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Abstract

Calculating anharmonic vibrational modes of molecules for interpreting experimental spectra
is one of the most interesting challenges of contemporary computational chemistry. However,
the traditional QM methods are costly for this application. Machine learning techniques have
emerged as a powerful tool for substituting the traditional QM methods. Universal interatomic
potentials (UIPs) hold a particular promise to deliver accurate results at a fraction of the cost
of the traditional QM methods but the performance of UIPs for calculating anharmonic
vibrational frequencies remains hitherto unknown. Here we show that despite a known
excellent performance of the representative UIP ANI-1ccx for thermochemical properties, it
fails for the anharmonic frequencies due to the original unfortunate choice of the activation
function. Hence, we recommend evaluating new UIPs on anharmonic frequencies as an
additional important quality test. To remedy the shortcomings of ANI-1ccx, we introduce its
reformulation ANI-lccx-gelu with the GELU activation function which is capable of
calculating IR anharmonic frequencies with reasonable accuracy (close to B3LYP/6-31G*).
We also show that our new UIP can be fine-tuned to obtain very accurate anharmonic
frequencies for some specific molecules but more effort is needed to improve the overall
quality of UIP and its capability for fine-tuning. The new UIP will be included as part of our
universal and updatable Al-enhanced QM methods (UAIQM) platform and is available
together with tutorials in open-source MLatom at https:/github.com/dralgroup/mlatom. The
calculations can also be performed via web browser at https://XACScloud.com.
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Introduction

Vibrational spectroscopy is a prominent area of research in contemporary molecular physics
and theoretical chemistry that serves as a highly sensitive tool for molecule identification and
the monitoring of conformational and structural transformations, both in the gas phase and in
solution. It plays a vital role in detecting various species in the interstellar medium and the
atmosphere!* with applications in stellar classification, air quality monitoring, and
identification of air pollutants. It is also widely used to study reactions at interfaces’, including

functional interfaces of actively developed technologies such as heterogeneous catalysis for

6, 7 9 10, 11
3

chemical synthesis or decomposition® 7 or for energy conversion® °, solar cells and

electrochemical batteries!? 13,

During the last 50 years, computational vibrational spectroscopy has gone through great
development and has become a valuable tool for the interpretation and prediction of spectra'4,
A crucial task in the practical application of vibrational spectroscopy is the assignment of a
measured frequency to its corresponding type of molecular motion. In the frequency range
between 1200 and 1700 cm ™!, assignments are particularly challenging, because of couplings

between the different degrees of freedom.

The most straightforward approach to evaluate the vibrational behavior of a molecule is
through the use of the harmonic approximation, in which the potential energy function is taken
as a truncated, second-order Taylor series. Calculating vibrational spectra within the harmonic
approximation typically yields data that enable a semi-quantitative comparison with
experimental results. However, this approximation does not consider anharmonic effects and
mode coupling, which can significantly impact the accuracy of the results, especially when the
molecule deviates from its equilibrium geometry. Consequently, interpreting experimental
spectra may lead to notable errors. It is crucial to acknowledge that molecular potential energy
surfaces (PESs) are inherently anharmonic, and this characteristic is manifested in the
vibrational spectrum of the studied molecular system. Predictions of accurate anharmonic
frequencies, which compare sufficiently well with experiment, remain a challenge to overcome
and allow assignments of the vibrations and interpretation of spectroscopic features, especially

for high-frequency modes!>-%.

Any of the above approaches for vibrational frequencies require the calculations using QM
methods. Conventional spectroscopic computer techniques based on methods derived from

quantum mechanics can be very time-consuming when using highly accurate methods such as
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coupled cluster with single, double, and perturbative triple excitations, CCSD(T)?**23, and
beyond?**28. On the other side, there are density functional theory (DFT) methods that generally
are far from spectroscopic accuracy but often provide a decent semi-quantitative agreement

with the experiment?.

Many efforts have been made to develop faster and more accurate QM methods and this
research field is still active, but the traditional QM method development takes a lot of time and
ultimately comes with little improvement in results. Machine Learning (ML) techniques have
emerged as a powerful tool for supplementing the traditional QM method development
allowing for rapid improvements®® 3!, ML enables calculations with both high accuracy and
very low computational cost. Although significant progress has been made in this field, the
majority of ML applications in quantum chemistry are still rather limited to particular uses.
Numerous studies using ML for calculating anharmonic vibrational frequencies have also been
conducted??3?. These calculations require accurate, full-dimensional potential energy surfaces
(PESs) for which ML methods have gained much attention**. ML potentials are used to
generate statistical models that aim to identify an unbiased predicting function that optimally
correlates a set of molecular structures with the given target energies and forces used as training
data. These ML methods used to generate PESs can be classified into kernel-based
approaches*! (e.g., KREG**, GAP*-SOAP*, sGDML *) and neural network (NN) approaches
(e.g., PhysNet**, ANT*’, DPMD*, BPNN*’, SchNet>* 5!, MEGNet>2, and MACE>**),

Numerous studies have been conducted on the calculation of anharmonic frequencies and
spectra using various methods.?>-%> Recent studies illustrate a practical approach to calculate
anharmonic frequencies from accurate, machine-learned potentials for small- (four atoms) to
medium-sized (nine atoms) molecules, where the representation of the PESs is based on a
neural network (NN) using the PhysNet architecture®® ¢°. In these studies, the second-order
vibrational perturbation theory (VPT2) is a popular tool for calculating anharmonic frequencies
which can be done with the ML-PESs used as an external energy function.>® % Also, in these
studies, transfer learning (TL) was used to achieve more accurate PESs by fine-tuning the

PhysNet potential on additional data from higher levels of quantum chemical theory.>

The primary obstacle that persists is developing flexible ML methodologies that can

successfully generalize to various scenarios. The above studies employed the ML interatomic

potential specifically fitted for each molecule. It is, however, highly desirable to use universal

interatomic potentials (UIP) which can generalize to any molecule. There is a surge in the

number of UIPs with most of them targeting DFT-quality PESs.%¢7! One of the earliest
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successful UIPs is ANI-lccx” which is addressing the challenge of achieving PESs with
CCSD(T)-level accuracy while maintaining transferability and extensibility across a wide
range of chemical processes. ANI-1ccx was demonstrated to have excellent, near-chemical
accuracy for predicting thermochemical properties which also involve the frequency
calculations.” Hence, one would expect it must have a decent performance for anharmonic

frequencies too. In this work, we show that, surprisingly, this is not the case.

To remedy this problem, here, we revise the ANI-1ccx and introduce the new UIP ANI-1ccx-
gelu which has comparable performance to ANI-1ccx in terms of excellent speed and good
accuracy for many applications. Particularly, for the anharmonic frequencies, ANI-1ccx-gelu

produces decent, close-to-DFT results.

We also show that a particular advantage of ANI-1ccx-gelu is its cost-efficient fine-tuning for
specific molecules which might achieve the desired level of accuracy in anharmonic
frequencies, e.g., close to the CCSD(T) level. The remaining challenges with the use of ANI-

lcex-gelu and its fine-tuning are discussed too.
Results and discussion
Evaluation of the coupled-cluster-level UIP ANI-1ccx on anharmonic frequencies

ANI-1ccx is known to approach coupled-cluster-level accuracy for many properties. The
reported scheme for the accurate calculation of the enthalpies of formation has employed the
rigid-rotor, harmonic oscillator approximations for calculating zero-point vibrational
frequencies and thermal corrections which were sufficient to nearly reach chemical accuracy.
To put it in perspective, ANI-1ccx outperformed common DFT methods such as B3LYP/6-
31G* and semi-empirical methods specifically fitted on enthalpies of formation. Hence, one
might expect that such a high accuracy of ANI-lccx would translate into at least decent

performance for anharmonic frequencies.

