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a b s t r a c t

Atomization energy (AE) is an important indicator for measuring material stability and reactivity, which

refers to the energy change when a polyatomic molecule decomposes into its constituent atoms. Predict-

ing AE based on the structural information of molecules has been a focus of researchers, but existing

methods have limitations such as being time-consuming or requiring complex preprocessing and large

amounts of training data. Deep learning (DL), a new branch of machine learning (ML), has shown promise

in learning internal rules and hierarchical representations of sample data, making it a potential solution

for AE prediction. To address this problem, we propose a natural-parameter network (NPN) approach for

AE prediction. This method establishes a clearer statistical interpretation of the relationship between the

network’s output and the given data. We use the Coulomb matrix (CM) method to represent each com-

pound as a structural information matrix. Furthermore, we also designed an end-to-end predictive model.

Experimental results demonstrate that our method achieves excellent performance on the QM7 and BC2P

datasets, and the mean absolute error (MAE) obtained on the QM7 test set ranges from 0.2 kcal/mol to

3 kcal/mol. The optimal result of our method is approximately an order of magnitude higher than the

accuracy of 3 kcal/mol in published works. Additionally, our approach significantly accelerates the pre-

diction time. Overall, this study presents a promising approach to accelerate the process of predicting

structures using DL, and provides a valuable contribution to the field of chemical energy prediction.

© 2023 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Accurate prediction of structures in chemical compound space

(CCS) is crucial for the design and synthesis of novel materials

[1]. Although theoretical structure prediction methods have been

widely adopted in material research [2,3], the computational cost

associated with large-scale structural systems remains a challenge.

A CALYPSO software based on swarm intelligence has been de-

veloped to accelerate structure prediction [4,5]. The existing first-

principles-based (DFT) methods are time-consuming and economi-

cally expensive when applied to predict large-scale structures. Con-

sequently, there is an urgent need to accelerate the process of ma-

terial structure prediction [6].

Typically, structure prediction methods involve several steps

[6]: (1) Randomly generating an initial population of structures un-
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der symmetry constraints; (2) Assessing the similarity among gen-

erated structures and eliminating duplicates; (3) Performing local

optimization and energy calculations using the DFT on generated

structures; (4) Constructing the next generation of structures using

swarm intelligence algorithms, where low-energy structures evolve

into new structures while high-energy structures are replaced by

randomly generated ones. However, for large-scale structures con-

taining hundreds or thousands of atoms, the computational time

required for energy calculations is significant. Furthermore, per-

forming energy calculations and optimizations for multiple ran-

domly generated structures further compounds the time cost. This

limitation significantly impedes the prediction of large-scale mate-

rial structures in most structure prediction software. Deep learning

(DL) methods have gained substantial success in computer vision,

pattern recognition, and other fields [7,8]. However, their applica-

tion in predicting and generating new structures in computational

chemistry remains limited [9].

In conclusion, the acceleration of material structure prediction

is a critical problem that needs to be addressed. While traditional

https://doi.org/10.1016/j.cclet.2023.109186
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Fig. 1. Schematic diagram of an end-to-end chemical energy prediction process.

methods face challenges in dealing with large-scale structures, DL

methods offer a potential solution. By leveraging DL techniques, it

may be possible to overcome the time constraints associated with

energy calculations and optimize the prediction process. This ap-

plication of DL in computational chemistry holds promise for ad-

vancing the field of structure prediction and generating new struc-

tures.

In recent years, the rapid development of artificial intelligence

has made ML a new method that researchers are eager to explore.

ML has become popular in various application scenarios that re-

quire prediction, classification, and decision-making [4,10]. With

the availability of large-scale quantum mechanical data [11–13],

researchers have established ML models and used them to pre-

dict material properties such as formation energies, defect ener-

gies, elasticity, and other mechanical properties [4]. For instance,

Hansen et al. [14] employed a linear regression (LR) algorithm to

learn the relationship between structural information and cluster

energy and predicted the energy of new clusters based on atomic

Cartesian coordinates and nuclear charge. Meanwhile, neural net-

work (NN) methods [15,16] have been leveraged to accelerate the

construction of potential energy surfaces. Rupp et al. [17] intro-

duced a machine learning model that predicts the AEs of differ-

ent organic molecules. Gupta et al. [18,19] utilized the DL method

to establish the correlation between molecular topological features

and accurate AE predictions, achieving an impressive MAE.

In addition, some DL methods were used to replace the DFT

calculation process to reduce the computational complexity of the

system and accelerate structure prediction in an end-to-end way

[20]. Due to the strong feature extraction and feature learning abil-

ities of the DL methods, we have introduced a new NPN [21] model

that predicts the AE of different molecules in an end-to-end man-

ner based solely on nuclear charge and atomic position. To address

this task, an end-to-end energy prediction model was constructed,

and its schematic diagram is shown in Fig. 1.

