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Abstract

Machine learning (ML) approaches to predicting
quantum mechanical (QM) properties have made
great strides towards achieving the computational
chemist’s holy grail of structure-based property
prediction. In contrast to direct ML methods,
which encode a molecule with only structural in-
formation, in this work we show that QM descrip-
tors improve ML predictions of dimer interaction
energy, both in terms of accuracy and data ef-
ficiency, by incorporating electronic information
into the descriptor. We present the electron defor-
mation density interaction energy machine learn-
ing (EDDIE-ML) model, which predicts the inter-
action energy as a function of Hartree-Fock elec-
tron deformation density. We compare its perfor-
mance with leading direct ML schemes and mod-
ern DFT methods for the prediction of interac-
tion energies for dimers of varying charge type,
size, and intermolecular separation. Under a low-
data regime, EDDIE-ML outperforms other direct
ML schemes, and is the only model readily trans-
ferrable to larger, more complex systems including
base pair trimers and porous cages. The underly-
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ing physical connection between the density and
interaction energy enables EDDIE-ML to reach an
accuracy comparable to modern DFT functionals
in fewer training data points compared to other MLL
methods.

1 Introduction

Through all fields of chemistry, an understand-
ing of non-covalent interactions (NCIs) is the
key to controlling molecular structure and prop-
erties. 1 From a theoretical perspective, accurate
quantification of NCIs can be achieved through
quantum mechanical (QM) calculations, via well-
established computational chemistry methods
such as coupled-cluster or perturbation theory.*>
Ab initio methods (i.e., wavefunction-methods) are
capable of achieving high-accuracy results, though
the cost for rigorous ‘gold-standard’ benchmark
methods becomes prohibitive for systems contain-
ing more than several dozen atoms.® Alternatively,
density functional theory (DFT) evaluates the elec-
tronic Schrodinger equation using the electron
density p(r) as a starting point within the Kohn-
Sham formalism.” In principle, p(r) contains all
necessary information to characterise a chemical
system, but as the exact form of the functional
relationship between density and energy is un-
known, various approximations must be made.®
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Nonetheless, the increases in speed and allowed
system size, and relative accuracy of existing ap-
proximations within the Kohn-Sham framework
have seen DFT become a modern workhorse for
computing many molecular properties.”

Recently, applications of machine learning (ML)
techniques to atomistic systems has allowed for
fast and accurate predictions of molecular and ma-
terial properties, {1 with model accuracy limited
mainly by the data that it was trained upon. With
ever-increasing amounts of high-quality computa-
tional data,'#!¥ ML models have quickly reached
chemical accuracy while requiring only a fraction
of the time and computational resources neces-
sary for standard QM calculations.'#19 ML has
been applied to molecular systems which would
be too large for high-level ab initio theory, 1%
and has also been used to enhance the discov-
ery of new compounds in chemical space 1?2V
ML-parameterized force fields are now routinely
used to perform simulations of large systems with
QM accuracy at a standard molecular dynamics
cost. 217241t is now clear that, given the right com-
bination of regression method and structural de-
scriptor, ML-based predictions of certain prop-
erties (including but not limited to ground- and
excited-state energy, % forces, 02 and atomiza-
tion energy?®) can readily reach QM accuracy.
ML has enabled chemists to reach closer to the ul-
timate holy grail of rapid, reliable property predic-
tion based on structural information alone.

Applications of ML to the prediction of dimer
interaction energies have mainly focused on small
and uncharged organic dimers: IPML (intermolec-
ular potentials from machine learning),?? AP-Net
(atomic-pairwise neural network),”Y and CLIFF
(component-based machine-learned intermolecu-
lar force field)?! are several ML models which
have been applied to predicting these types of sys-
tems. All models were shown to have errors within
“chemical accuracy” (i.e., 1 kcal mol_l), on their
respective test data. A similar error was achieved
using LODE (long-distance equivariant represen-
tation),3’2 which also works for charged dimers,
periodic systems, and tensorial properties.> These
models use structural descriptors, requiring only
atomic coordinates as the input. The description
of intermolecular interactions is often treated in a
physics-based manner, e.g., CLIFF estimates the

