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ABSTRACT

Density Functional Theory (DFT) is the most important
foundation in computational quantum chemistry. DFT provides a
solid theoretical foundation for predicting the physical and
chemical properties of molecules in materials. Although quantum
computing methods based on DFT give very accurate results, they
require huge computational resources. Therefore, high-throughput
applications, which require the calculation of material properties
for a large number (tens or hundreds of thousands) of molecules,
cannot utilize DFT. Recent advances in deep learning, especially
message-passing neural networks (MPNNSs), offer a promising
alternative for large-scale molecular property predictions. This
project aims to evaluate the accuracy and effectiveness of the
MPNNSs deep learning model compared to DFT in predicting
molecular properties. We use tests like R-Squared (0.87+0.99),
Pearson's R (0.97+0.99), and Spearman's Rho (0.91+0.99) to look
at the predictions of 12 physicochemical properties for about
13,000 molecules in the test set. This shows that the potential for
applying MPNNs to building a database system of new and doped
materials is huge in the future.

DFT is a quantum mechanical method [1] that is most commonly used to study the electronic
structure of many-particle systems [2]. DFT simplifies the complex many-electron problem by using an
electron density function instead of a wave function. The use of electron density functionals makes
calculations of molecules with lots of electrons more feasible. DFT is a precise tool for predicting
molecular structures, reaction energies, electronic properties, etc., providing insight into chemical
reactivity and material properties [3]. However, DFT has main limitations that limit the wide
applicability of this method such as: The high computational costs prevent the DFT method from scaling
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up for large molecular systems, such as those in biology. school is very large in size); These exchange
correlation functions may be accurate for this material but not for this material, affecting DFT accuracy
other materials); DFT requires huge computational resources, so its use is limited for high-throughput
screening of large data sets [4-7].

MPNNSs are a class of deep learning models designed for structured data, particularly graphs [8].
They are commonly used in applications such as molecular modeling, social network analysis, and
recommendation systems [9].

The application of the MPNNs method includes two main phases [10]: the Message Passing
Phase and the Readout Phase. The initial phase is the crucial stage for the nodes in the graph to update
information from neighboring nodes. This phase is repeated T times, each time consisting of three steps,
including Calculate the message Mt, each edge in the graph transmits a message from a source vertex to

a target vertex. The message is calculated based on the current state of the source vertex h', the current

state of the target vertex h;, and the edge's characteristic information e,,. The general formula is as
follows:
m,, =M (h.h.e,) M
Where the message m.  is sent from vertex u to v at step t.

The next step is to aggregate the message A:, each vertex aggregates the message from all its
neighboring vertices. This aggregation process typically uses functions such as sum, mean, or max, as
shown in the following formula:

m = A({m, lue NW)}) 2
Where it N(v) is the set of neighboring vertices of v. The third step is to update the state U..

After aggregating the messages, the state of each vertex is updated based on the current state and the
aggregated message according to formula (3):

h\tﬂ :Ut(m’m\t/) 3)

The second phase is the Readout Phase. After completing T iterations, a readout function (R) is
used to extract information from the graph or the vertices: for the graph classification problem: The R
function usually calculates the sum or average of the states of all vertices. For the vertex classification
problem: The R function only takes the states of specific vertices. We have the general formula (4)
below:

y=R({h [veV}) (4)

With v being the set of vertices in the graph. The ability to handle graph topologies is one of the
MPNN method's highlights; it accurately simulates the relationships between vertices and edges.
Because the functions M, A, Uy, and R can be customized, the flexibility is appropriate for a variety of
graphs and situations. Scalability: utilizing effective synthesis techniques, it is simple to apply to
enormous graphs.

Sumary, MPNN is a class of neural networks specifically designed for graph-structured data,
such as molecules [11-21]. They work by passing messages between nodes (atoms) via edges (bonds),
capturing the local chemical environment and allowing prediction of molecular properties. The main
advantages of MPNN include: MPNN possesses the capability to manage extensive datasets and
intricate molecular structures. Once trained, MPNN can make predictions quickly [22-26], providing a
significant speed advantage over DFT.