Let Φ be an AE prediction model, and the model ΦNPN uti-

lizes a neural network architecture for probabilistic modeling. The

model leverages the properties of exponential family distributions

to transform the neural network output into the natural param-

eters of the exponential family distribution. This allows NPN to

conveniently parameterize the probabilistic model and maximize

the log-likelihood function using gradient-based optimization al-

gorithms during training. NPN transforms the conditional proba-

bility p(Y/X) between the input variable and the output variable

into the form of an exponential family distribution. According to

all the molecular structure information, we extract the coordinate

information of all atoms of each molecule as the input of ΦNPN,

which is represented by X. The AE of each molecule is represented

by Y. Here we have:

Y = Φ
(
X; θNPN

)
(1)

where X is the coordinate information of all atoms of each

molecule, and θNPN is the parameters of the NPN model. NPN con-

sists of both linear and nonlinear transformation layers. Here, we

first introduce the linear form of NPN. For simplicity, let’s assume a

Gaussian distribution ξ = (q,d)T with two natural parameters. We

decompose the distribution over a weight matrix p(Wl|Wl
q,W

l
d
) =

�i, j p(W
l
i j
|Wl

q,i j
,Wl

d,i j
), where (Wl

q,i j
,Wl

d,i j
) is the corresponding

natural parameter. We assume similar decomposed distributions

for bl , zl , and xl in NPN, which are all exponential family dis-

tributions. For computational convenience, we wish to approxi-

mate zl using another exponential family distribution by match-

ing its mean and variance. To compute (Wl
m,Wl

s ) = f (Wl
q,W

l
d
) and

(blm, bls) = f (blq, b
l
d
), we can obtain zlq and zl

d
from the mean zlm and

variance zls of zl as follows:

(xl−1
m , xl−1

s ) = f
(
xl−1
q , xl−1

d

)
, zlm = xl−1

m Wl
m + blm (2)

zls = xl−1
s Wl

s + xl−1
s

(
Wl

m �Wl
m

)
+ (xl−1

m � xl−1
m )Wl

s + bls (3)

(zlq, z
l
d) = f−1

(
zlm, zls

)
(4)

where, the symbol � represents the product of the elements in a

distribution, while the bijective function f (., .) maps its natural pa-

rameters to the distribution’s mean and variance. Similarly, symbol

f−1(., .) denotes the inverse transformation. The means and vari-

ances of Wl and bl , which are obtained from the natural parame-

ters, are represented by Wl
m, W

l
s , b

l
m and bls, respectively. The values

of zlm and zls that are computed can be used to recover zlq and zl
d
,

thereby streamlining the feed-forward calculation of the nonlinear

transformation.

Once we have the distribution over zl , defined by natural

parameters zlq and zl
d
, that has been linearly transformed, we

then apply an element-wise, nonlinear transformation v(·) to it.

The resulting distribution of activations is denoted as px(x
l ) =

pz(v−1(xl ))|v−1′
(xl )|, where pz is the factorized distribution over zl

defined by (zlq, zl
d
). Even if px(xl ) is not an exponential-family dis-

tribution, we can still approximate it using p(xl|xlq, xld) by matching

the first two moments. Once we obtain the mean xlm and variance

xls of px(x
l ), we can compute the corresponding natural parameters

using f−1(., .). The feed-forward computation can be expressed as:

xm = ∫ pz(z|zq, zd)v(z)dz (5)

xs = ∫ pz(z|zq, zd)v(z)2dz − x2m,
(
xq, xd

)
= f−1(xm, xs) (6)

To model distributions over weights and neurons, the natural

parameters must be learned. The NPN is designed to take a vector

random distribution as input, such as a multivariate Gaussian dis-

tribution. It then multiplies this input by a matrix random distribu-

tion and applies a nonlinear transformation before outputting an-

other distribution. Since all three distributions in this process can
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be characterized by their natural parameters, learning and predic-

tion of the network can be performed in the space of natural pa-

rameters. During back-propagation, for distributions characterized

by two natural parameters, the gradient is composed of two terms.

For instance, in the equation ∂E/∂zq = (∂E/∂xm) � (∂xm/∂zc) +
(∂E/∂xs) � (∂xs/∂zq), where E represents the error term of the

network. Naturally, nonlinear NPN layers can be stacked to form

deep NPN, as shown in Algorithm 1. NPN does not need expen-

sive reasoning algorithms, such as variational reasoning or Markov

chain Monte Carlo (MCMC). Moreover, in terms of flexibility, it

can choose different types of exponential family distributions for

weights and neurons.