electrostatic interaction energy through an expan-
sion of the atomic multipoles parametrised with
machine learning. Methods using only structural
information are known as ‘direct’” ML approaches,
and are clearly faster for interaction energy predic-
tions than electronic structure calculations — pro-
vided sufficient training data are available to train
the model in the first place. In this work, we
take a different approach and show that use of a
QM descriptor allows interaction energy predic-
tions to be made with accuracy comparable or bet-
ter than direct ML models, using a fraction of the
number of training points compared to other meth-
ods. That is, providing the model with a descrip-
tor based in physics reduces the amount training
data required as input to achieve prediction accu-
racy comparable to QM. Given a smaller training
dataset size, our electron density-based descrip-
tor is the only model that predicts accurate shaped
binding curves for test dimers. To our knowledge,
our electron deformation density interaction en-
ergy machine learning (EDDIE-ML) model is the
first use of the electron deformation density as a
quantitative machine learning descriptor to predict
interaction energy. We employ the Hartree-Fock
(HF) method to generate the deformation density,
and propose that ML can be used as a proxy to
learn the interaction energy calcualted at a corre-
lated level of theory from a descriptor based on
the uncorrelated density. This approach is closely
related to the multiconfigurational wave function
approach first introduced in 2014, where the ex-
change and correlation contribution to the total
electronic energy are computed from a functional
of the total density p and an additional “on-top"
density functional.**3> Recently, the authors used
a machine-learned functional to correct the refer-
ence energy of a multiconfigurational wave func-
tion, demonstrating that the density and on-top
density hold the necessary information to correct
singlet-triplet energy splittings of multiconfigura-
tional wave functions.=°

Other studies have also looked to obtain descrip-
tors based on low-cost electronic structure calcu-
lations to improve learning efficiency and trans-
ferability of ML potentials.'>*740 [ jke EDDIE-
ML, these examples can be viewed as a midway
approach between direct ML using only structural
information, and more expensive ab initio calcu-



lations including electron correlation. Evidently,
any QM-based descriptor will incur a greater cost
compared to structure-based descriptors. It is thus
important to examine and compare the accuracy
of ML predictions when these two different de-
scriptor types are used. Furthermore, we present
a comparison of the timing and accuracy of sev-
eral modern DFT functionals with our ML results,
showing that the efficiency and accuracy of our
ML approach is most apparent for large molecu-
lar systems.

1.1 Theory and Computational Detail
1.1.1 Overview

EDDIE-ML belongs to the category of delta
machine learning (A-ML) models,*!' which pre-
dict the energy difference between a cheap (e.g.,
Hartree-Fock (HF)) and expensive (e.g., coupled
cluster theory) quantum chemical method.

Examples include DeePHF* and MOB-ML,*>
which both use inputs based on HF molecu-
lar orbitals to predict the coupled-cluster elec-
tronic energy, and NeuralXC,%? which uses the
electron density from a low-level DFT calcula-
tion to predict more accurate molecular energies.
While this approach is clearly more expensive
than direct-ML models, 3 A-ML schemes have
been found to learn more efficiently with smaller
data sizes.®” To maintain transferability associ-
ated with use of an atomic descriptor, EDDIE-
ML projects the Hatree-Fock electron deformation
density onto atomic positions and uses this as in-
put to learn the total interaction energy as calcu-
lated at a highly correlated level of theory, SRS-
MP2. We will show that the addition of the HF
field in EDDIE-ML is vital for reasonable accu-
racy in predicting the interaction energy in polar
and charged systems due to polarization effects be-
tween molecules, which is already properly cap-
tured by the electron deformation density calcu-
lated with HF.

1.1.2 Gaussian process regression

The ML algorithm chosen to infer intermolecular
interaction energies in this work is Gaussian pro-
cess regression (GPR), which has been extensively

reviewed elsewhere. 244> When combined with
an atomic descriptor, GPR assumes that the pre-
dicted property E (here, the total interaction en-
ergy) for some molecule A outside of the train-
ing data can be decomposed into an average over
its atomic (local) components. Each local envi-
ronment is calculated in a basis of kernel func-
tions, which are placed on the atoms of all chemi-
cal compounds in the training data.
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where a and b are the atoms in molecules A and
B, represented with descriptors x4 and xp, respec-
tively. ap is the Bth regression coefficient. The
kernel function £ measures the similarity between
descriptors x4 and xp. To evaluate the kernel func-
tion between molecules A and B, the sum of each
atomic environment in the molecule is taken:

K(AB)= ) k(x4Xp) 3)
acA,beB

As numerous studies have shown that incorpo-
rating domain knowledge into the GPR kernel
function improves learning efficiency and accu-
racy, 4051 we introduce the dimer kernel, a mod-
ified kernel function that distinguishes between
atoms belonging to each molecule in the dimer.
The inclusion of prior domain knowledge into
chemical ML descriptors (including rotational and
permutational invariance, symmetry, efc.) has
been a crucial enabler of models reaching an
accuracy comparable to high-level QM calcula-
tions, 49I5254

The same applies when incorporating domain
knowledge into the kernel function used in GPR,
which quantifies similarity between descriptors
used. The appropriate quantification of similarity
between different molecular structures is critical
for achieving accurate predictions.”1> As such,
several authors have modified the kernel func-
tion, 40V for example by including a symmetric
covariance function which incorporates the per-
mutation of atomic coordinates directly into the
kernel 4%

