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Abstract

Different nano-porous graphene structures have
shown great promise for a wide variety of ap-
plications. However, due to limitations in ex-
perimental or computational throughput, nano-
porous graphenes have not been investigated
systematically.  In this work, we combine
density functional theory and machine learn-
ing to study 460 structures of nano-porous
graphene made from four different templates.
We shine a light on structure-band gap rela-
tions and perform molecular dynamics simula-
tions and phonon calculations in order to deter-
mine the role of electron-phonon coupling on
the renormalization of temperature-dependent
band gaps. Our results uncover that certain
subsets of nano-porous graphene exhibit a sim-
ilar trend in the band gap as a function of a
structural parameter as has been observed for
armchair graphene nanoribbons. Furthermore,
we find that electron-phonon coupling varies
over a large range in the investigated nano-
porous graphenes and that it drives the closing
of the band gap with larger temperatures. Fi-
nally, we suggest nano-porous graphene struc-
tures for different applications, such as field-
effect transistors. Thus, our work can help
guide the development and improvement of
nano-porous graphene-based devices.
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Introduction

In recent years, nano-porous graphenes (NPGs)
have attracted interest due the possibility to
tailor their electronic properties solely by modi-
fying their structure.? In particular, the possi-
bility to tune the band gap'* while maintaining
a high charge carrier mobility® allows for a wide
range of potential applications, such as field-
effect transistors (FETs),® supercapacitors,”®
or water desalination.®'° Furthermore, it has
been shown that NPGs offer potential for ap-
plications in energy conversion!®!? and, hence,
may open up new avenues for renewable energy
production. From a structural point of few, due
to their pore size and density, NPGs can be used
as membranes 3716 or molecular sieves.!” 1
NPGs can be obtained either by combining
lithography and plasma etching of graphene
(top-down approach)?*?! or by on-surface syn-
thesis of suitable pre-cursor molecules (bottom-
up approach).%?! While the top-down approach
can be easily adopted for mass production,?!
the bottom-down approach has the advantage
of providing atomistic control over pore size
and density.® These two parameters, pore size
and pore density, not only influence the elec-
tronic properties of NPGs,'*%%2 but also can
significantly influence the suitability of a ma-
terial for applications. For example, it has
been shown that pore size and density influ-
ence the performance of porous materials in
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supercapacitors, 82324 their hydrogen storage
capability,?2® and their water desalination ef-
ficiency. 8-10,29:30

While NPGs have shown promise for a wide
variety of applications, systematic investiga-
tions of their structural and electronic proper-
ties are rather scarce. However, the applica-
tion of machine learning (ML) methods makes
such studies computationally feasible.3! In par-
ticular, training an interatomic potential using
the message-passing atomic cluster expansion
(MACE)?3%33 architecture allows for fast and ac-
curate computations of equilibrium structures,
vibrational spectra (or phonon density of states
(phDOS)), and molecular dynamics (MD) sim-
ulations.** For the prediction of electronic prop-
erties, and in particular band gaps, the atom-
istic line graph neural network(ALIGNN) archi-
tecture has proven to give accurate predictions
for a variety of different systems (including 2-
dimensional materials).3?

In this work, we aim to assess the suitability
of NPGs for different applications. For this pur-
pose, we systematically explore the electronic
and thermal properties of a large set of NPG
structures by combining density functional the-
ory (DFT) with ML methods. We created the
input geometries for our study from four differ-
ent templates, shown in Figure 1, which could
be realized experimentally using either the top-
down or the bottom-up approach. To train
our ML models, we obtained band gaps and
forces for the generated structures using DFT.
After reporting details of the methods we ap-
plied, we present an analysis of DF'T band gaps
in terms of structural parameters, demonstrate
the accuracy of our ML models for this data
set, and perform ML-based MD and phonon
calculations to shed light on the temperature
dependence of the band gaps of our NPG struc-
tures. Finally, we suggest different geometries
as potential candidates for some of the afore-
mentioned applications.

Computational Methods

Saftey statement: No uncommon hazards are
noted.
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Figure 1: Templates used for building different
NPG structures. Wy, Wy, and W are given
in number of atoms, Ly and Ly are given in
units of 2 and 4 atom rows, respectively, and D
is given in A.

