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Abstract: The reactive molecular dynamics is widely used in the field of computational chemistry
to study the reaction mechanisms in molecular systems. However, complex trajectories that are
difficult to analyze have become a major obstacle to its application in large-scale systems. In this
work, a new approach named ReacNetGen is developed to obtain reaction networks based on reactive
MD simulations. Molecular species can be automatically generated from the 3D coordinates of atoms
in the trajectory. The hidden Markov model is used to filter the noises in the trajectory, which makes
the analysis process easier and more accurate. Compared with manual analysis, the advantage of this
method in terms of efficiency is very obvious for large-scale simulation trajectories. It has been
successfully used in the analysis of the simulated oxidation of 4-component RP-3 and methane.

1. Introduction
In the past decades, reactive molecular dynamic (MD) simulation has been widely used to study
complex molecular systems with chemical reactions, such as combustion, explosion, and heterogeneous
catalysis1. Compared with experimental methods, reactive simulation can give detailed reaction
mechanisms on the atomic level. One of the most frequently used reactive MD method is the
combination of classical MD engine and the Reactive Force Field (ReaxFF) proposed by van Duin et
al2. The ReaxFF based on general bond-order potentials that describe the changing process of atoms
and their connections in the molecular system continuously, laying the foundation for the simulation of
the reaction in the system. Empirical parameters used in ReaxFF are calibrated from quantum chemistry
calculations and experimental data for large numbers of reactions. Therefore, its accuracy is close to
DFT, but can handle systems with a larger number of atoms and longer simulation times. By using
reactive MD with ReaxFF, Li and co-workers have studied the pyrolysis of Liulin coal model with
28351 atoms3 and oxidation of RP-1 jet fuel for 10ns4. Reaction events can also be simulated with ab
initio molecular dynamics (AIMD). In their previous work, Wang et al. have proposed an ab initio
nanoreactor5 to explore new pathways for glycine synthesis from primitive compounds proposed to
exist on the early Earth at the HF/3-21G level. The nanoreactor adopts graphics processing units (GPUs)
to accelerate the electronic structure calculation, thus has higher efficiency than conventional QM
calculations based on CPUs.
Large molecular models and long simulation time can produce complicit MD trajectories which
contain a great number of reaction events and molecular species. This motivates the development of
computational algorithms that can analyze these trajectories automatically. Liu et al. have proposed the
VARxMD software which can analyze and visualize reactions from the coordinates and bond orders of
atoms in the ReaxFF trajectory6. Martinez also developed a method called nebterpolation to discovery
and refine reaction pathways from the AIMD trajectory7. In this work, a new tool called
ReacNetGenerator (Reaction Network Generator) was developed for automatically extract molecular

species from ReaxFF and AIMD trajectories and generate reaction networks. The methods, algorithms,
and applications of this method will be presented in the following sections.
2. Methods
The ReacNetGen consists of several modules and algorithms to process the information from the
given trajectory. The flowchart of ReacNetGen is shown in Fig. 1. The key input of ReacNetGen is the
MD trajectory from either ReaxFF or AIMD simulation, the bond order information from ReaxFF MD
simulation can also be an additional input. After reading these input files, the connectivity of the atoms
in each snapshot is determined firstly from the coordinates and bonding orders. Then the molecular
fragments are detected according to the atomic connectivity. However, reactive MD simulation
normally contains large-amplitude molecular vibrations and collisions, thus it is very rough to use the
distance between atoms to judge the existence of chemical bonds. A lot of “noise” molecules which are
unstable in energy or structure will be detected from the first step. In their previous work, Wang et al.
filtered these noises by using a two-state hidden Markov model (HMM)7. We also adopted this
algorithm in the ReacNetGen approach. To facilitate the analysis, all detected molecules are indexed
by canonical SMILES to guarantee its uniqueness. Isomers are identified among molecules according
to SMILES, and the path and quantity of reactions in the whole trajectory are calculated. With the
reaction matrix generated, the force-directed algorithm was used to draws a reaction network.

Figure 1. The flowchart of the ReacNetGen.

Details of these algorithms are discussed below.
2.1 Acquisition of molecular information.
There are two types of input files that can be read by ReacNetGen, the first and the necessary one
is the trajectory from reactive MD, the second one can be the bond information normally given by
simulation using ReaxFF. In fact, atomic coordinates can be converted to the bond information with
the Open Babel software8. As a result, ReacNetGen can both process ReaxFF trajectories, AIMD
trajectories, and other kinds of reactive trajectories.
With the bond information, molecules can be detected from atoms by Depth-first search9 at every
timestep. By using this way, all molecules in a given trajectory can be acquired. Molecules consisting
of same atoms and bonds can be considered as the same molecule.
2.2 Noise filtering by hidden Markov model.