Here we introduce the dimer kernel function that



Kiimer = Kap + Kac + Kap + Kac

Figure 1: Graphical representation of the dimer
kernel for comparison of two ionic liquids. Kgimer
maximises similarity between each dimer by com-
paring the similarity of same-element atoms in
molecule A and B with same-element atoms in
molecules C and D using a pairwise kernel func-
tion k.

compares the similarity between local atomic en-
vironments of molecules within each dimer. Stan-
dard kernel functions for comparing molecular
structures (e.g., average and REMatch kernels>Y)
do not distinguish between atoms belonging to dif-
ferent molecules as they were designed for single
molecules or periodic systems. By incorporating
this information into the kernel, the learning of in-
termolecular interaction energies should take place
at a faster rate and with greater accuracy com-
pared to the standard functions. The formulation
of the dimer kernel is straightforward: for com-
parison of two dimers X| containing molecules A
and B and X, containing molecules C and D, the
similarity K(X,X>) between the atomic environ-
ments of X; and X, is the linear combination of
kernels comparing the atomic environments of A
with D, A with C, B with C, and B with D. That is,
Kdimer(X1,X2) = kac +kap + kpc + kpp where k is
any standard kernel function which runs pairwise
over the atomic environments of A, B, C, and D.
The sum kernel as given in Eq. 3 is used. A graphi-
cal representation of the dimer kernel for two ionic
liquid dimers is shown in Figure [T} For the pair-
wise similarity function k, we have used a mod-
ified polynomial kernel which includes elemental
screening, ensuring that atomic environments are
only compared if the atoms are of the same ele-
ment:

k(Xa,Xp) = 87,7, (1%, %)’ “4)

where 6 is the Kronecker delta function and Z,

and Z;, refer to the nuclear charge of atoms a
and b, respectively. This approach is commonly
used in multicomponent systems. The elemental
screening function improves learning by ensuring
that only relevant pairs of atoms are compared.
It also decreases the cost of evaluating the ker-
nel since many combinations of atom pairs may
be skipped.*” This is advantageous given the extra
cost associated with calculating the dimer kernel.
Kernel functions were used as implemented in a
modified version of dscribe.>®

1.1.3 Electron deformation density

The deformation density for an intermolecular
dimer Ap(r) is defined as the difference in elec-
tron density between the dimer AB and its con-
stituent monomers, Ap(r) = pap — pa — pp. This
is an extension of the idea of density difference,
which is widely used in molecular bond analysis
theory,””*8 here applied to dimer complexes. It
can be thought of as the perturbation experienced
by the electron cloud of each monomer in forming
an intermolecular dimer complex.

To translate a real-space electron deformation
density into a form acceptable for ML, Ap (r) was
projected onto a set of atom-centred basis func-
tions, inspired by the format of the smooth overlap
of atomic positions (SOAP) descriptor created by
Bartk et al.”? Angular basis functions are given
by spherical harmonics Y;"'(6, ¢), and radial basis
functions by

Cu(r) =

1.2 n+2
= ~r<(ro—r for r < r
{N o) G

0 else

where N is a normalization factor determined by
numerical integration and ro is a radius cutoff
around each atom. Following orthogonalization
of the radial functions, the full basis is given by
Voim(F) = Y/"(0,0)C,(r). For atom I of chemi-
cal element ¢y at position Ry, the descriptor coef-
ficients c{l 1 are obtained by projecting the electron
deformation density Ap(r) onto the corresponding
basis functions Yy .

Chin = Can 8P (X),Rr,04] = [ Bp(X) v, (r—R)
(6)

The number of angular and radial basis functions



used for each chemical element was 3 and 4 re-
spectively, with a cutoff radius of 2.5 A.

To incorporate rotational invariance into the de-
scriptor, the basis is aligned with a unique local
coordinate system defined by the deformation den-
sity.>? The final form of the ML input is given by
these rotated descriptors,

Cnlm = Z(Dl<a7,B7Y))n_uL/5nlm’ (7)

m

where D' is the Wigner-D matrix for angular mo-
mentum.®? For full details of the descriptor deriva-
tion, see Ref. (61, where p(r) has been replaced
with Ap(r). All electron deformation densities
were computed at the HF/cc-pVTZ level of theory
in PySCF®? using the density fitting approxima-
tion.%3* Comparison with direct ML descriptors
(Coulomb matrix, SLATM) used the descriptors as
available from the qm1© package.

Data/code availability. The models, re-
lated code, and data used for training and
testing are available as open-source code on
GitHub: https://github.com/lowkc/
eddie-ml.