Here we test this hypothesis and perform the VPT2 calculations with the ANI-1ccx for the
HCOOH molecule (see Methods). Surprisingly, the errors in anharmonic frequencies compared
to the experiment are huge: mean absolute error (MAE) is ca.1500 cm™! with many negative
frequencies (Table 1). This is far worse than DFT exemplified by B3LYP/6-31G* (here and in
the following) or MP2 which have MAEs in the order of dozens of wavenumbers (Table 1).

We trace the underlying issue to the inappropriate choice of the activation function which leads

to numerical instabilities for higher-order derivatives required for VPT2 anharmonic
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frequencies. The possible solution is then to employ another activation function. Indeed, when
we replace CELU with the GELU activation function and recalculate the anharmonic
frequencies with the resulting ANI-1ccx (GELU) variant, the unphysical negative frequencies
disappear and the MAE drops to ca. 680 cm™! (Table 1). Similarly, for other molecules (CH>O,
HNO,, CH30H, CH3CHO, CH3COOH, CH3NO,, and CH3CONH>) replacing CELU with the
GELU led to the increase in accuracy and the elimination of negative frequencies (except

CH3;COOH, see Table S3, Table S6, Table S8, Table S10, Table S12,Table S14).

Table 1. VPT2 anharmonic frequencies (in cm ™) of HCOOH calculated using UIPs ANI-1ccx (with
the default CELU activation function and after changing to the GELU activation function) and ANI-
lcex-gelu compared to the ab initio MP2 values™ as well as with experiment™ and a representative
DFT method (B3LYP/6-31G*).”

ANI-Iccx  ANI-lcex  ANI-lcex- DFT MP2 Exp
(CELU) (GELU) gelu

1 572.95 451.205 601.02 620.51 619.54 626.16
2 -4292.22 394.215 639.48 676.56 641.78 640.72
3 1075.44 541.456 1022.52 1033.34 1036.38 1033.47
4 -1250.98 533.909 1137.08 1115.83 1098.18 1104.85
5 6955.88 641.05 1317.02 1265.34 1220.63 1306.20
6

7

8

9

mode

1206.03 812.656 1407.21 1403.86 1380.94 1380.00

-2263.56 915.278 1797.65 1820.40 1760.53 1776.83

694.75 1799.38 3020.50 2924.46 2967.80 2942.00

2324.11 2089.36 3617.04 3476.54 3554.90 3570.50
MAE 1568.75 689.136 28.16 30.27 17.94
RMSE 2535.00 793.4 35.61 40.43 30.90

“Negative frequencies were removed when evaluating errors as is done in literature®.

New UIP ANI-1ccx-gelu fixing the problems of ANI-1ccx

Despite the improvement in anharmonic frequencies, ANI-1ccx (GELU) still performs much
worse than DFT or MP2. The possible reason is that in ANI-1ccx (GELU) we kept the ANI-
leex (CELU) weights, which obviously might not be optimal for this activation function.
Hence, here we refitted the weights using the procedure analogous to that employed for fitting
ANI-1ccx. In brief, we first fitted the network weights to ca. 4.5 M DFT-level data and then
fine-tuned some of them to 0.5 M coupled cluster-level data. We name the resulting universal
interatomic potential ANI-1ccx-gelu. It consists of an ensemble of eight models as ANI-1ccx,

which improves the accuracy of the model.

Page 5 of 39

https://doi.org/10.26434/chemrxiv-2024-c8s16 ORCID: https://orcid.org/0000-0002-2975-9876 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2024-c8s16
https://orcid.org/0000-0002-2975-9876
https://creativecommons.org/licenses/by-nc-nd/4.0/

S. F. Alavi, P. O. Dral, et al. ANI-1ccx-gelu for anharmonic frequencies 08.10.2024

Our new UIP ANI-1ccx-gelu predicts the anharmonic frequencies of the HCOOH molecule
with good accuracy: MAE is 28.16 cm™! which is even somewhat better than B3LYP/6-31G*
(30.27 cm™") but still worse than MP2 (17.94 cm ™). We also tested the new UIP on a set of
small molecules with available experimental anharmonic frequencies and it has a decent
accuracy for many of them (Table 2). To put it in perspective, we also report the DFT errors
for the same set of molecules and see that ANI-1ccx-gelu has an accuracy similar to DFT while
both of the methods may have big errors for some molecules. Only one molecule ANI-1cc-
gelu has catastrophically bad anharmonic frequencies (CH;NO,, MAE of 1373.65 cm™!). It
means that there is still room for improvement for the UIP as the deficiencies are likely to be

due to insufficient training data.

Table 2. MAEs in VPT2 anharmonic frequencies (in cm™") of different molecules at ANI-1ccx-gelu
and DFT (B3LYP/6-31G*) with respect to the experiment.”

Molecule MAE (ANI-1ccx-gelu) MAE (DFT)
HCOOH 28.16 30.27
H>CO 317.24 45.75
HNO: 18.52 50.45
CH;0OH 49.72 123.51
CH;CHO 18.73 16.86
CH:COOH 225.65 18.62
CH3NO2 1373.65 17.61
CH3CONH2 78.94 43.80

“Negative frequencies at both ANI-1ccx-gelu and DFT were removed when evaluating errors, as is done
in literature™. See Supporting Information for the full lists of frequencies at each level in Table S3,

Table S6Table S8Table S10Table S12, and Table S14.

In addition, ANI-1ccx-gelu retains a performance similar to that of ANI-1ccx and popular
semi-empirical GFN2-xTB”> and B3LYP’%/6-31G* methods for the standard GMTKN55
benchmark’’ (its CHNO-containing subset with neutral and closed-shell species due to the

limitations of the training set and model architecture, Figure 1).
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Subsets N ANI-1ccx ANI-1ccx-gelu GFN2xTB B361_‘ ::;1;]34/
Basic properties and reaction energies for small systems
G2RC 12 24.59
FHS51 44 5
TAUTI1S 13
DC13 10
WTMAD-2
Reaction energies for large systems and isomerisation reactions
DARC 14
BSR36 36
CDIE20 20
IS034 34
ISOL24 16
C60ISO 9
WTMAD-2
Reaction barrier heights
BHPERI 22
BHDIV10 5
INV24 13
BHROT27 19
PX13 8
WCPT18 12
WTMAD-2
Intermolecular noncovalent interactions
ADIM6 6 0.64
S22 22 5.00
S66 66 2.52
WATER27 15 1.17
WTMAD-2 9.99
Intramolecular noncovalent interactions
IDISP 6
ACONF 15
Amino20x4 72
PCONF21 18
MCONF 51
SCONF 17
BUT14DIOL 64
WTMAD-2
Total
WTMAD-2

Figure 1. Performance of the GELU-improved universal ANI potential compared with ANI-1ccx,
GFN2-xTB, and B3LYP/6-31G* on GMTKNSS. Only neutral closed-shell CHNO-containing
compounds are selected due to the limited coverage of training data. WTMAD-2 — weighted mean
absolute deviation-2 in kcal/mol as defined in Ref. 77.

Efficient fine-tuning of UIP ANI-1ccx-gelu

The anharmonic frequencies computed with our new UIP ANI-1ccx-gelu show that they reach

the DFT-level accuracy, much better than ANI-1ccx potential (Table 1). However, we often

need higher accuracy, ideally closer to the spectroscopic accuracy (errors of ca. 1 cm™!). Here
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we explore whether it is possible to achieve this by fine-tuning our new UIP ANI-1ccx-gelu

model to a new problem: a specific molecule and/or level of theory.