As mentioned above, a lot of molecules detected from the last step are useless for analyzing, such
as a concussion between [H]O[H]O([H])[H] and water. If we keep these molecules during the analysis,
a large amount of time and memory will be wasted. In this work, these useless molecules are considered
as noise and will be filtered.
In order to filter noise, a two-state hidden Markov model (HMM)7, 10 was adopted, which can be
described as a transition matrix 𝐴, an emission matrix 𝐵, and an initial state vector 𝜋.
Here, the existence of molecules can be converted into 0-1 signals. Timesteps of molecules are
converted to a visible output sequence O𝑚 = (om
𝑡 ) given by
1,
𝑖𝑓 𝑚 𝑒𝑥𝑖𝑠𝑡𝑠,
𝑜𝑡𝑚 = {
(1)
0, otherwise.
Similarly, a hidden state sequence I 𝑚 = (𝑖𝑡m ) is given by
1, 𝑖𝑓 𝑚 𝑒𝑥𝑖𝑠𝑡𝑠,
𝑖𝑡𝑚 = {
(2)
0, otherwise.
The set of possible states Q and the set of possible outputs V are given by
Q = {q1 , q2 }, V = {v1 , v2 }
(3)
where q1 = v1 = 1 and q2 = v2 = 0. The mathematical description of 𝐴, 𝐵 and 𝜋 is given
by
𝐴 = [𝑎𝑖𝑗 ]𝑁×𝑁
(4)
𝐵 = [𝑏𝑗 (𝑘)]𝑁×𝑀

(5)

𝜋 = (𝜋𝑖 ).

(6)

Note that 𝑎𝑖𝑗 = 𝑃(𝑖𝑡+1 = 𝑞𝑗 |𝑖𝑡 = 𝑞𝑖 ), i = 1,2, … , N, j = 1,2, … , N is the probability of transition
from state 𝑞𝑖 at t to q𝑗 at t + 1. 𝑏𝑗 (𝑘) = 𝑃(𝑜𝑡 = 𝑣𝑘 |𝑖𝑡 = 𝑞𝑗 ), k = 1,2, … , M, j = 1,2, … , N is the
probability for state q 𝑗 of observing 𝑣𝑘 . 𝜋𝑖 = 𝑃(𝑖1 = 𝑞𝑖 ), i = 1,2, … , N is the start probability for
state 𝑞𝑖 .
In order to predict the state sequence according to the output sequence, Viterbi algorithm11 is used
to acquire the path with the most likely hidden state sequence 𝑉 called Viterbi path given by
𝑡

𝑃(𝐼, 𝑂) = 𝑃(𝑖1 = 𝑞𝑖 ) ∏ 𝑃(𝑖𝑡 = 𝑞𝑗 |𝑖𝑡−1 = 𝑞𝑖 )𝑃(𝑜𝑡 = 𝑣𝑘 |𝑖𝑡 = 𝑞𝑗 )

(7)

𝑖=1

𝑉 = max 𝑃(𝐼, 𝑂).
𝐼

(8)

Note that 𝑃(𝑖𝑡 = 𝑞𝑗 |𝑖𝑡−1 = 𝑞𝑖 ), 𝑃(𝑜𝑡 = 𝑣𝑘 |𝑖𝑡 = 𝑞𝑗 ), and 𝑃(𝑖1 = 𝑞𝑖 ) are respectively values of
𝐴, 𝐵 and 𝜋 in HMM, so Viterbi path is based on HMM parameters. Choosing smaller values in the
off-diagonal of 𝐴 will force the state sequence 𝐼 to have fewer transitions. Choosing larger values in
the off-diagonal of 𝐵 will allow the Markov process to deviate more often from the output sequence
𝑂. Both two changes can increase the strength of the noise filter7.
In summary, the HMM signals of all molecules are converted from the origin signals by the Viterbi
algorithm, so that large amounts of molecules are filtered. In this work, 𝜋 = (0.5,0.5) , 𝐴 =
0.999 0.001
0.6 0.4
[
], and 𝐵 = [
] are taken from Ref. 7.
0.001 0.999
0.4 0.6
2.3 Generate of the reaction network.
To produce a reaction network, every molecule (species) should be treated as a node in the network.
Therefore, all detected species are indexed by canonical SMILES12 to guarantee its uniqueness. Isomers
are also identified according to SMILES codes. The VF2 algorithm13 can be also used to identify
isomers, which is an option in ReacNetGen. After filtering out noise, the reaction path of atoms and the
number of intermolecular reactions can be calculated.

