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Abstract. This study employs a Δ-machine learning model to derive structure search parameters utilized in the AIRSS 
package for predicting stable high-density oxocarbon materials. These parameters, including minimum intermolecular 
distances and densities, guide the search from molecular precursors to transform into solid oxocarbon systems. These 
oxygenated carbon network solids exhibit stable triangular planar carbon networks. Furthermore, we examine the 
transformational bonding pathways of C3O2, C5O2, and C7O2 oxocarbon solids under mechanical compression, identifying 
three stages: van der Waals compression, bond-breaking and forming, and final relaxation. Our findings demonstrate the 
potential of stable high-density oxocarbon systems across diverse structures. Future research focusing on electronic and 
thermal properties will be pivotal in realizing their full potential and facilitating widespread adoption. 

INTRODUCTION 

Oxocarbon materials (CnOm), a class of compounds composed primarily of carbon and oxygen atoms, have 
garnered significant attention in recent years due to their diverse range of applications and their relative abundance in 
nature, offering a sustainable alternative to existing analogs. The study of oxocarbon dates back to the 1950s when 
Cohen et al., reported the anionic (C4O4

2-)  [1]. Since then, an ever-expanding type of oxocarbon has been 
discovered  [2]. Molecular oxocarbon acids and their derivatives can act as bioisosteres, useful for biological imaging, 
antiviral, and enzyme inhibition [3]. Also, Oxocarbon materials have the potential to replace inorganic electrode 
materials for alkali ion batteries (AIBs). Two-dimensional oxocarbon, such as graphether, is more stable than 
graphene [4]. Unlike graphene, graphether is a semiconductor with a direct bandgap of 2.39 eV and strong light 
absorption in the UV region [4]. While there are many research focuses on pseudo- and 2-D oxocarbons, there are 
very few reports on more complex oxocarbon nanostructures [4]. Studying more complex oxocarbon, even under 
extreme conditions, can help develop strategies that use simple oxocarbon molecules as starting materials to construct 
organic materials with tailor-made properties. With a wide range of variability, it is difficult to explore the chemical 
space of oxocarbons experimentally. 

 
This is where the computational crystal structure prediction (CSP) can supplement or provide guidance to identify 

novel materials with preferred properties. An ideal CSP method must meet two conflicting criteria: speed and 
accuracy. The computation algorithm needs to effectively explore multidimensional potential energy surfaces and 
generate an accurate ranking of the possible structure found. Past CSP based on simulated annealing  [5,6], 
metadynamics [7,8], basin hopping  [9,10], and minima hopping [11,12] is often limited to the prediction of organic 
crystals, with a limited number of possible conformers and molecules per unit cell. CSP based on only the chemical 
composition remains a long-standing problem, where the dimension scales linearly with each extra atom. Building on 
the excellent ab initio random structure search (AIRSS) package [13], we have developed a fast and accurate CSP 
approach using machine learning augmented with chemical space domain knowledge. In this contribution, we have 
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adopted our method to predict structures of molecular CnOm (n=3, 5, 7 and m=2) as precursors that can be transformed 
into solid oxocarbon under mechanical compression. 

 

METHODOLOGY 

 

FIGURE 1. Workflow of the modified intermolecular Δ-machine learning model 
 
The efficiency of the structure search algorithm depends on chemical space knowledge from machine learning, 

which significantly reduces sampling errors on the potential energy surface (PES). The parameters of chemical space 
knowledge include crystal density, intermolecular bond lengths, interaction between chemical functional groups, 
charge states of the functional groups, and molecular symmetry. To obtain correct chemical space knowledge, we 
modified the intermolecular Δ-machine learning model [14]. In this approach, we start with the ab initio random 
structure search (AIRSS) package to generate a large pool of trial crystal structures [13]. Then, using these random 
structures, we are able to have intermolecular Δ-machine learning correction from periodic calculations of SIESTA 
density functional theory (DFT) package [15]. Finally, the intermolecular Δ-machine learning correction contains all 
chemical space knowledge for the lowest energy and enthalpy structure. The detailed steps of the Δ-machine learning 
model are shown in Figure 1. With the chemical space knowledge parameters, the random structure sampling statistics 
method could accurately and efficiently extract 3-dimensional atomic coordinates of crystal structures. Once a quality 
group of crystal structures is found, their physical properties, including phase transitions under mechanical 
compression, can be calculated with advanced quantum chemistry simulations. Structural optimization was completed 
with the CASTEP simulation package at 0 K and specified pressure points [16]. We use a plane-wave basis set with 
ultrasoft pseudopotential for the core electrons. Perdew-Burke-Ernzerh (PBE) generalized gradient approximation was 
used as the exchange correlation-functional [17]. Optimization is assumed when the force on each atom is smaller 
than 0.005 eV/Å. 