We know that χ can be converted using a previous study

[22] with Coulomb matrices (CM). The CM are matrices that con-

tain information about the atomic charges and atomic coordinates.

The CM can be calculated using the following formula:

Ci j =
{

Z2.4
i

/2 i f i = j

ZiZ j/
∣
∣Ri − R j

∣
∣ i f i �= j

(7)

among them, 1 ≤ i, j ≤ 23, Zi is the nuclear charge of atom i, and

Ri is its Cartesian coordinate.

Specifically, QM7 is a dataset consisting of 7165 molecules

taken from the larger GDB-13 database, which comprises nearly

one billion synthetic organic molecules. QM7 has information

about the molecule that consists of the atoms H, C, N, O, and S.

The maximum number of atoms in a molecule is 23. The molecules

in QM7 exhibit a diverse range of chemical structures, such as

double and triple bonds, cycles, carboxylic acids, cyanides, amides,

alcohols, and epoxides [23]. The CM representation is used to

describe the molecular structures, and this approach is invari-

ant to translations and rotations of the molecule. In addition to

the CM, the dataset includes AEs ranging from −800kcal/mol to

−2000kcal/mol [14].

The main focus of this article is on the χ and L components

in the QM7 dataset. Due to the varying number of atoms in each

molecule, the sizes of their true CMs are also different. To make

all CMs with the same size of 23×23, we extended the size of the

original CM and filled the expanded space in the CM with 0.

For NPN, GCN, CNN, and LSTM models, we use the rectified lin-

ear unit (ReLU) activation function in the hidden layer. We used

the ADAM optimizer [24] with a learning rate of 0.0001 and a

decay rate of 0.00001, and based on our experience and knowl-

edge, we have selected different combinations of network hyper-

parameters for model training and fine-tuning. We set the learn-

ing rate to [0.01 0.001 0.0001], the number of training rounds

[100 200 300], the batch size [32 64 128], and the hidden layer

nodes [100 200 300]. Then, we combined the values of different

network hyper-parameters. The experimental results showed that

when the learning rate was 0.0001, the batch size was 64, the hid-

den layer nodes were 200, and the number of training rounds was

Algorithm 1

Deep NPN’s algorithm.

1: Input: D = {(χi,Li)}Ni=1
, number of iterations T, learning rate ρt , number of

layers L.

2: for t= 1: T do

3: for l=1: T do

4: Apply Eqs. 2–6 to compute the linear and nonlinear transformation in

different layers.

5: end for

6: Compute the error E from (zLq, zL
d
) or (xLq, xL

d
).

7: for = L: 1 do

8: Compute ∂E/∂Wl
m, ∂E/∂Wl

s , ∂E/∂blm, and ∂E/∂bls ,

Compute ∂E/∂Wl
q , ∂E/∂Wl

d
, ∂E/∂blq, and ∂E/∂bl

d
.

9: end for

10: Update Wl
q ,W

l
d
, blq, and bl

d
in all layers.

11: end for

200, the model performance was optimal. The proposed models

have been implemented in the Pytorch library. As for the hard-

ware system configuration, the processor is an Intel (R) Xeon (R)

Silver 4110CPU@2.10GHz, the RAM has a capacity of 32.0GB, and

the graphics card is an NVIDIA RTX 2080 Ti [25]. We randomly di-

vided the dataset into a training dataset and a test dataset in the

ratio of 8:2.

We used the proposed method to train the AE prediction mod-

els on training data and validated the performance of the models

using testing data, and the losses of the proposed models during

the training are shown in Fig. 2.

By training on a large set of different molecules in QM7, we use

MAE and root mean square error (RMSE) as evaluation indicators

to evaluate the prediction performance of various algorithms un-

der different molecule presentation methods. The comparison re-

sults between our method and other methods [22] are shown in

Table 1. Our results indicate that the proposed method exhibits a

lower prediction error, indicating excellent prediction performance.

Based on this, we trained and tested different DL models we de-

signed on the QM7 dataset [26], and obtained some information

that reflects the performance of the models, such as model param-

eters, testing time, and testing errors. Experiments on real-world

datasets [26] show that NPN can achieve state-of-the-art perfor-

mance on regression tasks. The performance of different methods

are compared in Table 2.

In previous experiments [14], researchers often merged feature

values/vectors and feature centers with flattened CM to form a

7165-sample dataset with N-dimensional features. However, the

integration of new molecular property information has brought

about a new problem: the concatenation of old and new features

may lead to unwanted “heterogeneity” in the feature vectors, and

including more features may actually increase noise in the dataset

Fig. 2. The results of training losses of different DL models.

