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Abstract: In this study, we explore the effectiveness of various 
optimization algorithms for predicting the normal boiling points 
of alkanes using PyTorch-based neural network models. Alkane 
molecular structures were uniquely encoded into a machine-
readable format and used to train both an artificial neural 
network (ANN) and a graph neural network (GNN) model. 
We compared the performance of three optimizers; Stochastic 
Gradient Descent (SGD), Adam, and Rprop, across two loss 
functions (L1Loss and MSELoss) and multiple learning rates 
(0.01, 0.001, and 0.0001). Our results indicate that Adam 
consistently yields the lowest mean squared error (MSE) 
values across both models, highlighting its robust performance. 
Notably, in the ANN framework, Rprop demonstrated rapid 
convergence and outperformed SGD, whereas in the GNN 
model, SGD showed superior performance compared to Rprop. 
The analysis of MSE values further corroborated these findings, 
emphasizing the critical role of optimizer selection in achieving 
both high accuracy and model stability. These insights provide 
valuable guidance for future applications of neural networks 
in chemical property prediction and underscore the importance 
of fine-tuning optimization parameters in machine learning 
workflows.

Keywords: Alkanes, boiling points of alkanes, neural network, 
optimizers, PyTorch.

Introduction

The (normal) boiling point of a substance is defined as the 
temperature at which it boils under standard atmospheric 
pressure. The common methods to determine the boiling 

points of substances are simple distillation, fractional 
distillation, reflux distillation, steam distillation, 
microscale boiling point determination, ebulliometry, 
and thermometric titration.

	 The boiling point of a substance holds significant 
importance in various fields of science and industry due 
to several reasons. It can be used to determine the purity 
of a substance. It is used to narrow down the possible 
identities of a compound. Knowledge of the boiling points 
of substances is crucial for controlling the separation and 
purification of chemical mixtures. The boiling point of a 
substance is indicative of its volatility and vapor pressure 
at a given temperature. Understanding the boiling points 
of substances helps in assessing the potential impacts of 
evaporation, condensation, and atmospheric dispersion on 
the environment in case of spills or releases. Knowledge 
of boiling points is essential for the handling and storage 
of chemicals safely.

	 Beside laboratory methods, quantitative structure-
property relationship (QSPR) models became popular to 
predict normal boiling points after the seminal paper of 
Wiener (1947). In order to avoid an unusually long list 
of work in this direction, we are going to give references 
of papers that are published in the last twenty years. The 
normal boiling points of aldehydes, esters, and ketones 
were computed by Duchowicz et al. (2002). A wonderful 
review about  predicting boiling point, melting point, 
and vapour pressure with QSPR models was published 
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by Dearden (2003). Using a QSPR technique, the boiling 
point of polycyclic aromatic hydrocarbons were studied 
by de Lima Ribeiro and Ferreira (2003). The normal 
boiling points of some organic molecules were computed 
by Gonz´alez et al. (2004). Using topological indices, 
the normal boiling points along with molar refractivities 
of a large set of organic compounds are found in 
the paper by Ghavami et al. (2009). SMILES-based 
optimal descriptors were used to find normal boiling 
points of acyclic and cyclic hydrocarbons by Toropov 
et al. (2010). Utilizing the electronegativity topological 
descriptor, Yi-min forecasted normal boiling points of 
alkanes, unsaturated hydrocarbons, and alcohols (Yi-min 
et al., 2013). With the help of semiempirical quantum 
chemistry, Saadi predicted the boiling points of amines 
(Saadi et al., 2015). The boiling points of n-alkanes 
were related to critical constants by Messerly et al. 
(2017). Using various topological indices, the normal 
boiling points of alcohols and phenols were predicted 
by Arjmand and Shafiei (2018). A new graph-based 
parameter, conduction, is introduced to develop a single-
parameter model for accurately predicting alkane boiling 
points, offering a reliable alternative to experimental 
data (Mukwembi & Nyabadza, 2021). QSPRpred is an 
open-source Python toolkit for building, analyzing, and 
reproducing robust QSPR models, enabling seamless 
prediction of molecular properties from SMILES strings 
(van den Maagdenberg et al., 2024). A linear regression 
model accurately predicts thermochemical properties 
of alkanes (> C10) for studying hydro-isomerization 
equilibria in zeolites, outperforming traditional group 
contribution methods (Sharma et al., 2024).