2. METHOD
2.1 Research objectives

In this project, we apply the MPNN [27-31] deep learning model deployed in the Chemprop
library to train the model for the QM9 data set including 12 quantities of physicochemical properties of
organic compounds. The QM9 data set includes 113 thousand molecules divided into a training set (100
thousand) and a test set (13 thousand). We represent each molecule as the string SMILES. We collect
the 12 predicted quantities from articles that have performed DFT calculations.
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smiles | mu alpha | homo lumo gap r2 zpve cv S[0] u298 h298 0298

C 0.00 | 13.21 -0.39 0.12 0.50 | 35.36 | 0.04 6.47 -40.48 -40.48 -40.48 -40.50

N 1.63 9.46 -0.26 0.08 0.34 | 26.16 | 0.03 6.32 -56.53 -56.52 -56.52 -56.54

0 1.85 6.31 -0.29 0.07 0.36 | 19.00 | 0.02 6.00 -76.40 -76.40 -76.40 -76.42

C#C 0.00 | 16.28 -0.28 0.05 0.34 | 59.52 | 0.03 8.57 -77.31 -77.31 -77.30 | -77.33

C#N 2.89 | 12.99 -0.36 0.02 0.38 | 48.75 | 0.02 6.28 -9341 -93.41 -93.41 -93.43

C=0 211 | 1418 -0.27 -0.04 | 0.23 | 59.99 | 0.03 6.41 -114.48 | -114.48 | -114.48 | -114.51

Table 1. Example data for a few molecules in the QM9 data set.
They include: mu () dipole moment in chemistry; alpha (a) polarity of the molecule; homo

(Highest Occupied Molecular Orbital), the orbital in which the electron has the highest energy in the
molecule atom, but still fully occupied; lumo (Lowest Unoccupied Molecular Orbital), the orbital where
the electron has the lowest energy in the molecule, but still not fully occupied; gap is the band gap
energy level of the molecule; Borh glass; zpve is the molecular energy at 0 K; cv is the molecular
energy at 00K; u298_atom is the molecular energy at 298.15 K; h298_atom is the molecular energy
atom at 298.15 K; g298_atom (eV) is the free energy of the molecule at 298.15 K (See Table 1).

The goal of the project is to train the MPNN model for a training set of 100 thousand molecules
and test the accuracy on a test set with 13 thousand molecules.
2.2 Research methods

The Chemprop library mainly uses a machine learning model based on graph convolutional
neural networks (Graph Convolutional Networks, GCNs). More specifically, Chemprop uses a GCN
specification called MPNNs. MPNNs are a type of deep learning model designed to work with graph
data, where atoms are represented as nodes and chemical bonds are represented as edges in the graph.
The Chemprop model training process is based on loss functions to optimize the parameters of the
neural network:

- Regression Loss: Used when predicting continuous values solubility and binding energy. The
universal loss function is Mean Squared Error (MSE), as in formula (5):

MSE Z%i(Yi _;\/i)2 ©)

In this case, yi represents the actual value and is the expected value.

- Classification Loss function: Used when predicting classification values whether a compound
is biologically active or not. The universal loss function is Binary Cross-Entropy for binary
classification problems, according to formula (6):

BCE =—%i[yi log(y) + @y, log-y)]  (6)

i=1

Chemprop combines chemical features (descriptors) from molecular graphs with MPNNs to
learn to predict desired properties of molecules. This process includes message passing between nodes
in the graph to collect structural information and calculate the final features, then use these features to
make predictions.

After installing the Python and Linux environments and installing the Chemprop library, prepare
the necessary data, including files in train.py format running on the Python environment and data files
train_100Kk.csv, and test files. look up test.csv

The code on the Chemprop (Python) interface we wrote consists of 2 steps, with the following
form:

- Step 1: Declare the environment, data type and folder containing specific data and code:

import

import pandas as pd
arguments = [
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'--data_path', /home/tungnt/Al_ThayDao/data/train_100k.csV',
'--dataset_type', ‘'regression’,
'--save_dir', '/home/tungnt/Al_ThayDao/train_checkpoints/model_trained 100K’

]
args = chemprop.args. TrainArgs().parse_args(arguments)
chemprop.train.cross_validate(args=args, train_func=chemprop.train.run_training)
- Step 2: Train the model and specific code:
arguments = [
"--test_path", "/home/tungnt/Al_ThayDao/data/test.csv",
"--preds_path", "/home/tungnt/Al_ThayDao/data/train_100k.csv",
"--checkpoint_dir", "/home/tungnt/Al_ThayDao/train_checkpoints/model_trained 100k"

]

args = chemprop.args.PredictArgs().parse_args(arguments)

model_objects = chemprop.train.load_model(args=args)

preds = chemprop.train.make_predictions(args=args, smiles=smiles,
model_objects=model_objects)

preds
The time to proceed in step 1, declaring the database, takes about 4 minutes, the model

training time in step 2, for the train_100Kk.csv file and test.csv file lasts up to 34 hours.
3. RESULTS AND DISCUSSION

Through calculations from the model training process using the MPNNs method on the Python
platform and the Chemprop library, we obtained the results in Table 2, showing the correlation between
the original real parameters using the DFT method. that the QM9 data source has provided includes 12
physicochemical parameters of organic molecules.