For this, we performed transfer learning by refitting part of the ANI-lccx-gelu model
parameters to CCSD(T)-F12, CCSD(T), and MP2 energies and forces for different conformers
of HCOOH molecule (data taken from a previous study’’). The generated VPT2 anharmonic
frequencies by ANI-1ccx-gelu fine-tuned on MP2 data (ANI-1ccx-gelu/TL@MP2) show very
good agreement with the reference MP2 results as the MAE is only 1.79 cm™! (Table 3, see
Methods for details). Importantly, this error is smaller than the error of the ANI model with
GELU activation function trained on the same data from scratch (MAE of 3.03 cm ™), i.e., fine-
tuning is more accurate and a bit faster (see Table 3 for errors and Table 4 for timings). This
demonstrates an excellent quality that may be achieved by fine-tuning to the desired level for

a single molecule.

Table 3. VPT2 anharmonic frequencies (in cm™') of HCOOH calculated using TL UIP ANI-1ccx-gelu
trained on MP2, CCSD(T), and CCSD(T)-F12 data. They are compared to their reference ab initio MP2
values® and experimental values’*.

ANI-1ccx- ANI-1ccx-  ANI-lcex-
gelu/ gelu/ gelu/
mode TL@ ANI MP2 TL@ TL@ Exp
MP2 CCSD(T) CCSD(T)-
F12
1 619.78 621.88 619.54 619.11 620.18 626.16
2 642.25 642.10 641.78 632.32 637.63 640.72
3 1039.08 1038.64 1036.38 1029.55 1033.24 1033.47
4 1096.95 1085.76 1098.18 1099.21 1103.54 1104.85
5 1218.50 1221.13 1220.63 1293.70 1299.64 1306.20
6 1377.10 1382.86 1380.94 1375.13 1376.04 1380.00
7 1763.24 1764.45 1760.53 1767.72 1778.76 1776.83
8 2966.44 2967.09 2967.80 2930.51 2933.28 2942.00
9 3556.36 3557.77 3554.90 3562.76 3571.96 3570.50
MAEEgx, 18.24 18.67 17.94 7.86 3.69
RMSEgyp 31.30 30.92 13.90 8.31 4.57
MAEwmp2 1.79 3.03
RMSEwmp: 2.10 4.63
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Table 4. The computational cost for training or fine-tuning a single model on the HCOOH molecule
PES using the RTX 2080Ti GPU. The range is shown for three repeats.

Models Number of epochs Time per epoch, s
ANI 565-800 8.5-9.0
ANI-1cex-gelu (TL) 420-685 8.3-8.4
PhysNet — 186.2-196.1

“The original study” did not report the number of epochs needed to achieve the reported results, here

we only evaluated the time per epoch on our hardware.

However, both MP2 and ANI-1ccx-gelu/TL@MP2 have MAE of ca. 18 cm™! compared to the
experiment. Hence, we look next to how the model fine-tuned on more accurate coupled
cluster-level data performs. Indeed, ANI-1ccx-gelu/TL@CCSD(T)-F12 has an outstanding

accuracy with MAE of only 3.69 cm™!

compared to experiment, while ANI-Iccx-
gelu/TL@CCSD(T) trained on a slightly less accurate data shows MAE of 7.86 cm™!. This
demonstrates that the fine-tuning of ANI-1ccx-gelu can, in principle, successfully adjust to the

target level for a specific molecule.

Nevertheless, an analysis of fine-tuning of ANI-1ccx-gelu to MP2 and coupled-cluster-level
(where available) data for a range of molecules uncovers the remaining challenges (Table 5).
Our results clearly show that fine-tuning works better for molecules that were already described
well with the universal model (i.e., compare Table 2 and Table 5). For such well-described
molecules (particularly, HCOOH and HNO), the performance of fine-tuned ANI-1ccx-gelu is
on par with that of the more complex and computationally costly (see Table 4 and discussion
below) PhysNet model, i.e., MAEs are well below 10 cm™!'. However, for other molecules,
errors can be significantly higher, although the comparison to experimental values indicates
that better ML architecture does not always lead to better results. For example, the CH;OH
molecule is described with MAE of ca. 15 cm™! with both ANI-1ccx-gelu and PhysNet trained
on CCSD(T) data; similarly, for H2CO both approaches produce MAE of the same order of
magnitude (ca. 10 cm™). This might be due to several factors such as uncertainty of
experimental data, inherent error of the VPT2 approach, insufficient accuracy of the reference
coupled-cluster-level data, fortuitous error cancellation in some cases, insufficient coverage of
the required PES regions in the training data, and the fact that ANI-1ccx-gelu was pre-trained
on coupled-cluster data that might make it easier to be fine-tuned on the data at a similar level.
In any case, the varying performance may reflect that the data used to train the universal model

is of crucial importance for downstream tasks such as fine-tuning on a specific task. An
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additional factor to consider is the distribution of the data used for fine-tuning: here we took
the data that was specifically developed to train the PhysNet model, which generally shows
excellent accuracy on these data, particularly when compared to the MP2 level. However, there
is growing evidence that a different type of model may need a different set of data, particularly,

if the model is not as accurate as PhysNet or state-of-the-art equivariant networks like MACE.”®

79

Table 5. MAEs in VPT2 anharmonic frequencies (in cm™') of different molecules at ANI-1ccx-
gelu/TL@MP2, CCSD(T), and CCSD(T)-F12 with respect to MP2 and the experiment.”

TL@ TL@ TL@  PhysNet@  PhysNet@  PhysNet@
Molecule MP2 CCSD(T)CCSD(T)-F12 MP2 CCSD(T)CCSD(T)-F12
wrt MP2 wrt exp wrt exp wrt MP2 wrt exp wrt exp
HCOOH 1.79 7.86 3.69 1.55,1.77 9.06, 9.47 3.59,3.97
H>CO 42.00 13.87 76.26 0.95,2.03 9.04, 10.66 3.98,5.28
HNO; 2.41 5.04 6.29 1.05, 1.30 5.56,6.14 6.74,7.14
CH;0H 14.25 15.53 0.92,1.01 14.30, 15.07
CH;CHO 12.60 0.88,0.72
CH;COOH 51.97 1.47,1.49
CH3NO> 62.36 2.12,1.14
CH;CONH; 2891 2.71,3.88

“Negative frequencies at both ANI-1ccx-gelu and DFT were removed when evaluating errors, as is done
in literature™. See Supporting Information for the full lists of frequencies at each level in Table S4,

Table S5, Table S7, Table S9,Table S11, Table S13, Table S15, and Table S17.