2 Results and discussion

2.1 Neutral molecules

We initially applied EDDIE-ML to predict binding
curves of small neutral dimers commonly used in
interatomic ML potential studies. 60 structures in
total were sourced from the S66°° and BioFrag-
ment database® (BFDb), randomly selecting 42
and 18 dimers from each database respectively.
To generate binding curves, the distance between
two monomers in equilibrium geometry (typically
between 3 and 4 A separation) was increased to
approximately 15 A over 14 steps, as defined by
the distance between each monomer’s geomet-
ric center defined as the mean of all atomic po-
sitions. We focus on long-range interactions in
this work, but note that LODE>? was successfully
trained on and used to predict interaction ener-
gies of close range separated dimers (intermolecu-
lar distance < 4.0 10\). Unrelaxed interaction ener-
gies were computed for all geometries using the
SRS-MP2/cc-pVTZ level of theory to scale the

correlated energy contribution with counterpoise-
corrected HF/aug-cc-pVTZ in PSI4.%” These in-
teraction energies were considered benchmark in
this study. For neutral and ionic dimers, SRS-MP2
interaction energies were shown to have an aver-
age error of 0.3 kcal mol~! with respect to ‘gold-
standard” CCSD(T)/CBS values, with the advan-
tage of being readily applied to larger-sized sys-
tems.9%0% 12 dimer binding curves (20% of the to-
tal dataset) were randomly selected to be held out
from the training data and used as a test set to as-
sess model prediction accuracy.

Mean absolute error (MAE) and root mean
square error (RMSE) as defined in equations S1
and S2 are used as metrics to evaluate the per-
formance of models. We compare our model
with predictions from ML models of Grisafi et al.
(LODE)?? and Schriber et al. (CLIFF)3! in Ta-
ble [, with some caveats: CLIFF was trained to
be a general-purpose intermolecular ML model for
neutral dimers only, whereas we look at a range
of charged interaction types. On the other hand,
LODE is a general and flexible approach for pre-
dicting any property based on a multipolar expan-
sion of the electrostatic energy, and predicting the
dimer interaction energy is just one possible appli-
cation. Here, we focus on a mixed range of inter-
molecular interactions which are not strongly tied
to permanent electrostatics, including dimers with
charged, dispersion-dominated, polar, and nonpo-
lar interactions. Thus, the comparison of each
model’s performance in this work is more for gen-
eral interest to examine how each model performs
and results are reflective of our selected training
and test data specifically. We note that CLIFF is
available as a pre-trained model, while the same
data were used to train EDDIE-ML and LODE as
a pre-trained model was not available for the latter.

A comparison of the timing and accuracy of
EDDIE-ML predictions with several modern
DFT functionals (©B97X-D,”? M06-2X," and
reVPBE—D3(0p)72=73) considered to be accurate
for NCIsZ¥% is also presented. All DFT calcula-
tions were used with a cc-pVTZ basis set’® except
for ®B97X-D, which was used with an augmented
basis set aug-cc-pVTZ as this has been shown to
produce superior results for non-covalent interac-
tions.”* Counterpoise-corrected DFT calculations
were performed in PS14°7 (revPBE) and Gaus-
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sian16™ (wB97X-D, M06-2X).

Overall, EDDIE-ML, LODE,** and CLIFF*! all
produce errors close to or below chemical accu-
racy (i.e. 1 kcal mol~—!) when considering interac-
tion energy predictions for small, neutral organic
dimers across the whole binding curve range.
Since most of the interaction energy values at long
separation distances are below 1 kcal mol~!, Ta-
ble[I] also shows error metrics for equilibrium dis-
tance interaction energies only. It can be seen that
all the error for all three ML methods increases
when only considering equilibrium distance val-
ues. EDDIE-ML is the only method which has
both MAE and RMSE within chemical accuracy
for data across all separation ranges, and an MAE
within chemical accuracy and RMSE close to 1.0
kcal mol~! for equilibrium data points only.’®

As shown in Figure 2JA, all models predict the
correct asymptotic decay of interaction energy
with increasing intermolecular distance, but the
scale of LODE and CLIFF predictions are ei-
ther over-bound (CLIFF) or both over- and under-
bound (LODE). From inspection of the correlation
plot (Figure[2B), EDDIE-ML predictions are more
aligned with the DFT values, whereas CLIFF and
LODE show significant outliers for multiple val-
ues. Considering specific examples, the SRS-MP2
equilibrium distance interaction energy for the
dispersion-dominated cyclopentane- - - neopentane
dimer is —1.6 kcal mol~!, which is correctly pre-
dicted by EDDIE-ML. Both LODE and CLIFF
overestimate this energy, predicting values of

Table 1: Test errors in kcal mol~! for predicted
interaction energies of neutral dimers using differ-
ent ML methods. N train = 48 dimers (672 points)
or for EDDIE-ML and LODE, N test = 12 (168
points). ‘All’ refers to the error calculated over all
points in the binding curve, ‘Equil.” refers to error
calculated for values at equilibrium distance points
only.
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Figure 2: (A) Comparison of predicted interaction
energy from CLIFF, LODE, and EDDIE-ML for
neutral organic molecule dimers from the test set.
Benchmark binding curves shown as dashed black
lines. DFT interaction energies are shown as dot-
ted lines. (B) Correlation plot of SRS-MP2 ver-
sus ML/DFT interaction energies. (C) Histogram
of interaction energy types in S66 dimers used in
training data.