 
 

RESULTS AND DISCUSSION 

TABLE I. Chemical space parameters for molecular oxocarbon CnOm  

C-C 3.0967 Å 
O-O 3.0552 Å 
C-O 3.0561 Å 

Space group 16-74 

Density 
C3O2 = 76.77 Å3/molecule 
C5O2 = 98.39 Å3/molecule 

C7O2 = 117.77 Å3/molecule 
 

From the Δ-machine learning model, we have obtained a set of structure search parameters that feed into the AIRSS 
package. The list of parameters tabulated in Table 1 includes minimum C-C, O-O, and C-O intermolecular distances, 
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densities and the space groups. For the structure search, the minimum C-C, O-O, and C-O intermolecular distances 
are the same for the molecular C3O2, C5O2, and C7O2 systems. The density of each molecule is a vital chemical space 
parameter that determines the stoichiometry of the number of molecules in the unit cell. The orthorhombic space 
groups, especially Pbcn (60), Pbca (61), and Pnma (62), have the symmetry to arrange these molecules to meet the 
distance and packing density criteria at a relatively lower enthalpy.  In addition to known marker structures and lower 
enthalpies, the rate at which structures are encountered is one of the CSP convergence factors. A relatively higher 
possibility means a higher rate of encountering structure. To the best of our knowledge, strict convergence-to-stop 
searches are a huge challenge for CSP because no existing method is guaranteed to find the global minimum. Using 
chemical space factors of a C3O2 crystal structure obtained from the Δ-machine learning model, the probability of 
predicting a lower enthalpy crystal structure is approximately 80%, as shown in Figure 2. The high validity of the 
results suggests that random structure-sampling statistics can be applied to confirm CSP convergence.  

 
From the AIRSS results, we selected the most stable crystal structure and studied its phase transition behavior  

from 10GPa to 50GPa through enthalpy minimization simulations. The previous DFT enthalpy minimization 
simulations with various target pressures demonstrated that acetylene C2H2 may be transformed into polymeric cubic 
gauche hydrocarbon CH, where the triple bonded C≡C breaks into a single-bond phase with a higher density [18]. The 
same enthalpy minimization simulations also showed double bonded molecular oxocarbon (Pnma) transform into a 
chain-like network structure capped by oxygen atoms, as shown in Figure 3.  These oxygenated carbon network solids 
are composed of triangular planar carbon sheets that are chemically stable and arranged into a graphite-like 
honeycomb lattice. Table 2 lists lattice parameters and atomic coordinates of a tetrahedral space group P42/nmc for 
these oxocarbon solids. Figure 4 shows a transformational bonding pathway of the C3O2 oxocarbon solid from its 
molecular precursor crystal (10 GPa) to a target pressure of 50 GPa at 0K. The bonding pathway may be characterized 
by the changes of three principal stress tensor components σxx, σyy, and σzz. This bonding pathway in the mechanical 
compressive loading response is divided into three stages. They are van der Waals compression space (steps 25-110), 
a bond-breaking and forming reaction (steps 110-170), and a final relaxation process (steps 170-250), respectively. 
C5O2 and C7O2 oxocarbon solids also show similar transformational bonding pathways. During the bond-breaking and 
forming reaction, a stress bubble-like surrounding is created that acts as a mechanical constraint to move the atoms in 
the direction of the final transformation. The same bonding pathway is also shown in the polymeric cubic gauche 
hydrocarbon CH transformation. In chemistry, these molecular precursors and their transformation products have 
perfect covalent bonds. Therefore, as long as the chemical reactants and reaction conditions are determined, a 
transformation reaction can be expected to occur. 
 