However, when deciding which model to choose, an important factor to consider is the
computational cost.?’ Table 4 provides timing for training models including ANI (i.e., training
from scratch), TL ANI-1ccx-gelu (i.e., fine-tuning), and PhysNet on the HCOOH molecule
PES using a single GPU. For ANI and ANI-1ccx-gelu (TL) models, the wall-clock times for
each training epoch ranged from ca. 8 to 9 seconds, meanwhile, this value for PhysNet models
is ca. 200 seconds which is at least 20 times slower than for ANI. Number of epochs needed to
train the models also varies. Considering the number of epochs for each training, fine-tuning
ANI-1ccx-gelu is also generally faster than training ANI from scratch. Although the original
study”® did not report the number of epochs needed to train PhysNet, our attempts to reproduce
the reported PhysNet performance showed that the number of epochs must be very large,
thousands of epochs, to achieve high accuracy. This amounts to one to two orders of magnitude
more expensive training of PhysNet compared to ANI models. Based on this analysis of the

computational cost, it is apparent that fine-tuning ANI-1ccx-gelu is the most cost-effective
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while also rather effective, and, hence, it would be very beneficial to further improve this UIP’s

robustness for such downstream tasks as calculating accurate anharmonic frequencies.
Conclusions

We studied the calculation of the anharmonic frequencies with the VPT2 approach using the
universal interatomic potentials. We found that ANI-1ccx despite its excellent accuracy for
thermochemical properties is not suitable for predicting the accurate anharmonic frequencies
which we traced down to the deficiencies in the activation function CELU. Hence, we
introduced the reformulation of ANI-1ccx with a more suitable activation function GELU. The
resulting universal model ANI-lccx-gelu has good, DFT-level, accuracy for anharmonic
frequencies while also providing decent performance for chemically relevant simulations.
ANI-1ccx-gelu is, of course, more computationally efficient than quantum chemical
approaches for calculating anharmonic frequencies and can be used for molecules with more
atoms. Overall, our new UIP ANI-1ccx-gelu potential is an attractive alternative to DFT and
semi-empirical quantum mechanical approaches. We will be included ANI-1ccx-gelu in our
collection of universal and updatable Al-enhanced QM (UAIQM) models®! giving the benefit
that it can be selected automatically based on our reported uncertainty quantification

procedure’.

We also showed that ANI-1ccx-gelu can be fine-tuned to produce a high accuracy potential for
special tasks but the performance strongly depends on the system. We attribute this dependence
to the data distribution used to train the universal model. It indicates that more effort is needed
to consistently achieve beyond-DFT quality for anharmonic frequencies. This is particularly
pertinent considering the outstanding computational speed for making predictions with and
fine-tuning ANI-1ccx-gelu compared to more complex and accurate machine learning

interatomic potential architectures.
Methods
Computational details

All simulations were performed with the development versions of the MLatom program?®?
interfaced to the TorchANI package®? for training and predictions with the ANI-based models,
the PhysNet package*® for calculations with the PhysNet potential*®, and Gaussian 16 for
geometry optimizations and anharmonic frequency calculations. The data set used is taken from

Meuwly’s group®. MP2 level in the paper denotes the MP2/aug-cc-pVDZ, CCSD(T) —
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CCSD(T)/AVTZ and CCSD(T)-F12 — CCSD(T)-F12/AVTZ-F12 With the reference data
generated using MOLPRO’.

Anharmonic vibrational frequencies

The vibrational anharmonic frequencies are computed using VPT2 via MLatom’s interface to
the Gaussian 16 software,** utilizing ML PES as an external potential. VPT2 is employed to
incorporate anharmonic effects and mode coupling into spectroscopic properties®>. VPT2
assumes that the potential energy of a system can be expressed as a quartic force field, given

by

1 R 1 A 1 aAn A A
V= Ez b di + EZ Gijk 4:q;qx + ZZ Pijic 414Gk G- (1)

Here, w; is a harmonic frequency, q; are normal mode coordinates, and ¢;jr and ¢;jr are third-
and fourth-order derivatives of the potential ¥, with respect to normal mode coordinates,
respectively. The first term in Eq. 1 is the harmonic part of the potential and the remaining
terms describe anharmonic effects. The cubic and quartic force constants can be used to obtain
anharmonic constants.’® The anharmonic fundamental frequencies v; are obtained from the

anharmonic constants y according to
1
V= wp+ 2y + EZXU' (2)

Fine-tuning ANI-1ccx-gelu

ANI-1ccx-gelu was fine-tuned on CCSD(T)-F12, CCSD(T), and MP2 data across
HCOOH, H>CO, HNO,, CH30H, CH3;CHO, CH3COOH, CH3NO>, and CH;CONH, molecules
with 5401, 3601, 6404, 7201, 10073, 10910, 9001, and 12601 number of data points,
respectively, taken from the data set reported earlier™®. CCSD(T) data were available only for
HCOOH, HNO,, H>CO, and CH30H. CCSD(T)-F12 data were available only for HCOOH,
HNO>, and H2CO. Transfer learning is used with different weights fixed for different molecules
and data based on the best performance of generated anharmonic frequencies (Table S18).
Table S19 shows an example of the effects of different fixed layers on the performance of
generated anharmonic frequencies for HCOOH. A sample of different models is trained until
the limit of the learning rate (107°) is reached and the epoch’s model with the best performance

on the validation set is selected as the final model.
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Training ANI from scratch

The dataset was randomly split according to 85%/10%/5% into training/validation/test sets for
fitting the ANI-type ML potential (with the GELU activation function) on energies and forces.
The ANI model hyperparameters were optimized too. These hyperparameters include batch
size, early stopping, number of layers and their size, radial cutoff, and angular cutoff. We also
optimized a hyperparameter for energy-weighting the loss function. The calculations and
results of the weighting function parameters are explained in Supplementary Note 1, SI which
showed that for this data distribution, no energy weighting is needed. We found that the
optimized hyperparameters of the NN architecture are basically the same as the default of the
TorchANI interface and, hence, we used the default parameters except for the angular cutoff
Rca which was set to 3.3 A. Our tests showed that the generated anharmonic frequencies from
different ANI models are a little different from each other. To improve the robustness, the ANI
model’s results reported in the main text (Table 3) are from the ensemble of nine of the best
ANI neural networks trained on the same MP2 data but with different random splits. All of the
ANI models in the ensemble were evaluated on separate test sets with the MAEs and root-
mean-squared errors (RMSEs) in energies and forces reported in Table S1. MAEs and RMSEs
show nine independently trained models can still differ appreciably, although nine models are

of relatively high quality.
Supporting information

Out of sample energy and force errors for ANI models, VPT2 anharmonic frequencies
obtained from ANI-1ccx (CELU), ANI-1cex (GELU), ANI-1ccx-gelu (TL) models, and
DFT.

Data availability

No new data was generated in this study (we re-used the existing data sets taken from the

literature™).
Code availability
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Supplementary Note 1. Energy weighting.

To generate accurate machine learning potentials to subsequently use them for simulation tasks
with better accuracy, we applied the flexible energy weighing functions in training machine
learning potentials which gives higher weights for the more important low-energy regions of
PESs, as introduced in the previous work®. Here, we implemented training of ANI-type NNs
with a weighting function to get the best results for anharmonic frequencies which are

evaluated based on MAE and RMSE for frequencies.

We used the weighing function, w(AE) that provides larger weights w to points with lower

energies as defined by energy AE (in Hartree) relative to the global minimum:3¢
w(AE) = max{[—6(aAE)> + 15(aAE)* — 10(aAE)3] + 1,0} (s1)

Figure S1 shows the weighting function as the function of the energy AE relative to the global
minimum. The dependence of the weighting function shape on the parameter a is shown by the

colorful curves, and the purple histogram of the AE distribution of the data set is also shown.
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Figure S1. The weighting function as the function of the energy AE relative to the global
minimum.

The anharmonic frequency calculations with various values of “a” parameter in the weighting
function formula were run according to the above diagram. Table S1 shows the results of

anharmonic frequencies and their corresponding accuracies, as well as the accuracy of the ANI
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model (energies and forces as MAE and RMSE (test set)). According to these calculations, the
best accuracy of anharmonic frequencies, MAE(v) = 3.73 is when there was no weighting
function in calculations. Hence, we did not use the weighting function in any of the reported

simulations.

Table S1. Errors in the anharmonic frequencies as a function of the parameter a in Eq. S1.

a 0 2.0 5.0 10 20 30 40 50 60 70 80
MAE 3.73 4.52 12.88 1285 1439 470 1330 1843 699 1462 1395
RMSE 4.90 7.20 2643  26.89 2810 594 2731 3390 7.69 1645 16.25

Table S2. Performance measures of nine ANI models trained independently on the same MP2
data and evaluated on the test set. The MAEs and RMSEs are given in kcal/mol (/A) and
multiplied by a factor of 1000 for clarity.