Figure 1 shows the templates we used to cre-
ate different NPGs. The parameters that were
varied in order to obtain different structures
are indicated in this figure. Here, Wy, denotes
the wide part of ribbon-based structures (tem-
plates 1 and 2), while Wy represents the width
of the narrow part. Note that for Template 1
the difference between Wy, and Wy was fixed
to 6 atoms and Wy can only assume odd values
(for even values neighboring Wy sections can-
not be connected properly). For Template 2, on
the other hand, Wy, has to be even to properly
connect neighboring backbones, while Wy has
to be odd and Wy — Wy > 3. Wy and Wy
are given in atoms. Ly, and Ly represent the
lengths of the wide and narrow parts of the rib-
bon and are given in units of 2 atom rows and
4 atom rows, respectively.

The DFT calculations were performed us-
ing the CP2K code,3¢3® utilizing the ELPA li-
brary for diagonalization.?® We employed the
DZVP-MOLOPT Gaussian-plane-wave hybrid
basis set?*! and GTH pseudopotentials.*? 44
The choice of the basis set was made based on
the convergence tests reported in the Support-
ing Information (SI). Moreover, based on said
convergence tests, we determined an optimal
cutoff energy for the finest integration grid of
300 Ry and a relative cutoff for the grid as 40
Ry. For the exchange-correlation functional, we
determined Perdew-Burke-Ernzerhof (PBE)*
to be a good compromise among speed, accu-
racy, and reliability. The convergence criterion



for the change in total energy per electron was
set to 10 ® Hartree. 20 A of vacuum were
added in the z-direction to account for the 2-
dimensional nature of our structures. The pa-
rameters we used for the DFT calculations are
summarized in the SI (see Section S1.10). We
used k-point grids with a k-point density of ap-
proximately 25.6 k-points/A 1, with the actual
number of k-points in the periodic directions
rounded up to the next odd integer.

The forces, total energies, and stresses calcu-
lated by DFT were used to train a MACE32:33
model. Our model uses 128 channels, maxi-
mal message equivariance of L=2 (128x0e +
128x10), and a cutoff radius of 5 A. The model
is trained for a total of 2500 epochs and after
2000 epochs the energy loss weight is increased
to improve the errors of the energies.?* The
training set consisted of 277 structures, with
229 configurations used for training, 12 for val-
idation and 36 as test set. The command used
to invoke the training using MACE is provided
in the SI.

We used our MACE model to perform struc-
tural relaxations, calculations of the phDOS,
and MD simulations. For this purpose, we
developed our own scripts that make use of
Atomistic Simulation Environment (ASE)*6:47
and MACE’s ASE calculator (scripts can be
found in the Zenodo repository for this work:
10.5281/zenodo.14501583).  Structural relax-
ations were performed using the BFGS algo-
rithm (as described, for example, in Ref. 48)
and a force convergence criterion of 0.02 eV /A.
Furthermore, the x- and y-vectors of the sim-
ulation cell were also allowed to relax (the z-
direction is the one with vacuum) with a stress
convergence criterion of 0.02 GPa.

The relaxed geometries served as starting
points for phDOS calculations and for MD sim-
ulations. The phDOS calculations for our NPG
structures were carried out using a 5x5x1 su-
percell and an 11x11x1 g-point grid. For com-
parison, the phDOS of pristine graphene was
calculated for comparison using a 9x9x1 su-
percell and a 201x201x1 g-grid.

We performed the MD simulation within the
NVT ensemble employing Langevin dynamics
with a friction coefficient of 0.01 fs ! and a time

step of 1 fs. The temperatures we used for the
simulations were 100 K, 200 K, 300 K, and 400
K. To ensure thermal equilibrium, we let the
system equilibrate for 1 ps before starting a 10
ps production run. During the production run,
we saved snapshots of the trajectory every 50
fs (later used for the prediction of temperature
dependent band gaps). For all MD simulations
of our NPGs, we used a 3x3x1 supercell struc-
ture.