Property RMSR R-Squared Pearson’s R Spearman’s Rho
mu 0.553 0.869 0.933 0.915
alpha 1.019 0.985 0.992 0.993
homo 0.005 0.955 0.978 0.968
lumo 0.005 0.988 0.994 0.993
gap 0.007 0.979 0.990 0.991
r2 43.567 0.976 0.988 0.985
zpve 0.002 0.996 0.998 0.997
cv 0.441 0.988 0.994 0.995
u0_atom 20.636 0.993 0.996 0.997
u298 atom 20.745 0.993 0.996 0.997
h298 atom 20.914 0.993 0.996 0.997
g298 atom 19.217 0.992 0.996 0.996

TABLE 2. Calculation results of correlation coefficients and errors between DFT and MPNN

According to the results in TABLE 2, it is shown that: i) The R-Squared correlation coefficient
has a value from 0.87 to 0.99, showing that for every 100% of parameter deviations in the actual
database (DFT), the model can explain and recognize 87% to 99% by machine learning according to the
MPNNs model; ii) Pearson's R coefficient from 0.97 to 0.99, indicating that the degree of linear
relationship between two numerical parameters according to DFT and MPNN methods is almost linear,
gradually to completely linear (100%); iii) Spearman’s Rho coefficient from 0.91 to 0.99 a statistical
measure indicating the degree and direction of the monotonic relationship between two numerical
parameters from DFT and MPNN calculations. Through the above three ways of considering the
correlation, we find that the MPNN method we apply here is very effective and very reliable. Below are
some graphs drawn from ML calculation results with each parameter comparing DFT and MPNN
methods.

To understand and analyze the relationship between RMSE (Root Mean Square Error) and
Pearson's R (Pearson correlation coefficient) from a graph containing data points, you need to clarify the
basic concepts and their relationship. After that, based on the data from the graph, we can draw
conclusions about the relationship between them.
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RMSE measures the degree of deviation between the predicted value and the actual value. We
have formula (5) derived into (7) below:

RMSE = |2 3"y, - ,)° @)

When the calculated RMSE value is smaller, the applied model fits the actual data better.
Unnormalized RMSE depends on the unit of the output variable. Correlation coefficient Pearson's R
measures the degree of linearity between two variables. We have formula (8):

R 200 -Y)
\/Zin_l(xi _)_()Z'Z::l(yi _9)2

With x;, yi are two comparison variables, Xi, yi are the average values of the variables. When R

=1, it is a perfect positive linear relationship; R = —1 is a perfect negative linear relationship; R = 0
indicates no linear relationship. On the other hand, Pearson's R is not affected by the units of the
variables. If R increases when RMSE decreases, it indicates that when the model predicts better (lower
RMSE), the linear relationship between the prediction and the actual value is also stronger (higher
Pearson's R). If there is no clear relationship, this may occur if the model performs well on nonlinear
aspects or is influenced by noise.

(8)
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Fig 3. The relationship between RMSE, r_squared, Pearson’s R and DFT method for uo
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Fig 4. The relationship between RMSE, r_squared, Pearson’s R and DFT method for ZPVE

Relatively different outcomes are shown by the association between RMSE and Pearson's R and
r_squared based on the evaluation approach from formulas (7) and (8) and Figure 1. The RMSE value of
0.55 A.m2 indicates that the p index is not accurate for the ML and DFT approaches, despite Pearson's R
reaching 93% and r_squared at 87%.Considering the LUMO parameter shown in Figure 2, we see that
the RMSE error value is 0.02 eV. The accuracy of r_squared and Spearman_rho, both at 99%, indicates
that the ML method is close to DFT. Based on Fig 3, the RMSE is around 20.64 eV, indicating that the
values from the DFT and ML methods do not differ much because the actual values are very large. The
r-squared index of 99% and Pearson’s R of 100% show that the accuracy between the two methods, ML
and DFT, is very high, and the data is very convergent. Fig 4 shows that RMSE = 0 means that there is
no linear relationship between the DFT data and MPNNs machine learning. As a result, the unit of the
variable has no effect on the Pearson's R index. Nevertheless, examining the two graphs in Figure 4, the
convergence points match Pearson's R and r_squared, and both are equal to 1, suggesting that the DFT
technique and ML have a high degree of accuracy.

4. CONCLUSION

Through the results obtained from the project conducted in a short time, it shows that the
application of ML in training models applied in the field of chemistry when connecting to the Chemprop
library on the Python platform is very effective from the correlation calculation, it has high accuracy
between real data and after applying MPNN, opening up many future research prospects for other
models such as finding the bandgap energy Eg of substances newly doped based on known data from
experiments or DFT and MD simulations. This method is less expensive in terms of time, money and
human resources compared to experiments as well as DFT or MD simulations, showing that this is an
effective research trend that is very necessary to be applied in the near future.
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