—15.9 and —6.2 kcal mol~! respectively. Predic-
tions are slightly improved for the mostly elec-
trostatic water---MeNH, dimer, (reference value
—7.0 kcal mol~!): LODE performs (—7.7) better
than CLIFF (—17.3), though both are still over-
bound in comparison to EDDIE-ML (—7.2). It
is possible that the lack of short-range separated
dimers in the training dataset used here impacts the
performance of LODE; furthermore the original
paper? examined 2291 dimers from the BFDb,
highlighting the utility of EDDIE-ML within a
low-data regime. The excellent performance of



EDDIE-ML on the test dimers demonstrates the
value of incorporating QM information into a de-
scriptor when given a small training dataset; here
containing only 48 dimers or 672 points. CLIFF
and LODE both achieved chemically accurate re-
sults on their respective test datasets when using
training data containing approximately 100 and
1000 times more samples, respectively.2132 Sey-
eral authors have noted the data efficiency of A-
ML methods,=82242 with which our results clearly
agree. As shown by the learning curves in Figure
S2, EDDIE-ML reaches an RMSE below chemi-
cal accuracy with just 100 training points or fewer
than 10 dimer binding curves, which is an astound-
ing result. Reducing the number of training points
needed is valuable given the cost of computing ref-
erence training data points, and somewhat com-
pensates the additional cost incurred by calculat-
ing Ap.

Two of the test dimers in Figure 2JA that are
predicted relatively poorly (though still within
chemical accuracy) compared with the remaining
test cases are the LEU---LEU and VAL.-- VAL
dimers, where the EDDIE-ML predicted binding
curve is over-bound at all points on the binding
curve (e.g., the equilibrium distance LEU---LEU
reference intermolecular energy is —0.04 kcal
mol~!, compared with the EDDIE-ML prediction
of —0.6 kcal mol~!). This can be rationalised
by examining the composition of the dataset
interaction energies types, classifying each in-
teraction as electrostatics-dominated, dispersion-
dominated, or mixed-type following the division
of S66 by the original authors.%® As shown in Fig-
ure gp, the dataset is dominated by electrostatic
interactions which make up 52% of the S66 data,
whereas mixed-type and dispersion-dominated in-
teractions make up the remaining 21 and 26%, re-
spectively. In addition, use of a non-normalized
sum kernel (Equation 3) as the comparison met-
ric across dimer environments inherently focuses
the model on learning chemical environments for
larger molecules, hence more accurate predic-
tions are seen for the larger dispersion-dominated
dimers such as cyclopentane- --neopentane and
ILE.--PHE. It is likely that with the addition of
more dispersion-based interactions in the training
data, specially from molecules closer in size to
the VAL--- VAL dimers, the accuracy of EDDIE-
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Figure 3: Comparison of predicted interaction en-
ergy on three neutral test dimers using geometric
descriptors. Remaining test dimer predictions are
shown in Figure S2.

ML predictions for these types of dimers would
increase. This is one of the main advantages of
ML models in that more (high-quality) data can
be added until an arbitrary level of accuracy is
achieved.

The advantage of using the EDDIE-ML descrip-
tor encompassing density information over purely
structure-based descriptors is demonstrated in Fig-
ure [3] which compares the prediction of the first
three test dimers using two geometric descriptors
encoding molecular structural information such as
the Coulomb matrix (CM)2® and SLATM."” The
intermolecular separation between dimers is con-
catenated to the feature vectors of the individual
monomers and used with a standard Gaussian ker-
nel function. To encode a global representation of
the dimers and evalute the role of the dimer ker-
nel, the atomic Coulomb matrix®” is also tested
with the same kernel as EDDIE-ML. From the pre-
dicted binding curves (remaining test dimers are
shown in Figure S2), it is clear that the interac-
tion energy cannot be captured by the simplistic
representations, as most predictions show a lin-
ear decay of the interaction energy with increas-
ing intermolecular separation. Evidently, more in-
formation than simply monomer geometries and
intermolecular separation is needed to predict a
reasonable value of interaction energy when us-
ing a low-data regime, as direct ML models based
on geometry alone cannot reproduce the refer-
ence binding curves. Unsurprisingly, the geo-
metric representations are outperformed by CLIFF
and LODE, which both include a more sophisti-
cated representation of the interaction energy by



decomposing the interaction into its component
functional forms (CLIFF),*!' or incorporating non-
local representations into the descriptor with the
same asymptotic behaviour as permanent electro-
statics (LODE).?%33 However, only EDDIE-ML
reproduces both the correct shape and magnitude
of interactions for all test dimers due to its use
of the electron density. These results display the
utility in learning the total interaction energy as a
function of a non-correlated density.