A reaction network cannot accommodate too many species, so only the first species which have
the most reactions are taken. A reaction matrix can be generated as
R = [aij ], i = 1,2, … ,100; j = 1,2, … ,100
(9)
where aij is the number of reactions from species si to sj .
Finally, with the reaction matrix, a reaction network can be drawn. Here the NetworkX14 package
is used to make a graph which indicates reactions between species. Fruchterman-Reingold forcedirected algorithm15 is used to make the layout of nodes relate to reaction quantity and different colors
and widths of lines are drawn depending on reaction quantity. The distance of two species in the
network, the color and thickness of the line between them are determined by the number of their
reactions, making the reaction network more intuitive.
3. Results and discussions
Signals of three selected species before and after noise filtering by HMM are shown as Fig. 2. As
can be seen, the first two molecules appear very frequently during certain periods of the trajectory, but
only occasionally appear in other time periods. The HMM signal accurately reflect their existence. The
third species is more like a water and a hydrogen peroxide molecule which are in close contact due to
the collision. Its signal is very sparse, and its lifetime is very short, so the HMM successfully filtered it
out.

Figure 2. The performance of HMM for three selected species.
Fig. 3 depicts reaction networks with HMM and without HMM for the reactive MD trajectories of
the oxidation of 4-component RP-3. In addition to the trajectories, the bond information given by ReaxFF
is also used as input to the ReacNetGen. For each situation, 20 species with the most reactions are taken

to draw the network. As can be seen, the network without HMM is relatively sample, mainly composed
of reactions between two species. For example, the reaction path between species 5 and 6, 9 and 10 only
reflects the forming and breaking of a double bond. In contrast, the HMM filtered most of the unstable
species, which makes the network more reasonable, and contains more useful information.

Figure 3. The reaction network for a 2.5ns reactive MD simulation of 4-component RP-3 oxidation with
ReaxFF. The left panel is the network without HMM filtering and the right one is the network with
HMM.

Figure 4. The reaction network for a 2.5ns reactive MD simulation of methane oxidation with ReaxFF.
The left panel is the network without HMM filtering and the right one is the network with HMM.
Similar to Fig. 3, Fig. 4 depicts reaction networks with HMM and without HMM for the reactive
MD trajectories of the oxidation of methane. In the network without HMM, there still a lot of insignificant
oscillations. For example, the reaction between species 2, 6, 7 and 8 are just the oscillations between O2
and water molecule. Compare with the network without HMM, the one with HMM is more reasonable.
From the above discussion and comparison, a conclusion can be made that noise filtering by HMM is
effective and necessary.

Figure 5. Reaction network starts from methane for the 2.5ns reactive MD simulation of methane
oxidation with ReaxFF. The HMM was used to filter noises in the trajectory. The dashed green lines
indicate the reaction paths found in Ref. 16.
ReacNetGen can give reaction network starts form any given species. Fig. 5 shows the reaction
network starts from methane in a 2.5ns reactive MD simulation of methane oxidation. In order to compare
the results, we used the same simulation conditions as the previous work of He et al16. In the simulation,
a 3-dimension periodic box containing 50 CH4 and 100 O2 molecules with the density of 0.218g/cm-3 was
used, and the temperature was set to 3000K. As shown in Fig. 5, all of the important species detected
manually in Ref. 16, such as •CH3, CH3O• and HCHO etc. are included. And the main reaction route
calibrated by QM calculation are also covered by the reaction network. Fig. 6 shows the reactive network
for the same trajectory that used in Fig. 4, but the OpenBabel was used for the analysis of atomic
connectivity instead of bond information given by ReaxFF.

Figure 6. The reaction network for a 2.5ns reactive MD simulation of methane oxidation with
ReaxFF. The OpenBabel was used to detect the atomic connectivity. The HMM was used to filter noises
in the trajectory

The reaction network in Fig. 6 agrees very well with that in Fig. 4, which means that trajectories
produced by reactive MD simulations which only output atomic coordinates, like AIMD, can also be used
in ReacNetGen.

Figure 7. The web page contains all of the results given by ReacNetGen for the 2.5ns reactive MD
simulation of 4-component RP-3 oxidation with ReaxFF.
For the convenience of the user, we put all the results generated by ReacNetGen (Network, Species,
and Reactions) in an interactive web page. By default, 30 species with the most reactions are taken to
draw the network. However, by clicking on a given species, one can check the special network which
starts from it.
4. Conclusion
A new approach named ReacNetGen is developed to obtain reaction networks based on reactive MD
simulations. Molecular species can be automatically generated from the 3D coordinates of atoms in the
trajectory. The hidden Markov model is used to filter the noises in the trajectory, which makes the analysis
process easier and more accurate. Compared with manual analysis, the advantage of this method in terms
of efficiency is very obvious for large-scale simulation trajectories. It has been used in the analysis of the
simulated oxidation of 4-component RP-3 and methane, and the results show good agreement with
previous studies. Further study of this method will focus on two aspects, the first one includes parallel
algorithms to further improve its efficiency and the second one is to introduce energy criteria to make the
results of the analysis more accurate.
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