	 Predicting boiling points using neural networks has 
evolved significantly over time, with advancements in 
both model architecture and data availability.  It was 
Cherqaoui who first applied neural networks to find 
boiling points (Cherqaoui & Villemin, 1994; Cherqaoui 
et al., 1994). Using the molecular structure and a 
neural network, Goll predicted normal boiling points 
of some organic compounds (Goll & Jurs, 1999). A 
novel group contribution-based neural network model 
accurately predicts molecular boiling points across 
a wide temperature range, outperforming Joback’s 
equation (Sumie & Umpei, 2010). Gharagheizi designed 
a three-layer feed-forward neural network along with the 
Levenberg–Marquardt optimization technique to predict 
normal boiling points of 17,768 chemical compounds 
(Gharagheizi et al., 2013). High-dimensional neural 
network (HDNN) potentials and systematic molecular 
fragmentation methods are compared for predicting 
alkane energies, with HDNN achieving higher accuracy 
against coupled cluster references (Gastegger et al., 

2016). By training an artificial neural network (ANN), 
Jin predicted normal boiling points of oxygen-containing 
and hydroxyl compounds (Jin & Bai, 2016a, 2016b, 
2016c, 2016d). Neural networks trained on fragmented 
data predict physical properties of alkanes by leveraging 
property correlations, achieving high accuracy across 
various thermodynamic parameters (Santak & Conduit, 
2019). By designing a multiple linear regression and a 
multi-layer perceptron neural network, Fissa predicted 
normal boiling points of pure hydrocarbons (Fissa et al., 
2019). Using the Wang-Landau simulations and machine 
learning techniques, Groven predicted boiling points 
and critical points of polycyclic aromatic hydrocarbons 
(Groven et al., 2019). Using a graph convolutional neural 
network, Qu predicted normal boiling points of several 
organic compounds (Qu et al., 2022). A multi-layer 
perceptron model using molecular group descriptors 
accurately predicts thermophysical properties of fluorine/
chlorine-containing refrigerants, with SHAP analysis 
confirming feature contributions (Li et al., 2022). Using 
an AI approach, Liu and Maryamto predicted normal 
boiling points of refrigerants (Liu et al., 2023). Lastly, 
A machine learning model was developed to accurately 
predict the boiling temperature of environmentally 
friendly insulation materials, aiding their screening and 
optimization (Tang et al., 2024).

	 We can efficiently train neural networks to discern the 
intricate relationships between molecular characteristics 
and boiling points, which ultimately enables us to predict 
the normal boiling points of alkanes with remarkable 
accuracy.

	 By leveraging PyTorch’s robust framework and 
by using topological structures, this work predicts 
normal boiling points of 150 isomeric alkanes, which 
were extracted from NIST Chemistry Webbook https://
webbook.nist.gov/ and analyzes the performance of 
several optimizers with different loss functions and 
learning rates.

Materials and Methods

Data encoding

Consider an alkane isomer with a chain of at most 10 
carbon atoms. We will represent this alkane isomer 
using a 10-digit number. First of all, carbon atoms in 
the straight chain are labelled, followed by branched 
ones. Each digit  now corresponds to a number of carbon 
atoms connected to this carbon. The following example 
illustrates the encoding procedure for 2, 4-dimethyl-3-
ethylpentane (Figure 1).
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2,4-dimethyl-3-ethylpentane → 1333111210 

Figure 1:  Conversion of an alkane to a machine-readable code 
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significant advancements in fields such as image recognition, natural language 
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Model architecture of ANN

Neural networks are computational models inspired 
by the human brain’s structure, designed to recognize 
patterns and solve complex problems. They consist of 
interconnected layers of neurons that learn from data 
through training, enabling them to make predictions 
and decisions. This adaptive learning capability has 
led to significant advancements in fields such as image 
recognition, natural language processing, and predictive 
analytics. An example schematic of an ANN is depicted 
in Figure 2.

PyTorch to model a 3-layer ANN:

Input Layer: The input layer consists of 10 neurons, each 
representing one input feature. These neurons receive the 
input data and pass it to the next layer.

Hidden Layer: The hidden layer contains 7 neurons. 
Each neuron in the hidden layer receives inputs from 
all the neurons in the input layer. We used the sigmoid 
function as the activation function for each neuron in the 
hidden layer. This layer captures patterns and features in 
the input data.

Output Layer: The last layer of the network consists of 
a single neuron. It receives a weighted sum from all the 
neurons in the hidden layer. The output neuron predicts 
the normal boiling point of the corresponding alkane.
The model is depicted in Figure 3.

Model architecture of graph neural network (GNN)

The GNN model used to predict the boiling point is 
depicted in Figure 4. This model is a GNN designed to 
predict the boiling points of chemical compounds using 
molecular structures represented as graphs. Each molecule 
is transformed into a graph where atoms serve as nodes 
with atomic number and degree as features, while bonds 
act as edges with bond type attributes. Additionally, 
molecular descriptors, as described in data encoding 
above, are included to enhance predictive accuracy. The 
GNN architecture comprises two graph convolutional 
layers (GCNConv) that extract relational features, 
followed by a fully connected layer that combines the 
graph embeddings with the molecular descriptors for 
final regression. The model is trained using both L1Loss 
and MSELoss loss functions and optimized using three 
optimizers: SGD, Adam, and Rprop over 3000 epochs. 
The best model is saved and used for inference, where 
predictions are exported to an Excel file.