Accuracy/Models NN1 NN2 NN3 NN4 NNS5 NN6 NN7 NNS8 NN9
MAE(E) 7.29 7.27 7.35 8.30 7.56 6.93 8.19 8.19 7.56
RMSE(E) 435 5.00 5.07 4.58 441 3.78 5.04 5.04 5.67
MAE(F) 53.21 63.94 55.29 65.60 66.15 55.44 71.19 62.37 63.63
RMSE(F) 94.25 115.44 92.35 115.68 114.03 103.95 108.99 115.92 154.98

H>CO

Table S3. VPT2 anharmonic frequencies (in cm™!) of H>CO calculated using UIPs ANI-1ccx
(with the default CELU activation function and after changing to the GELU activation function)
and ANI-1ccx-gelu compared to the ab initio MP2 values®® as well as with experiment and a

representative DFT method (B3LYP/6-31G*).

mode ANI-Iccx  ANI-Icex  ANI-lcex- DFT MP2 Exp
(CELU) (GELU) gelu

1 -1122.53 460.07 443.59 1179.50 1180.23 1167.00
2 2358.37 485.16 669.46 1258.43 1246.71 1249.00
3 11.967 528.25 1719.28 1529.47 1507.95 1500.00
4 981.928 812.17 1790.30 1824.10 1720.94 1746.00
5 4751.3 1681.30 2884.77 2760.37 2826.67 2782.00
6 3280.5 1609.58 3077.14 2719.62 2862.61 2843.00

MAE* 1153.66 951.75 317.24 45.75 18.80

RMSE* 1272.66 968.88 403.04 61.78 23.28

“Negative frequencies were removed from the ANI-1ccx (CELU) when evaluating errors.
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Table S4. VPT2 anharmonic frequencies (in cm™!) of H2CO calculated using TL ANI-1ccx-gelu trained on MP2, CCSD(T), and CCSD(T)-F12
data (ANI-1ccx-gelu/TL@MP2, ANI-1ccx-gelu/TL@CCSD(T), and ANI-1ccx-gelu/TL@CCSD(T)-F12). They are compared to the reference ab

initio MP2 values®, experimental values®’, and two PhysNet models>.
p y

ANI-1ccx-gelu/

ANI-1ccx-gelu/

ANI-1ccx-gelu/

mode TL@MP2  TL@CCSD(T)  TL@CCSD(T)-F12 PhysNet PhysNet PhysNet MP? Exp
MP2 CCSD(T) CCSD(T)-F12

1 1188.27 1146.39 1223.89 1180.04, 1179.94  1163.73, 1163.52 1166.36, 1166.73 1180.23 1167.00
2 1219.92 1265.18 1443.51 1246.72, 1246.67  1240.62, 1241.36 1246.01, 1245.61 1246.71 1249.00
3 1567.01 1496.96 1526.44 1507.55,1507.47  1493.89, 1494.91 1498.43, 1498.36 1507.95 1500.00
4 1705.88 1727.49 1833.76 1719.02, 1716.10  1729.94, 1731.88 1745.32, 1744.66 1720.94 1746.00
5 2916.85 2778.09 273119 2823.82,2823.11  2775.38,2779.58 2783.01, 2778.06 2826.67 2782.00
6 2809.76 2822.06 2884.15 2862.29,2859.67  2819.51, 2821.49 2825.99, 2821.91 2862.61 2843.00

MAEkx 54.26 13.87 76.26 18.49, 18.40 10.66, 9.04 3.98,5.28 18.80

MAEwr 42.00 0.95,2.03
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Table S5. VPT2 anharmonic frequencies (in cm™') of HCOOH calculated using TL ANI-1ccx-gelu trained on MP2, CCSD(T), and CCSD(T)-F12
data (ANI-1ccx-gelu/TL@MP2, ANI-1ccx-gelu/TL@CCSD(T), and ANI-1ccx-gelu/TL@CCSD(T)-F12). They are compared to the reference ab
initio MP2 values®, experimental values’, and two PhysNet models®°.

ANI-1ccx-gelu/

ANI-1ccx-gelu/

ANI-1ccx-gelu/

mode TL@MP2 TL@CCSD(T)  TL@CCSD(T)-F12 PhysNet PhysNet PhysNet MP2 Exp
MP2 CCSD(T) CCSD(T)-F12

1 619.78 619.11 620.18 619.28, 618.68 620.37, 619.30 626.05, 625.78 619.54 626.16
2 642.25 632.32 637.63 642.69, 641.62 630.86, 630.52 637.65, 637.58 641.78 640.72
3 1039.08 1029.55 1033.24 1037.06, 1036.44  1028.34,1028.38  1033.08, 1033.04 1036.38 1033.47
4 1096.95 1099.21 1103.54 1097.01, 1096.67  1099.54, 1098.65 1104.11, 1104.7 1098.18 1104.85
5 1218.5 1293.7 1299.64 1220.49, 1219.25  1294.92,1293.36  1301.99, 1301.89 1220.63 1306.20
6 1377.1 1375.13 1376.04 1380.81, 1380.24  1375.30, 1374.86  1377.35, 1378.23 1380.94 1380.00
7 1763.24 1767.72 1778.76 1758.17,1757.89  1765.98,1768.89  1774.44, 1774.60 1760.53 1776.83
8 2966.44 2930.51 2933.28 2959.50,2960.15  2923.05,2922.24  2924.61,2927.30 2967.80 2942.00
9 3556.36 3562.76 3571.96 3554.88,3555.83  3557.15,3562.98  3565.70, 3565.34 3554.90 3570.50

MAE& 18.24 7.86 3.69 17.62, 17.61 9.47,9.06 3.97,3.59

MAEwr 1.79 1.55,1.77
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HNO;

Table S6. VPT2 anharmonic frequencies (in cm™") of HNO; calculated using UIPs ANI-1ccx

(with the default CELU activation function and after changing to the GELU activation function)
and ANI-1ccx-gelu compared to the ab initio MP2 values® as well as with experiment and a

representative DFT method (B3LYP/6-31G*).

mode ANI-lccx  ANI-lcex  ANI-lecex- DFT MP2 Exp
(CELU) (GELU) gelu

1 1172.40 297.61 543.23 468.66 551.35 543.88
2 547.02 391.09 616.23 611.20 565.97 595.62
3 -6145.50 576.89 822.50 837.37 765.83 790.12
4 -26.90 652.00 1268.59 1273.05 1233.45 1263.21
5 -3229.15 1148.83 1734.42 1780.37 1637.31 1699.76
6 4269.76 2032.99 3608.21 3516.59 3577.17 3590.77

MAE* 563.99 18.52 50.45 27.87

RMSE* 736.18 22.39 58.07 32.90
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Table S7. VPT2 anharmonic frequencies (in cm™') of HNO:> calculated using TL ANI-1ccx-gelu trained on MP2, CCSD(T), and CCSD(T)-F12
data (ANI-1ccx-gelw/TL@MP2, ANI-1ccx-gelu/ TL@CCSD(T), and ANI-1ccx-gelu/TL@CCSD(T)-F12). They are compared to their reference

ab initio MP2 values®®, experimental values®®, and two PhysNet models>°.
p y

ANI-lccx-gelu/  ANI-1ccx-gelu/ ANI-1ccx-gelu/ PhysNet PhysNet PhysNet
mode TL@MP2 TL@CCSD(T)  TL@CCSD(T)-F12 MP2 CCSD(T) CCSD(T)-F12 MP2 Exp