For the training of band gaps we chose an
ALIGNN? model, as it gave the most consis-
tent predictions in our tests (see Section S3 in
the SI). We mostly used the default values of the
model and trained it for 1000 epochs. The set-
up for the training can be found in the SI (see
Section S3). We obtained the most accurate
predictions on an ALIGNN model trained on
relaxed and distorted geometries including pris-
tine graphene. In total, the data set consisted
of 922 structures (460 distorted NPG, 460 re-
laxed NPG, 1 distorted graphene, and 1 relaxed
graphene), of which we used 80% for training,
5% for validation, and 15% as test data, respec-
tively. We employed the ALIGNN model for the
prediction of temperature dependent band gaps
based on the MD snapshots (see above) for our
NPGs.

Results and discussion

For the graphene-based templates (Template
3 and Template /), only two parameters are
given. These are the number of atoms in x- and
y-direction of the unit cell (W) and the approx-
imate diameter of the pore in A (D). The di-
ameter parameter for these two templates does
not give the pore diameter exactly, because car-
bon atoms connected to only one other carbon
atom were removed to keep the structures con-
jugated. Note that for Template 4 the number
of atoms along x- and y-directions are indeed
equal, but the unit cell vectors differ in these
directions due to different bond directions (i.e.,
for the x-axis the C-C bonds are parallel to the
axis while for the y-axis they are at an angle of
30 degrees).

First, we analyze the band gaps obtained by



DFT in order to nd structure property rela-

tions. One important structural parameter we
take into account in our analysis is the fraction
of the pore with respect to the area of the unit

cell, pore,

pore = Apore=Acell; 1)

where Apoe denotes the pore area and\ is
the area of the unit cell.

Figure 2: DFT band gaps,E{®F, as function
of pore fraction, o (See Equation 1). Color
indicates pore area per simulation cell.

Figure 2 shows the band gaps calculated for
the relaxed structures as function of the pore
fraction ( pore), With color indicating the pore
area per simulation cell. Clearly, for the entire
set of structures, there is no correlation between
the pore fraction/pore area and the band gap.
However, Figure 2 also shows some structures
with similar values for their band gaps but in-
creasing pore fraction and pore area, e.g., the
structures with band gaps above 2 eV.

These structures belong to a subset diem-
plate 1 geometries with the width of the wide
part (W\y) being 9 atoms, the width of the nar-
row part being 3 atoms, and the length of the
wide part being 4 atoms Ly =2). For these
structures, varying the length of the narrow
part (L) does not change the band gap signif-
icantly (see upper panel of Figure 3). Further-
more, increasing_y in these structures leads to
a lower value of the band gap (see lower panel of
Figure 3). Thus, for this subset ofTemplate 1
geometries, the band gap can be tuned by vary-
ing Lw, but not by changing Ly . However, for
structures with Wy, larger than 9, these obser-
vations do not hold anymore and the band gap

4

Figure 3: DFT band gaps,E®F, as function
of pore fraction, e, for the structures made
from Template 1 with W\, =9 and Wy =3. In
the upper panel, colors indicate constanty
and varying Ly, while the opposite is the case
in the lower panel.

can be modi ed by changing eitherLy, or Ly
(see Section S4 in the SI).

Structures built from Template 1 and Tem-
plate 2 can be seen as connected armchair
graphene nano-ribbons (AGNRs). Hence, it is
not entirely surprising that we can observe a be-
havior for the band gap as function of the width
of the wide part resembling observations for
AGNRs.* That is, for structures with Ly =2
and Ly =1, we can distinguish three di erent
subseries (see Figure 4). For all three subseries
the band gap gets lower with larger width. The
upper panel of Figure 4 depicts this behavior
for the structures from Template 1, while the
lower panel shows it for geometries built from
Template 2 For the latter, the di erence be-
tween Wy, and Wy is xed to 5 atoms. For
Template 2 one can see that the 3n+2 series
(with n odd) is always metallic, while for the
other series the band gaps of the structures in-
cluded in this work are in the semiconducting