To further emphasise the notion that the non-
correlated deformation density is a useful input
to learn interaction energy between two molecules
calculated at a correlated level of theory, we also
trained EDDIE-ML models on post-HF densities
using MP2, and semliocal and hybrid DFT den-
sities. Table [2] shows the test set predictions of
EDDIE-ML using HF, MP2, PBEO, and revPBE-
D3 (all with cc-pVTZ basis set) densities, reported
as the average over 100 random train/test splits. It
can be seen that there is no significant difference
between the densities used, whether they be cor-
related or uncorrelated. There is a slightly higher
RMSE associated with use of the two PBE func-
tionals, though the errors are still small compared
to the errors using HF and MP2. Thus, the use of
DFT densities, particularly with the cheap semi-
local functional revPBE-D3, could be appealing
for potential applications in large molecular sys-
tems or periodic systems. This will be investigated
in future work. Overall, it is not surprising that
there is little difference between the densities — in
this work, ML is used as a tool to learn the total in-
teraction energy as a function of the density, hence
the learning process should correct for any differ-
ences in the density which may arise due to the
level of theory used in its generation.

In terms of the performance compared to modern
DFT functionals, Table [3] shows that EDDIE-ML
has slightly higher errors than the chosen func-
tionals. This is to be expected as GPR is an in-
terpolative method, opposed than the exact nature
of electronic structure calculations. However, the
results are very similar and what is notable is the
low cost of computing Ap: the EDDIE-ML de-
scriptor is on average cheaper to compute than a
counterpoise-corrected interaction energy calcula-
tion for all reported DFT functionals. The speed
up afforded by the density-fitting approximation®*

Table 2: Average error in kcal mol~! for neu-
tral dimers in the test set using different densities
to generate Ap descriptor for EDDIE-ML. Aver-
age and standard deviation taken over 100 random
train/test splits.

Method MAE RMSE

HF 0.35+0.05 0.56+0.11
MP2 0.33£0.06 0.55+0.15
PBEO 0.344+0.08 0.70+0.27
revPBE-D3 0.331+0.06 0.58£0.18

makes generating the deformation density similar
in cost to a revPBE calculation. In addition, being
an ML scheme, EDDIE-ML has the advantage of
being able to make predictions for multiple dimers
at once.

Table 3: Average wall time (minutes) and test er-
rors for neutral dimers in kcal/mol (with respect to
SRS-MP2/cc-pVTZ energies) for EDDIE-ML and
DFT functionals.

Method Time MAE RMSE
EDDIE-ML 0.8£0.7 0.3 0.4
revPBE-D3(op)/TZ 1.2+0.8 0.1 0.2
MO06-2X/TZ 28£24 0.1 0.3

wB97X-D/aTZ 49432 0.1 0.2
All calculations for neutral and charged dimer datasets
were performed on 16-core Intel Xeon Ef-2680x3 @
2.50 GHz central processing units (CPUs) using 64
GB RAM.

2.1.1 Charged systems

Many ML interaction energy studies thus far
(with the exception of LODE=?) have focused on
predicting neutral systems at close-range separa-
tions,2? 3! neglecting attractive interactions be-
tween oppositely charged molecules which are
ubiquitous in biological systems. The focus on
equilibrium distance interactions disregards the
importance of asymptotic decay effects which are
essential for the treatment of large molecules. For
instance, under physiological conditions, charge-
attractive interactions have been shown to have
a substantial contribution which can persist over
more than 10A separation.81 Hence, we also
trained a separate EDDIE-ML model on a dataset
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Figure 4: (A) Comparison of predicted interaction
energy from LODE and EDDIE-ML for charge-
charge attractive test dimers. Reference quantum
mechanical binding curves are shown as dashed
black lines, DFT functionals as dotted lines. (B)
Correlation plot of SRS-MP2 versus ML/DFT in-
teraction energies.

combining 22 dimer geometries from BFDb and
24 from our ionic liquid databases®*%3 to eval-
uate its ability to learn charge-attractive interac-
tions. Binding curves and training/test data for the
charged dataset were generated in the same man-
ner as described for the neutral dataset (38 total
training dimers, 8 test dimers).