1 553.46 533.95 544.76 551.59, 551.72 533.67, 533.93 541.10, 542.37 551.35 543.88
2 561.89 595.69 606.09 566.02, 566.12 595.98, 596.32 608.55, 608.92 565.97 595.62
3 763.09 789.92 797.48 766.25, 765.86 785.91, 786.93 799.70, 799.04 765.83 790.12
4 1237.23 1266.17 1262.30 1235.12,1230.53  1260.08, 1260.91 1267.74, 1267.88 1233.45 1263.21
5 1638.30 1691.36 1712.11 1637.07, 1636.84  1691.60, 1691.48 1709.88, 1710.24 1637.31 1699.76
6 3576.41 3582.09 3585.02 3580.86,3581.00  3580.01, 3581.84 3590.28, 3586.80 3577.17 3590.77

MAEkxp 28.69 5.04 6.29 26.98,27.83 6.14,5.56 6.74,7.14 27.87

MAEwr 241 1.05, 1.30
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CH;0H

Table S8. VPT2 anharmonic frequencies (in cm ') of CH30H calculated using UIPs ANI-1ccx

(with the default CELU activation function and after changing to the GELU activation function)
and ANI-1ccx-gelu compared to the ab initio MP2 values® as well as with experiment and a

representative DFT method (B3LYP/6-31G*).

mode ANI-lccx  ANI-lcex  ANI-lecex- DFT MP2 Exp
(CELU) (GELU) gelu

1 7852.77 -186.92 230.48 1174.09 240.64 271.50
2 1257.71 336.74 1038.17 1036.97 1030.29 1033.50
3 1597.55 856.19 1070.95 1149.66 1069.25 1074.50
4 195.92 1149.17 1134.79 1293.10 1155.02 1145.00
5 5559.27 621.93 1185.31 1428.81 1321.98 1332.00
6 1186.87 732.20 1441.71 1474.75 1457.30 1454.50
7 730.12 790.91 1489.90 1564.51 1483.22 1465.00
8 4333.03 1024.04 1500.86 1518.61 1489.48 1479.50
9 -627.34 1761.84 2811.30 2842.28 2996.01 2844.20
10 -1805.08 1827.01 2721.53 2947.86 2996.40 2970.00
11 -2211.29 1823.85 2957.73 2939.25 3046.42 2999.00
12 5448.49 1908.93 3690.35 3668.19 3687.39 3681.50

MAE* 2125.32 786.75 49.72 123.51 26.82

RMSE* 3134.87 915.61 86.21 268.91 48.01

“Negative frequencies were removed from the ANI-1ccx (CELU) and (GELU) when evaluating errors.
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Table S9. VPT2 anharmonic frequencies (in cm™!) of CH30H calculated using TL ANI-1ccx-gelu trained on MP2 and CCSD(T) data (ANI-1ccx-
gelu/TL@MP2 and ANI-1cex-gelu/TL@CCSD(T)). They are compared to their reference ab initio MP2 values, experimental values®, and two

PhysNet models™.

ANI-1ccx-gelu/

ANI-1ccx-gelu/

Mode TL@MP2 TL@CCSD(T) FhysNet FhysNet MP2 Exp
MP2 CCSD(T)

1 234.12 226.99 240.84, 241.49 236.97, 238.08 240.64 271.50
2 1031.82 1029.47 1031.16, 1030.51 1026.41, 1027.04 1030.29 1033.50
3 1067.12 1065.81 1069.23, 1069.65 1063.32, 1063.78 1069.25 1074.50
4 1156.04 1143.68 1154.53, 1154.90 1145.68, 1145.95 1155.02 1145.00
5 1325.82 1318.68 1321.89, 1321.99 1321.31, 1322.05 1321.99 1332.00
6 1457.58 1450.93 1457.42, 1457.78 1447.89, 1448.52 1457.30 1454.50
7 1487.78 1480.39 1483.39, 1483.11 1469.21, 1468.55 1483.22 1465.00
8 1494.63 1492.60 1490.11, 1489.77 1475.75, 1475.62 1489.48 1479.50
9 2861.79 2833.13 2998.34, 2997.26 2827.05, 2829.22 2996.01 2844.20
10 2999.13 2916.02 3000.01, 3001.00 2911.42,2912.12 2996.40 2970.00
11 3047.11 2982.86 3048.63, 3048.07 2987.57,2988.73 3046.42 2999.00
12 3679.09 3682.74 3688.76, 3686.33 3666.53, 3667.99 3687.39 3681.50

MAEEgx 16.83 15.53 27.57,27.28 15.07, 14.30 26.82

MAEwp, 14.25 1.01, 0.92
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CH3CHO

Table S10. VPT2 anharmonic frequencies (in cm™!) of CH3CHO calculated using UIPs ANI-
lcex (with the default CELU activation function and after changing to the GELU activation
function) and ANI-lccx-gelu compared to the ab initio MP2 values® as well as with
experiment and a representative DFT method (B3LYP/6-31G*).

ANI-Iccx  ANI-Icex  ANI-lcex- DFT MP2 Exp

mode (CELU)  (GELU) gclu
1 664.36 -197.14 157.22 135.10 149.94 143.80
2 2057.13 332.66 510.05 507.56 505.96 508.80
3 7629.99 225.85 800.59 768.40 765.11 764.10
4 5724.89 499.69 881.33 858.16 867.05 865.90
5 7231.06 507.10 1050.39 1112.48 1109.98 1097.80
6 1679.99 1160.83 1109.99 1120.89 1116.41 1113.80
7 7363.04 559.22 1360.35 1368.29 1351.80 1352.60
8 -890.87 684.54 1400.79 1423.09 1403.23 1394.90
9 844.01 747.26 1467.55 1450.15 1437.76 1433.50
10 1227.45 784.49 1463.63 1457.71 1445.08 1436.30
11 2786.33 952.99 1777.98 1817.76 1726.61 1746.00
12 2201.96 1892.56 2727.45 2691.74 2735.51 2715.40
13 1292.05 1777.12 2902.95 2943.00 2964.93 2923.20
14 1452.91 1694.83 2986.43 2952.47 3012.12 2964.30
15 2584.41 1850.82 3012.64 3014.43 3059.86 3014.30

MAE* 2316.30 696.79 18.73 16.86 14.85

RMSE* 3320.37 775.54 23.22 23.72 21.99

“Negative frequencies were removed from the ANI-1ccx (CELU) and (GELU) when evaluating errors.
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Table S11. VPT2 anharmonic frequencies (in cm™!) of CH3CHO calculated using TL ANI-
lcex-gelu trained on MP2 data (ANI-1ccx-gelu/TL@MP2). They are compared to their
reference ab initio MP2 values®®, experimental values®, and two PhysNet models®.