Figure 4: DFT band gaps,E{®F, as function of
structural parameters. The upper panel shows
band gaps of structures made from template 1
with Lw=2 and Ly=1 as a function of Wyy.
The lower panel depicts the band gaps of struc-
tures made from template 2 withL\y =2, Ly =1
and Wy, -Wy =5 as a function of Wy . In both
panels di erent subseries are indicated by dif-
ferent symbols.

regime. In the case of the structures built from
Template 1 on the other hand, all three series
start out in the semiconducting. Here, only the
3n+2 series (with n odd) reaches band gaps low
enough to be considered metallic, at least for
the set of structures investigated in this work.
For the graphene-based templateslemplate 3
and Template 4 no structure-band gap rela-
tions were found. Note that the observations
for the structures in the upper panel of Fig-
ure 4 also hold when we use the hybrid func-
tional HSE06 instead of PBE (see Figure S17
in the SI). The ratio of HSE06 to PBE band
gaps for the structures in the upper panel of
Figure 4 is 1.35 with a standard deviation of
0.09.

Apart from band gaps, we also obtained total

energies, forces and stresses from DFT. As de-
scribed in the methods section, we used these
guantities to train an interatomic potential us-
ing the MACE 3232 architecture. Table 1 shows

Table 1: Mean absolute error (MAE), max-
imum error, and root mean square error
(RMSE) for MACE predictions of forces and to-
tal energies on the test set portion of the data
set.

MAE Max. error RMSE
Force (eV/A) 0.019 0.493 0.037
Energy (meV/atom) 0.390 1.072 0.505

the MAE, maximum error, and RMSE for forces
and energies obtained on the test set portion of
the data set. While reports of maximum er-
rors are hard to nd, the values for MAE and
RMSE produced by our model are comparable
to errors reported for di erent data sets in lit-
erature.3* Furthermore, all the MD simulations
we performed with this model were numerically
stable, which indicates that the model gives rea-
sonable predictions for forces and energies.

Table 2: MAE, maximum error, and RMSE for
ALIGNN predictions of band gaps on the test
set portion of the data set.

MAE (eV) Max. error (eV) RMSE (eV)
0.066 0.375 0.092

MAE, maximum error, and RMSE produced
by the ALIGNN model trained on PBE band
gaps are shown in Table 2 for the test set.
These errors are in good agreement with lit-
erature values for band gaps obtained for neu-
ral networks trained on larger datasets®>!
Here, the structural and chemical homogeneity
of our training data may compensate for the
small size of the data set. Altogether, the low
errors we obtain for our machine learning mod-
els mean that they are well suited for the tasks
performed in this work. Note that the accuracy
of our models (MACE and ALIGNN) is also
conrmed by model error and learning curve
analyses based on cross-validation (see section
S8 in the SI).



One of these tasks is the prediction of temper-
ature dependent band gaps. Here, th®1IACE
force eld was rst used to relax the geome-
tries of our NPGs, as the equilibrium structures
served as starting point for MD simulations.
Details regarding the MD simulations employ-
ing our machine-learned interatomic potential
can be found in the methods section. For each
of the 460 NPG structures, theALIGNN model
was used to predict the band gaps for each of
the 200 snapshots taken along the MD trajecto-
ries at four di erent temperatures (T=100, 200,
300, and 400 K). Then, the mean and standard
deviation of the band gap was calculated for all
structures and temperatures. Furthermore, the
band gap changes with respect to the band gap
prediction for the equilibrium structures were
calculated.

An analysis of the band gap changes as func-
tion of the DFT band gap of the equilibrium
structures shows that larger band gaps are mod-
i ed more strongly with increasing temperature
compared to low band gaps (see Figure 5). Fur-
thermore, while large band gaps tend to de-
crease with temperature, low band gaps tend to
open up. These observations also hold within
the structures of dierent templates. Note
that for many small band gap structures our
ALIGNN model predicts an opening of the
band gap with temperature. -point-only DFT
calculations for few MD snapshots for two of
these structures indicate that this band gap
opening is an artifact of our band gap predic-
tion, as our ALIGNN model exhibits low accu-
racy for the prediction of small band gaps (see
Figure S13 in the SI).