TABLE II. Lattice parameter, atomic coordinate, and average bond length solid oxocarbon CnOm at 50GPa, 
transformed from molecular crystal precursors under mechanical compression. The solid oxocarbon CnOm 

crystal structures are tetrahedral space group P42/nmc (137). 
C3O2 C5O2 C7O2 

Lattice parameters (Å)  Lattice parameters (Å) Lattice parameters (Å) 

A=B=2.356, C=10.281 
C:  0.000  -0.500  0.413 
O: -1.000   0.000  0.664 
C: -0.500  -0.500  0.500  

A=B=2.412, C=14.099 
C:  1.000  -1.000  0.626 
O:  1.000  -0.500 -0.500 
C: -0.500  -0.500  0.500 
C:  1.000  -0.500  0.563 

A=B=2.437, C=17.574 
C:  0.000  -0.500  1.051 
C:  0.000   0.000  1.101 
C: -0.500   0.000  1.151 
C:  0.000   0.000  1.101 
O: -0.500   0.500  1.197 

C-C:  1.479 Å 
C-O:  1.419 Å 

C-C: 1.498 Å 
C-O: 1.412 Å 

C-C: 1.502 Å 
C-O: 1.402 Å 
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FIGURE 2. The enthalpies of 51 C3O2 crystal structures were obtained from evolutionary and random structure statistics CSP 
simulations. Green dot represents the evolutionary simulation while red dots represent random structure statistics simulations using 
chemical space parameters from the evolutionary CSP simulation. 

 
Molecular C3O2 crystal precursor 

 
Solid oxocarbon C3O2  

FIGURE 3. Crystal structure of molecular C3O2 oxocarbon precursor at 10 GPa (left) and solid C3O2, oxocarbon at 50 GPa. Grey 
spheres represent carbon, red spheres represent oxygen.  

 

 
FIGURE 4. A transformational bonding pathway of C3O2 oxocarbon solid characterized by the changes of principal stress tensor 
components.  

Following the previous phase transition patterns, we also examined possible oxocarbon nanostructures. An 
oxocarbon molecule C3O2 has two C=C double bonds, and the middle carbon atom can react to break two double 
bonds and form new bonds to connect with other molecules C3O2. For example, four C3O2 molecules may form a 
stable nanocage covalently bonded together, as shown in Figure 5(a). Furthermore, C3O2 triangular planar carbon can 
expand to form nano sheets caped by oxygen atoms, as shown in Figure 5 (b). The C=C double bonds in nanocages 
may be further reactivated to form a stable nanothread, as shown in Figure 5(c). High-level quantum chemistry 
calculations demonstrated the stability of these oxocarbon C3O2 systems.   
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(a) C3O2 nanocage (b) C7O2 nanosheets 

 
(c) C3O2 nanothread 

FIGURE 5. Molecular structure of different predicted C3O2 oxocarbon nanomaterial, (a) nanocage, (b) nanosheet, and (c) 
nanothread. Grey spheres represent carbon, red spheres represent oxygen. 

 

CONCLUSIONS  

      We developed an efficient random sampling statistical structure prediction approach using chemical space 
knowledge obtained from machine learning. The chemical space search parameters can be extracted from Δ-machine 
learning correction. The efficient random sampling statistical structure prediction simulation can be used to conform 
convergent CSP simulations to statistical measurements. Using this approach, we found stable molecular oxocarbon 
crystal structures that can be transformed into high-density graphitic oxocarbon systems under mechanical 
compression. The transformation bonding pathways are generally initialized by van der Waals compression space, 
then a bond-breaking and forming reaction, and a final relaxation process. The same transformation sequence is also 
found in several other high-pressure-induced transformations [18]. Chemically stable high-density oxocarbon systems 
hold immense promise across a wide array of applications. Future studies focusing on their electronic and thermal 
properties are crucial for unlocking their full potential and enabling their widespread adoption. 
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