ANI-1ccx-gelu/ PhysNet
mode MP2 Exp
TL@MP2 MP2
1 197.63 150.37,151.46 149.94 143.80
2 507.33 505.60, 505.45 505.96 508.80
3 742.84 766.03, 766.42 765.11 764.10
4 870.50 867.46, 868.57 867.05 865.90
5 1146.28 1110.82,1110.70 1109.98 1097.80
6 1122.81 111591, 1116.88 1116.41 1113.80
7 1351.77 1352.20, 1351.93 1351.80 1352.60
8 1410.81 1403.31, 1403.48 1403.23 1394.90
9 1448.23 1437.73, 1438.49 1437.76 1433.50
10 1450.22 1445.30, 1444.24 1445.08 1436.30
11 1735.74 1728.74, 1726.97 1726.61 1746.00
12 2745.56 2735.11, 2735.32 2735.51 2715.40
13 2969.15 2966.08, 2965.81 2964.93 2923.20
14 2994.34 3012.46,3011.77 3012.12 2964.30
15 3052.68 3064.91, 3060.87 3059.86 3014.30
MAEExp 22.59 15.27,15.32 14.85
MAEwmp2 12.60 0.88,0.72
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CH;COOH

Table S12. VPT2 anharmonic frequencies (in cm™!) of CH3COOH calculated using UIPs ANI-
lcex (with the default CELU activation function and after changing to the GELU activation
function) and ANI-lccx-gelu compared to the ab initio MP2 values® as well as with
experiment and a representative DFT method (B3LYP/6-31G*).

mode ANI-lccx  ANI-lcex  ANI-lecex- DFT MP2 Exp
(CELU) (GELU) gelu

1 37635.00 -754.29 2510.34 39.50 77.93 -
2 13913.00 3798.67 1067.99 419.84 422.94 424.00
3 15296.10 -7649.07 390.23 537.85 536.39 534.50
4 2833.06 -5183.72 919.66 574.98 575.61 581.50
5 -1532.99 1516.88 1889.33 670.37 639.50 642.00
6 7906.26 -2657.60 122431 849.11 855.10 847.00
7 6152.98 -5942.66 947.59 990.86 987.46 991.00
8 8520.33 -1839.45 1217.86 1054.76 1047.31 1049.00
9 2889.26 -7954.63 1338.90 1186.61 1159.17 1184.00
10 1817.96 -3620.34 1217.84 1295.59 1320.83 1266.00
11 8330.82 -2502.88 1452.60 1400.46 1378.53 1384.50
12 5488.43 -4909.94 1309.11 1462.07 1439.69 1430.00
13 3438.94 -1328.35 1578.28 1457.54 1450.29 1430.00
14 5093.70 -2157.59 1969.75 1824.30 1780.90 1792.00
15 6560.85 20.05 2947.07 2969.35 2989.40 2944.00
16 4596.76 320.83 3112.48 2995.54 3040.41 2996.00
17 4107.41 1174.76 3064.82 3034.36 3080.19 3051.00
18 15155.30 251.70 3564.16 3501.89 3568.62 3585.50

MAE* 5413.20 225.65 18.62 16.90

RMSE* 6940.46 375.10 27.43 23.74

“Negative frequencies were removed from the ANI-1ccx (GELU) when evaluating errors.
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Table S13. VPT2 anharmonic frequencies (in cm™') of CH3COOH calculated using TL ANI-
lcex-gelu trained on MP2 data (ANI-1ccx-gelu/TL@MP2). They are compared to their
reference ab initio MP2 values®®, experimental values®!, and two PhysNet models®.

mode ANI-1ccx-gelu/ PhysNet MP2 Exp
TL@MP2 MP2

1 73.42 74.53,73.11 77.93 -

2 422.99 422.52,423.21 422.94 424.00
3 546.19 536.36, 538.21 536.39 534.50
4 583.82 574.91, 575.17 575.61 581.50
5 661.42 638.93, 641.25 639.50 642.00
6 873.80 855.20, 855.37 855.10 847.00
7 1008.91 987.08, 987.15 987.46 991.00
8 1076.54 1047.38, 1045.69 1047.31 1049.00
9 1205.64 1159.13, 1161.15 1159.17 1184.00
10 1343.16 1320.53, 1322.89 1320.83 1266.00
11 1422.48 1377.70, 1378.64 1378.53 1384.50
12 1493.19 1438.15, 1437.89 1439.69 1430.00
13 1498.45 1449.95, 1450.01 1450.29 1430.00
14 1810.13 1780.63, 1787.68 1780.90 1792.00
15 3098.08 2984.12, 2989.62 2989.40 2944.00
16 3182.44 3037.04, 3040.77 3040.41 2996.00
17 3224.29 3082.90, 3080.65 3080.19 3051.00
18 3751.78 3574.65, 3567.07 3568.62 3585.50

MAEExp 63.14 16.25, 16.67 16.90
MAEwmp2 51.97 1.47,1.49
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CH:3NO;

Table S14. VPT2 anharmonic frequencies (in cm™!) of CH3NO> calculated using UIPs ANI-
lcex (with the default CELU activation function and after changing to the GELU activation
function) and ANI-lccx-gelu compared to the ab initio MP2 values® as well as with
experiment and a representative DFT method (B3LYP/6-31G*).

mode ANI-lccx  ANI-lcex  ANI-lecex- DFT MP2 Exp
(CELU) (GELU) gelu

1 -5219.93 1007.07 128671.00 5.30 -47.12 -
2 -4719.78 369.56 2787.77 474.93 477.77 479.00
3 345.48 299.85 3071.22 605.43 593.54 599.00
4 -2140.72 365.95 2873.98 652.74 663.10 647.00
5 -7937.01 462.19 1436.55 907.65 923.87 921.00
6 -5536.19 462.89 2326.74 1097.49 1105.09 1097.00
7 -1164.60 684.14 2642.67 1120.45 1119.84 1153.00
8 -941.58 653.21 2745.92 1372.72 1385.96 1384.00
9 100.09 1229.59 3632.49 1423.36 1395.09 1413.00
10 2584.80 611.66 3469.29 1452.77 1448.14 1449.00
11 -1.25 1058.44 2401.08 1458.07 1449.79 1488.00
12 176.87 1018.99 2165.75 1644.35 1727.56 1582.00
13 -5650.30 1800.83 3340.32 2992.39 3006.22 2965.00
14 -502.78 1834.95 3769.87 3056.19 3086.01 3048.00
15 -1109.20 1847.94 3843.19 3078.68 3106.89 3048.00

MAE* 627.76 1373.85 17.61 29.25

RMSE* 733.09 1552.19 24.08 47.09

“Negative frequencies were removed from MP2 when evaluating errors.
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Table S15. VPT2 anharmonic frequencies (in cm™!) of CH3NO; calculated using TL ANI-
lcex-gelu trained on MP2 data (ANI-1ccx-gelu/TL@MP2). They are compared to their
reference ab initio MP2 values®®, experimental value®?, and two PhysNet models™’.

mode ANI-1ccx-gelu/ PhysNet MP2 Exp
TL@MP2 MP2

1 47.28 -84.94, -55.88 -47.12 -
2 478.25 479.22, 478.01 477.77 479.00
3 611.13 593.12, 594.60 593.54 599.00
4 669.90 661.89, 662.60 663.10 647.00
5 939.61 922.30, 925.33 923.87 921.00
6 1128.32 1104.10, 1106.03 1105.09 1097.00
7 1149.50 1120.33,1119.07 1119.84 1153.00
8 1411.33 1385.86, 1385.15 1385.96 1384.00
9 1430.27 1394.18, 1394.87 1395.09 1413.00
10 1491.13 1447.35, 1448.15 1448.14 1449.00
11 1501.61 1448.21, 1450.30 1449.79 1488.00
12 1745.44 1713.45,1726.72 1727.56 1582.00
13 3115.51 3011.56, 3008.23 3006.22 2965.00
14 3219.69 3086.54, 3087.68 3086.01 3048.00
15 3245.90 3107.14,3101.98 3106.89 3048.00

MAEEy" 62.36 28.56,29.12 29.25

MAEwp,* 46.34 2.12,1.14

“Negative frequencies were removed from PhysNet and MP2 when evaluating errors as is done in

literature™.
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CH3;CONH;

Table S16. VPT2 anharmonic frequencies (in cm™!) of CH;CONH, calculated using UIPs
ANI-1ccx (with the default CELU activation function and after changing to the GELU
activation function) and ANI-1ccx-gelu compared to the ab initio MP2 values®® as well as with
experiment and a representative DFT method (B3LYP/6-31G*).