Predicted binding curves from LODE and
EDDIE-ML for charge-attractive test dimers are
shown in Figure f] A (CLIFF is currently appli-
cable to neutral dimers only). Unlike for neu-
tral systems, several LODE predictions neither
have the correct shape nor magnitude, whereas
EDDIE-ML predictions closely follow the refer-
ence binding curves, which can also be seen in
the correlation plot (Figure | B). This is somewhat
surprising, given that LODE was developed to pre-
dict long-distance electrostatic systems, and was

shown to reproduce B3LYP binding curves for
several dimers from SSI with at least one charged
monomer.”? However, in the original study the
training data used to reach QM accuracy con-
tained 600 dimer binding curves, compared with
only 38 used here. In a later study, the authors
also noted a degradation of the descriptor perfor-
mance as the link of the target property with per-
manent electrostatics became less direct, which
could be remedied through larger data require-
ments.>3 While electrostatics are the largest con-
tributor to total interaction energy in ionic liquids,
we previously noted that the dispersion compo-
nent can contribute up to 20% for non-hydrogen
bonded systems.®* There seems to be some cor-
relation between hydrogen bonded systems (such
as ASP---ARG) having a lower LODE test er-
ror compared to the non-hydrogen-bonded sys-
tems (e.g., [C;mpyr][dca]) which generally have
a higher error as seen in Figure @ It is highly
likely that, as discussed by the authors, LODE
predictions would be improved with more training
data.

The excellent predictive ability of EDDIE-ML in
the low-data regime can be attributed to using ML
to learn the functional relating deformation density
to interaction energy. This relationship is straight-
forward to learn compared with the relationship
between atom-density potential and interaction en-
ergy, which is the basis of LODE. Since atomic
density potential can vary greatly between dimer
interactions (e.g., nitrogen atoms in NO3 are likely
to have a different potential to nitrogen atoms in an
NH} group) larger amounts of training data are re-
quired for ML methods to learn these differences.
Accounting for this difference by including the
electron density accelerates this process, allowing
EDDIE-ML to make accurate predictions given a
small number of training examples.

Differences in electron density between dimers
are pronounced in polar and charged systems, in
which effects such as charge transfer and exchange
may contribute significantly to the electrostatic in-
teraction. 1> These effects rapidly decay with in-
creasing intermolecular distance. As the authors
noted in their s‘[udy,32 a model based on LODE
features cannot describe the physics of polarisa-
tion or charge transfer as there is no explicit com-
ponent to represent how the field generated by far-



away atoms depends on their neighbouring struc-
ture. As seen in Figure 4, LODE predictions of the
[EtNH;][NO;] ionic liquid are underestimated for
the two closest points on the dissociation curve,
but essentially identical to QM results for the re-
maining 12 points, where the larger intermolecu-
lar distance corresponds to a smaller contribution
from exchange and charge transfer to the total in-
teraction. The fluctuation of charge transfer and
exchange effects with increasing separation cannot
be encompassed in any descriptor based on atomic
position or atomic density. Instead, large datasets
containing thousands of reference points allow the
regression model to capture differences in atomic
environment and model the relationship between
structure and interaction energy. As charge trans-
fer and polarization effects occur to a lesser extent
in neutral systems,1 one can achieve reasonably
accurate predictions for neutral dimers when dis-
regarding these effects, as shown in the results for
CLIFF and LODE in the previous sections. When
it comes to the limited dataset sizes shown here
however, only EDDIE-ML is able to predict rea-
sonable binding curves for charged dimers due to
its use of deformation density as a descriptor that

encodes the underlying physics and chemistry.
When it comes to the geometric descriptors,
ML predictions using SLATM and the atomic
Coulomb Matrix (CM) are much more reason-
able for the test dimers (see Figure [5) compared
to the predictions for the neutral dimers. Mod-
els using the monomer CM perform as poorly as
seen with the neutral test dimers, suggesting the
the monomer geometry as represented through the
CM and intermonomer distance has poor correla-
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Figure 5: Comparison of predicted interaction en-
ergy on three charged test dimers using geometric
descriptors. Remaining test dimer predictions are
shown in Figure S2.

