• Hidden layer 2: [ 5, 10, 20, 30, 40, 50]
• Hidden layer 3: [ 5, 10, 20, 30, 40, 50]
• Learning rates: [0.1, 0.01, 0.001, 0.0001]
• Activation Function: [SELU, ELU, ReLU, Tanh]

IV. RESULTS

The model is trained using all the different combinations as discussed in the above methodology section. This section will be
representing the significant inferences and results for the combination which showed the best fit and minimum loss throughout
the model.

Morse Potential
For the fitting of the Morse potential the neural network is trained with a minimum of one hidden layer and a maximum of

three hidden layers. The number of neurons in each hidden layer is varied according to the earlier mentioned loop
hyperparameters and each combination is checked for best fit and minimum value of a loss (See Figure 4 and Figure 5). The
best results displayed below are obtained using the ReLU activation function and a combination of two hidden layers (See Table
2).

Figure 4. Variation of loss with change in activation function and learning rate. 1: SELU, 2: ELU, 3: ReLU, 4: Tanh

Figure 5. Fitted Morse potential using ReLU activation function with 5 nodes in each hidden layer with a learning rate of 0.01
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Table 2.Matrix representing the loss with different combination of nodes in hidden layer. Columns represent hidden layer 1
and rows represent hidden layer 2. Activation function - ReLU, Learning rate - 0.01

Nodes 5 10 20 30 40 50

5 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37

10 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37

20 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37

30 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37

40 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37

50 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37 4.13e-37

Leonard Jonnes Potential
For the fitting of the Lennard Jonnes potential the neural network is trained with a minimum of one hidden layer and a

maximum of three hidden layers. The number of neurons in each hidden layer is varied according to the earlier mentioned loop
hyperparameters and each combination is checked for best (See Figure 6).

A fit and minimum value of a loss. For this particular potential, there is no specific combination that provides the best
results (See Table 3) and we have displayed the combinations that gave better fit and minimum lossreating PESs or
determining other attributes of unidentified chemicals or structures, machine learning (ML) techniques have grown in
popularity recently [44–47]. Such methods enable computers to discover patterns in data without explicit programming [48].

Figure 6. Fitted Lennard Jonnes potential using ReLU activation function with 100 nodes in hidden layer 1 and 50 nodes in
hidden layer 2 with a learning rate of 0.1.

Table 3. Best results using different combinations, where the learning rate in all the trials is 0.1

Activation
Function

Nodes in First
Hidden Layer

Nodes in Second
Hidden Layer Loss

ReLU 5 5 0.0116
ReLU 50 25 1.25e-4
ReLU 50 50 5.63e-5
ReLU 100 50 2.35e-5
ReLU 500 250 1.04e-4
ReLU 500 500 7.77e-5
ELU 100 50 1.57e-4
SELU 100 50 8.71e-4

2D Morse Potential
For the fitting of the 2D Morse potential the neural network is trained with a minimum of one hidden layer and a maximum

of three hidden layers. The number of neurons in each hidden layer is varied according to the earlier mentioned loop hyper-
parameters and each combination is checked for best fit and minimum value of a loss (See Figure 7 and Figure 8). The best
results (See Table 3) are displayed below are obtained using the ELU activation function and a combination of two hidden
layers with 10 nodes and 50 nodes respectively.
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Figure 7. Variation of loss with change in activation function and learning rate. 1: SELU, 2: ELU, 3: ReLU, 4: Tanh

Figure 8. Fitted 2D Morse potential using ELU activation function with 40 nodes in hidden layer 1 and 10 nodes in hidden
layer 2 with a learning rate of 0.01

Table 4. Matrix representing the loss with different combinations of nodes in the hidden layer. Columns represent hidden
layer 1 and rows represent hidden layer 2. Activation function - ELU, Learning rate o f 0.01

Nodes 5 10 20 30 40 50
5 4096.60 3.62 8085.57 3987.36 7.61 0.85
10 3.86 5.01 96.55 14.15 0.11 4043.13
20 0.52 9.17 19.79 6.19 0.92 5.52
30 11.76 0.48 0.50 0.49 1.04 1.74
40 8.81 9.76 3989.19 2.20 17.02 3.76
50 5.47 57.13 12.13 0.74 1.41 180.81