Figure 2:	 A schematic of a single artificial neuron, illustrating how the weighted sum of inputs 
plus bias is passed through an activation function to produce the output. 
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Figure 3: mat1 (input matrix) 150×10: 150-alkanes, each having 10-digit 
code; weight matrix (7×10) applied at the first layer. This results in a (150×7) 
matrix on which the sigmoid activation is applied. On the second layer weight 
matrix (1×7) is applied. This results in the final output matrix (150×1). The 
small grey rectangles store information about the operation applied at each 
layer, this helps the optimizer to keep track of the gradient descent 
operations. The α and β parameters are the values used by the optimizer 
during the backward pass.  The stride parameter indicates that PyTorch 
inherently implements a convolution mechanism to perform matrix 
multiplications. 
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grey rectangles store information about the operation applied at each layer, this helps the optimizer 
to keep track of the gradient descent operations. The α and β parameters are the values used by the 
optimizer during the backward pass.  The stride parameter indicates that PyTorch inherently implements 
a convolution mechanism to perform matrix multiplications.



Comparison of optimizers in a PyTorch based ANN		  169

Journal of the National Science Foundation of Sri Lanka 53(2)	 June 2025

Results and Discussion

In this section, we analyze the role of three optimizers, 
SGD, Adam, and Rprop, in the performance of our 
proposed models, ANN and GNN, in predicting the 
boiling points. The models were trained using each of the 
three optimizers and evaluated with two loss functions, 
L1Loss and MSELoss, across three learning rates (0.01, 
0.001, and 0.0001). By systematically comparing these 
variations, we aim to assess the impact of different 
training configurations on prediction accuracy. The 
results provide insights into the effectiveness of 
ANN and GNN in capturing the underlying structure-
property relationships in alkanes and highlight the most 
suitable model configurations for accurate boiling point 
prediction.

	 It can be seen in Figure 5 that Adam outperforms in 
both models. In the ANN model, Rprop proves more 
effective than SGD, while in the GNN model, SGD 
shows superior performance to Rprop. Note that Figure 
5 compares only the validation dataset. Although the 
training loss continuously decreases, it is the validation 
performance that more accurately reflects potential 
overfitting, as improvements on the training data do not 
necessarily translate to better generalization.

Loss 
Function

Learning 
Rate

ANN GNN

SGD Adam Rprop SGD Adam Rprop

L1

0.01 82.37 24.26 1322.45 109.69 12.91 1756.40

0.001 2268.88 40.49 1180.48 67.68 19.59 1944.94

0.0001 2541.31 235.00 1277.06 95.90 30.56 1825.25

MSE

0.01 94.97 7.98 520.13 32.96 14.13 1372.73

0.001 2435.04 80.14 465.91 219.83 23.80 1382.61

0.0001 2193.27 26.94 535.52 54.35 21.19 1579.77

Table 1:	 MSE values for ANN and GNN under three optimizers (SGD, Adam, Rprop), two loss functions 
(L1Loss, MSELoss), and three learning rates (0.01, 0.001, 0.0001).

Figure 4:	 GNN Boiling Point Flowchart
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Statistical analysis
 
Table 1 presents the mean squared error (MSE) results 
obtained from the ANN and GNN models when trained 
using three optimizers (SGD, Adam, and Rprop) in 
combination with two loss functions (L1Loss and 
MSELoss) across three learning rates (0.01, 0.001, and 
0.0001). Notably, these MSE values are calculated on 
the entire dataset—including the training, validation, 
and test sets—offering a comprehensive evaluation 
of model performance. Overall, Adam tends to yield 
lower MSE values compared to SGD and Rprop for 

both models, though the extent varies with the choice 
of loss function and learning rate. Rprop exhibits larger 
variability in some cases, while SGD occasionally 
achieves competitive performance, particularly in 
the GNN model. Furthermore, the trends observed in 
Table 1 align with those in the Figure 5, which focused 
solely on validation data, reinforcing the consistency of 
the observed optimizer performances. These findings 
underscore the importance of carefully selecting the 
optimizer, loss function, and learning rate to achieve 
optimal boiling point prediction accuracy.

Figure 5:	 (a)-(c) use L1Loss, while (d)-(f) use MSELoss, both with learning rates 0.01, 0.001, and 0.0001.
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Conclusion

This study demonstrates that neural networks, when 
effectively optimized using PyTorch, can accurately 
predict the normal boiling points of alkanes based on their 
molecular descriptors. Our experiments with both ANN 
and GNN architectures, trained with three optimizers 
(SGD, Adam, and Rprop), two loss functions (L1Loss 
and MSELoss), and various learning rates, reveal that 
overall, Adam consistently yields the lowest mean 
squared error. Notably, while Rprop outperforms SGD 
in the ANN model, the opposite trend is observed in the 
GNN model, where SGD shows superior performance 
over Rprop. For example, under MSELoss with a 
learning rate of 0.01, the ANN model achieved an MSE 
of 7.98 with Adam, compared to 94.97 with SGD and 
520.13 with Rprop; similarly, the GNN model recorded 
an MSE of 14.13 with Adam, versus 32.96 with SGD 
and 1372.73 with Rprop. These findings underscore 
the potential of advanced neural network techniques in 
chemical property prediction, paving the way for their 
broader application in fields such as materials science 
and chemical engineering.
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