Further analysis of the temperature depen-
dent band gaps was performed using the equa-
tion suggested by O'Donnel and Chef®

1], (2)

whereE, is the zero-temperature band gapk ph
is the average phonon energy, anl is a dimen-
sionless electron-phonon coupling. This equa-
tion has been applied to obtainEg, Ep,, and
S from experimental data for a variety of low-
dimensional systems 6!

The phonon calculations we performed allow

Eq(T)= Eo SEpn[coth(Epn=2ks T)

us to eliminate one tting parameter from this
equation, namely the average phonon energy,
Epn. Instead, we calculate the phonon energy
from the phDOS for each temperature using the
following equation,

Z

1 Zn( )d:

En(M= 5 g 1

3)
Here, N, is the number of atoms in the simula-
tion cell, ! is the frequency (or energy) of the
phonon mode andh(! ) is the phDOS. Note that
we observe a small amount of imaginary modes
in the phDOS for all of our structures. The
origin of these imaginary modes may be due to
long-range disorder not taken into account by
obtaining equilibrium structures for unit cells,
Oor some minor inaccuracy in our interatomic
potential. However, for the calculation of the
phonon energy according to Equation 3, this
imaginary phonon modes do not a ect the re-
sults signi cantly.

Fitting Equation 2 to our predicted band gaps
and phonon energies (Equation 3) for each tem-
perature, we obtainS and E, for each structure.
Figure 6 shows the tted electron-phonon cou-
pling parameters as function of the band gap
change at T=400 K and indicated zero-point
renormalization of the gap, de ned here as:

(4)

where Eq is the zero-energy band gap from
Equation 2 and E2X sy i the band gap pre-
dicted with our ALIGNN model for the equi-
librium structures. From this plot, it is clear
that the main driver of the closing of the band
gap is the electron-phonon coupling. This is in
agreement with observations for conventional
semiconductor§? and has been observed for
two-dimensional materials, such as monolayer
black phosphorus®® For the structures where
the band gap opens up, S becomes negative and
Equation 2 is not applicable anymore. How-
ever, as mentioned above, the band gap open-
ing is an artifact of the band gap predictions
with our machine learning model. Therefore,
the negative values for S are only shown here
for completeness. Consequently, for structures
where S and EZZ°™ cancel each other out or

renorm _ OK .
EZP - EO EALIGNN ’



Figure 5. Band gap changes as predicted with ALIGNN as function of the PBE band gaps of the
relaxed structures. Colors indicate the templates from which the structures are made.

both are low, no change in the band gap can be
observed. In such cases, the interplay between
electron-phonon coupling and zero-point renor-
malization of the band gap stabilizes the band
gap with respect to changes in the temperature.

Note that the range of values for S is consis-
tent with experimentally determined values for
transition-metal dichalcogenide$!%4%” CuO
quantum dots,%® graphene quantum dots°
and conventional semiconductor§® Moreover,
the large range of values for S suggests that,
besides the band gap, also the strength of
electron-phonon coupling can be tuned by
structural modi cations. However, band gap
and electron-phonon coupling cannot be tuned
independently of each other as structures with
stronger electron-phonon coupling tend to ex-
hibit larger band gaps (see Figure S15 in the
S).

NPGs for applications

The successful utilization of NPGs as semicon-
ducting layer in FETs has been experimentally

demonstrated® However, no systematic investi-
gation of the electronic properties of a larger set
of NPGs has been performed so far. Our data
set includes the NPG that was used in the men-
tioned experiments, it is from template one and
has the following parametersW,, =13, Wy =7,
LW:2, LN =1.

In the o state, the conductance due to tem-
perature in a semiconductor,Ge; , IS propor-
tional to exp( Eg=ks T).%® While the calcula-
tion of the conductivity in the on-state would
require electronic-transport simulations which
are out of the scope of this work, we can es-
timate the conductance on-o ratio based on
the on-o ratio and band gap of a reference
structure. Here, we use the previously men-
tioned NPG (Wy =13, W=7, Lw=2, Ly=1)
for which an experimental value for the on-o
ratio (10 is reported in literature.® We use
the following equation to estimate the on-o ra-