Double 2D Morse Potential
For the fitting of the double 2D Morse potential the neural network is trained with a minimum of one hidden layer and

maximum of three hidden layers. The number of neurons in each hidden layer is varied according to the earlier mentioned loop
hyperparameters and each combination is checked for best fit and minimum value of a loss (See Figure 9 and Figure 10). The
best results displayed below are obtained using ELU activation function and a combination of two hidden layers with 10 nodes
and 50 nodes respectively (See Table 5).

Figure 9. Variation of loss with change in activation function and learning rate. 1: SELU, 2: ELU, 3: ReLU, 4: Tanh
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Figure 10. Fitted Double 2D Morse potential using ELU activation function with 40 nodes in hidden layer 1 and 40 nodes in
hidden layer 2 with a learning rate of 0.01

Table 5.Matrix representing the loss with different combinations of nodes in the hidden layer. Columns represent hidden layer
1 and rows represent hidden layer 2. Activation function - ELU, Learning rate of 0.001

Nodes 5 10 20 30 40 50
5 1.92 5.09 9.21 5.78 3.96 4.56
10 7.96 8.51 8.67 0.51 0.57 1.10
20 5.54 8.03 0.85 0.07 0.04 0.06
30 0.37 0.01 0.02 0.08 0.01 1.81
40 0.14 0.04 0.07 0.12 0.007 0.07
50 0.03 8.13 0.05 0.11 0.12 0.03

V. CONCLUSION

The potential energy surface (PES) shows how the position of an atom affects the potential energy of a chemical system.
Curve fitting has become a crucial application of machine learning because all it requires is finding a function G(q) that will
help us figure out the value of our function F(q) at an unknown q. We improve the way we characterise complex potentials and
expand them into multiple dimensions by fitting curves with a neural network. In order to help with the development of an
analytical function, we attempt to examine how these hyperparameters affect the curve fitting situation in our study. To resolve
our curve fitting issue, we have picked the 1-dimensional Morse and Lennard-Jonnes potential. Exponential linear unit (ELU),
scaled exponential linear unit (SELU), rectified linear unit (ReLU), and hyperbolic tangent were used as various forms of
activation functions to perform separate trails utilising varied hidden layer counts and combinations of neurons (Tanh). Our
model was trained using an 80:20 train-to-test ratio over 10,000 iterations.

 We can infer the following crucial findings regarding this study as a result:
 For both 2D Morse Potential and Double 2D Morse Potential, best results using ELU activation are obtained with using

2 hidden layers of 10 and 50 nodes respectively.
 The ELU activation function worked best for 2-dimensional curves and RELU was more suitable for 1-dimensional

curves.
 0.0001 learning rates are the learning rates at which models are trying to fit better.
 Optimal results are obtained with two hidden layers in all the cases, i.e., in Lennard Jonnes, 2D Morse and Double 2D

Morse potential.
 The 1-dimensional curves show little or no variation in the loss with change in the number of nodes in the hidden layer.

However, the change in activation function and learning rate has a significant impact on the loss.
 The 2-dimensional curves show a change in loss with the change in the number of nodes in hidden layers.

Multidimensional PESs are a useful tool for carrying out high-quality atomistic simulations in gas- and condensed-phase
environments. Another noteworthy choice that has emerged is the use of NN-based PESs in this investigation. Despite these
developments, it is challenging to apply these techniques to situations that span numerous dimensions. It would be interesting to
investigate simulations that portray fluctuations in local chemistry or atomic charges rather than having to exactly express them
as a geometric function. Simulations that can capture changes in local chemistry or atomic charges are future possibilities that
do not require explicit parametrization as a function of geometry [55], [56]. Additionally, by harnessing the computing power of
current quantum computers to produce significantly huge volumes of ab initio data, current machine learning methods, atomic
mechanics, and force field modelling, could exceed the constraints of previous methodologies.
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