ANI-Iccx  ANI-Icex  ANI-lcex- DFT MP2 Exp

mode (CELU)  (GELU) gclu
1 3718.78 14.49 171.81 -79.40 -2425.72 -
2 362.96 192.23 1276.11 -2106.28 -213.48 269.00
3 7292.51 42.76 365.80 445.79 451.29 427.00
4 617.61 303.37 516.67 581.05 477.92 507.00
5 3065.86 409.73 557.87 481.69 574.20 548.00
6 949.13 432.37 632.99 709.77 700.92 625.00
7 3903.98 349.42 873.02 814.81 840.39 858.00
8 866.73 517.56 989.53 976.95 979.28 965.00
9 -3855.97 556.04 1018.14 1041.90 1033.17 1040.00
10 1524.49 720.39 1108.52 1093.84 1054.59 1134.00
11 7935.90 551.06 1328.52 1325.81 1340.62 1319.00
12 7984.97 622.18 1386.10 1414.77 1371.24 1385.00
13 1853.51 767.87 1448.44 1456.84 1443.50 1432.00
14 4107.44 784.72 1488.94 1489.66 1463.58 1433.00
15 2460.15 899.70 1610.71 1589.37 1552.95 1600.00
16 2339.88 1225.83 1763.59 1766.00 1725.92 1733.00
17 734.90 1795.35 2933.32 2865.75 2994.98 2860.00
18 5010.43 1744.47 3004.59 3080.65 3008.41 2900.00
19 1190.29 1766.06 3050.05 2914.63 3070.81 2967.00
20 10793.20 1921.66 3444.96 3482.86 3501.75 3450.00
21 5833.81 2054.44 3544 .31 3607.80 3657.46 3550.00

MAE* 2466.63 667.24 78.94 43.80 47.98

RMSE* 3479.92 786.75 228.91 59.31 62.29

“Negative frequencies were removed from the ANI-lccx (CELU), DFT, and MP2 when evaluating

CITOo1S.
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Table S17. VPT2 anharmonic frequencies (in cm ') of CH3CONH2 calculated using TL ANI-
lcex-gelu trained on MP2 data (ANI-1ccx-gelu/TL@MP2). They are compared to their
reference ab initio MP2 values®®, experimental value®, and two PhysNet models™’.

ANI-1ccx-gelu/ PhysNet
mode DFT MP2 Exp
TL@MP2 MP2

1 86.76 -2337.85, -2548.69 -79.40 -2425.72 -

2 -1961.15 -206.36, -204.12 -2106.28 -213.48 269.00
3 439.27 453.25,457.15 445.79 451.29 427.00
4 624.98 479.72,473.40 581.05 477.92 507.00
5 475.70 574.42,576.91 481.69 574.20 548.00
6 679.93 701.19, 706.62 709.77 700.92 625.00
7 847.06 839.33, 840.76 814.81 840.39 858.00
8 977.93 981.95, 984.00 976.95 979.28 965.00
9 1027.64 1037.24, 1038.03 1041.90 1033.17 1040.00
10 1092.39 1056.99, 1054.48 1093.84 1054.59 1134.00
11 1324.71 1342.26, 1344.85 1325.81 1340.62 1319.00
12 1372.05 1370.49, 1370.80 1414.77 1371.24 1385.00
13 1437.07 1444.48, 1443.41 1456.84 1443.50 1432.00
14 1472.07 1464.30, 1459.85 1489.66 1463.58 1433.00
15 1566.25 1556.28, 1556.57 1589.37 1552.95 1600.00
16 1726.40 1718.97, 1726.61 1766.00 1725.92 1733.00
17 2968.73 2996.35, 2990.34 2865.75 2994.98 2860.00
18 3108.67 3005.78, 2993.60 3080.65 3008.41 2900.00
19 3034.73 3068.72, 3072.59 2914.63 3070.81 2967.00
20 3503.60 3496.12, 3504.90 3482.86 3501.75 3450.00
21 3666.99 3646.50, 3665.08 3607.80 3657.46 3550.00

MAEEx" 52.33 47.23, 48.40 43.80 47.98
MAEmr” 28.91 2.71,3.88 46.65

“Negative frequencies were removed when evaluating errors as is done in literature®”.
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Fixed weights in fine-tuning

Table S18. Weights fixed in transfer learning for different molecules and data based on the
best performance of generated anharmonic frequencies. The weights are fixed between the
layers in the feed-forward neural network used in the ANI-type potentials. The layers are
numbered from 1 to 5, with layer 1 — input layer, layer 5 — output layer, and layers 2—4 — the

hidden layers.
Molecules/data MP2 CCSD(T) CCSD(T)-F12
HCOOH (1,2) & (4,5) 3,49 &4,5) 3,49 &4,5)
H,CO 2,3)& (3.4 (1,2) & (4,5) (1,2) & (4,5)
HNO, (1,2) & (2, 3) (1,2) & (2, 3) (1,2) & (2, 3)
CH;OH (2,3)& 4, 5) (1,2) & (2, 3) -
CH;CHO (1,2) & (4,5) - -
CH;COOH (1,2) & (4,5) - -
CH;NO; (1,2) & (2, 3) - -
CH3;CONH; (1,2) & (2,3) - -
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Table S19. VPT2 anharmonic frequencies (in cm™!) of HCOOH calculated using ANI-1ccx-gelu/TL@CCSD(T)-F12 fine-tuned with different NN
weights fixed. They are compared to the experimental values’™ and determine the effect of different layers fixed on the performance of generated
anharmonic frequencies. The weights are fixed between the layers in the feed-forward neural network used in the ANI-type potentials. The layers
are numbered from 1 to 5, with layer 1 — input layer, layer 5 — output layer, and layers 2—4 — the hidden layers. Fixing weights between layers 3,
4 and 4, 5 shows the best accuracy in anharmonic frequencies.

3,4 2,3) (1,2) (1,2) 2,3) (1,2) (1,2) (1,2) (1,2)
mode & & & & & & & (2,3) & (2,3) & (3,4) No layers
4,5) 4,5) 3,4 4,5) 3,4 2,3) & (3,4) & (4,5) & (4,5)
1 620.18 618.68 623.67 625.84 618.44 636.08 632.25 624.58 622.83 616.03
2 637.63 638.43 637.94 637.87 637.90 637.02 633.36 637.78 637.54 638.99
3 1033.24 1033.98 1035.23 1035.53 1033.74 1035.70 1032.81 1034.51 1034.81 1034.54
4 1103.54 1098.74 1101.56 1104.22 1104.42 1112.56 1097.96 1100.37 1101.89 1102.59
5 1299.64 1297.76 1297.20 1297.21 1300.82 1309.40 1293.22 1298.36 1295.34 1299.27
6 1376.04 1374.86 1375.72 1374.47 1377.71 1381.28 1367.00 1376.72 1376.46 1377.41
7 1778.76 1779.91 1775.09 1779.86 1781.35 1780.65 1773.06 1778.54 1776.83 1780.47
8 2933.28 2931.38 2928.04 2930.04 2932.17 2941.04 2923.60 2931.92 2930.23 2931.98
9 3571.96 3562.08 3565.18 3565.01 3568.17 3573.67 3564.17 3563.57 3565.70 3566.73
MAE 3.69 5.79 4.96 4.54 3.95 4.00 8.39 4.43 4.64 4.68
RMSE 4.57 6.58 6.26 5.84 4.99 4.88 9.83 5.34 6.00 5.72
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