Table 1

Comparison of prediction errors across multiple algorithms under different repre-

sentation types using MAE and RMSE metrics.

Method Representation MAE RMSE

K-nearest neighbors Eigen-spectrum 70.72±2.12 92.49± 2.70

Sorted CM 71.54± 0.97 95.97± 1.45

Linear regression Eigen-spectrum 29.17± 0.352 38.01± 1.11

Sorted CM 20.72±0.32 27.22± 1.45

Mixed effects Eigen-spectrum 10.50± 0.48 20.38± 9.29

Sorted CM 8.5± 0.45 12.16± 0.95

Neural network Eigen-spectrum 14.08±0.29 20.29± 0.73

Sorted CM 11.82± 0.45 16.01± 0.81

Ours (NPN) Sorted CM 5.47± 0.36 3.69± 0.51

Extended CM 1.31 ±0.011 1.28± 0.024
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Table 2

Comparison results of performance evaluation of different networks.

Method Network performance Data

Parameter Testing time (ms) Test loss

CNN 93,449 0.174 0.277 (kcal/mol) QM7

LSTM 78,465 0.196 0.135 (kcal/mol)

GCN 16,861 0.547 2.564 (kcal/mol)

NPN 212,402 0.118 0.268 (kcal/mol)

ML [27] × × 1.7 (kcal/mol) QM7

DL [28] × × 1.45 (kcal/mol) GDB-10

BRNN [29] × × 3 (kcal/mol) QM7

NPN 212,402 0.391 0.236 (eV/atom) BC2P

Fig. 3. Visualization of different conformations of four molecules and comparison

of their AE prediction results. Corresponding predicted AEs by our model are shown

in parentheses, all AEs are in kcal/mol. Our model has a prediction error of about

0.2–3 kcal/mol for AE. The data marked in blue indicates an error between 5 and

10kcal/mol, while the data marked in red indicates an error over 10 kcal/mol.

[30]. It should be noted that some traditional ML techniques may

not be able to identify meaningful patterns from these newly

added features, so merging new features may result in poorer re-

sults [31].

We present the results analysis of AEs prediction for four differ-

ent molecules and their isomers, it can be shown in Fig. 3. Based

on the structural information, our proposed method achieved good

AE prediction results by using the extended CM method to char-

acterize molecules. However, we also found that the model has a

significant prediction error for molecules [32] with fewer atoms,

which may be due to the interference of additional information

supplemented in the extended CM to the model’s learning of

structural information features. For some molecules with compact

structures relative to sparse spatial structures, the prediction er-

rors were relatively larger. We analyzed that this may be due to

the high density distribution of a large number of identical atoms

in the molecule, which led to the model’s unsatisfactory extraction

of the CM features.

To validate the robustness and effectiveness of our proposed

method, we randomly divided the BC2P data from Fu et al.

[33] into a train dataset and a test dataset with an 8:2 ratio. We

use our proposed method to train a model on train data, and the

trained model accurately predicts the corresponding energy [33].

The training loss curve can be seen in Fig. 4. Moreover, we tested

the model on test data, and the results showed that our model

had an average prediction time of 0.391ms for the energy of each

molecular conformation and an average test loss of 0.236 eV/atom.

Fig. 4. The results of training loss curve of our model on BC2P data.

The results of performance evaluation of NPN model on BC2P is

shown in Table 2.

The study aims to propose and validate a method for predicting

atomic energy. Initially, we introduce the extended CM representa-

tion of molecular structure along with its inherent characteristics.

Subsequently, we compare the performance of various ML and DL

models for predicting AEs. These models not only enable fast AE

prediction but also expedite the structure prediction process. Fur-

thermore, to overcome the limitations of our current method, we

plan to incorporate the three-dimensional spatial pattern of mate-

rial structure information in future research. We intend to employ

the graph convolutional network (GCN) method to mathematically

represent atoms in chemical molecules. In addition to model de-

velopment, we informally discuss the results of numerical experi-

ments conducted in this study. Through extensive comparative ex-

periments and analyses, we gain valuable insights into the perfor-

mance and potential applications of the proposed method. Some

potential applications include catalyst design, materials discovery,

optimization of energy storage and conversion, as well as mate-

rial performance prediction. In the future, we envision conducting

further in-depth research on material performance prediction and

material discovery. By leveraging the power of machine learning

and data mining techniques on large datasets, we can uncover hid-

den correlations within complex data structures. This will allow us

to predict new material structures and their corresponding prop-

erties. Ultimately, this research contributes to the advancement of

materials science and opens up new possibilities for designing in-

novative materials with tailored properties.
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