tion to the total interaction energy. On the other
hand, the atomic CM and SLATM representations
manage to mostly capture the expected asymptotic
decay shape of Coulombic interactions, with some
caveats. The predicted interaction energy for the
SLATM model is noticeably poor (both under- and
over-predicted for several test dimers) at short- and
long-range separations (MAE = 8.3 kcal mol~!),
and atomic CM predictions are non-smooth (MAE
= 14 kcal mol™'). The improved performance
of the SLATM descriptor for these systems can
be attributed to its formulation which is based on
the charge density distribution of the system par-
titioned onto atomic positions.8® In this way, the
descriptor is similar to the deformation density,
except EDDIE-ML uses an SCF-converged den-
sity opposed to the coarse charge density used in
SLATM. These results indicate that for Coulom-
bic systems with a typical 1/r decay of interaction
energy, such as electrostatics-dominated dimers, a
low cost or non-converged description of the sys-
tem’s electron density may (roughly) suffice as a
ML input. However, the same cannot be said when
the training and test dimers have more variation
in the shapes of their binding curves, as shown
for the neutral dimers in Figure 3] where all ge-
ometric representations fail. In non-charged sys-
tems, the interaction energy decays as roughly
1/r% and varies depending on the polarisability of
the molecules, meaning there is greater variation
in the shape of the interaction energy decay for the
neutral dimers depending to the presence of po-
lar and apolar groups. Hence, geometric models
fail to account for this diversity in binding curve
shapes. Ultimately, EDDIE-ML achieves the low-
est test error of all ML models for the charged test
dimers (MAE = 2.2 kcal mol™!), clearly showing
the merit to including the deformation density in
improving prediction accuracy.

Comparing next EDDIE-ML with the DFT
methods (Figure Ef]), the revPBE functional, which
is of comparable cost to EDDIE-ML, shows poor
performance for several of the charged systems,
particularly for the ASP--- ARG and ARG: -- GLU
dimers. This is not surprising as all GGA-level
functionals have well-known issues with charge
localization.®” revPBE in particular is known to
have convergence issues with increasing anion-
cation distance.®® The remaining two function-



Table 4: Average wall time (minutes) and test er-
rors for charged dimers in kcal/mol (with respect
to SRS-MP2/cc-pVTZ energies) for EDDIE-ML
and DFT functionals. N train = 38 dimers (532
points) for EDDIE-ML, N test = 8 (112 points).
Equilibrium-only test errors are shown in brack-
ets.

entire neutral dimer dataset (60 dimers in total)
and then applied to larger and more complex sys-
tems. We also present the timing of the selected
DFT functionals, showing that it comes to these
larger systems containing 100 plus atoms, EDDIE-
ML offers a better compromise between accuracy
and computational cost. For the larger dimers, cal-
culations were performed using 128 GB RAM, ex-

E/I];;;l;s VL 11;11160 g zz/lgEz) ZRQN(IEI;:) cept for @B97X-D calculations, which required
revPBE-D3(op)/TZ 14.14+18.1 2.0(1.1) 4.1(13) |Pwardsof600GBRAM. ,

MO6-2X/TZ 39432 02(0.5) 03 (0.7) Figure [6] shows the predicted interaction ener-
wBY7X-D/aTZ 3534282 03(1.1) 03(1.4) gies for dimers from the L7 dataset.® CLIFF and

als are within chemical accuracy of the bench-
mark results (Table [)), though this comes at a
higher cost than EDDIE-ML. As with the neu-
tral dimers, the performance of EDDIE-ML is
thus slightly worse than DFT with similar errors
to revPBE. However, unlike EDDIE-ML, several
revPBE curves are non-smooth and do not show
the correct asymptotic decay with increasing in-
termolecular distance. For the charged dimers, the
difference in time required for generating Ap(r)
versus the DFT computation is significant, with
the EDDIE-ML descriptor being faster to calcu-
late than all DFT methods including revPBE due
to aforementioned convergence issues. Although
there is a cost associated with making GPR pre-
dictions which scales with the size of the training
dataset, due to the small size of the datasets used
here, the improvement in speed over DFT calcu-
lations when using EDDIE-ML is apparent. The
increased cost of GPR with dataset size could be
remedied by using a deep neural network as the
regression method, which is the subject of future
research.

2.2 Transferability to large systems
2.2.1 Dispersion-bound complexes

Moving on to larger, more practical examples, as
opposed to the small molecule dimers from pre-
vious sections, we now test EDDIE-ML for com-
plexes from the L7 dataset.”*" Here we extend
the application of EDDIE-ML to dimers contain-
ing 100 plus atoms, showing the transferability
and size-extensivity of EDDIE-ML trained on the

LODE predictions are given in Table S4. For the
L7 dimers, CLIFF predictions could only be made
for C2C2PD due to convergence issues, and most
LODE predictions were strongly positive (indicat-
ing a repulsive interaction), hence these results are
excluded from Figure [6f SRS-MP2/cc-pVTZ val-
ues are used as the benchmark for consistency with
previous sections. These values show good agree-
ment with the established QCISD(T)/CBS bench-
mark® (see Table S4). For L7 dimers, EDDIE-
ML outperforms both current ML methods, and
has smaller errors than all DFT functionals except
wB97X-D. Excluding the highly extended and de-
localised systems CBH and C2C2PD (which have
no similar compounds in the training data due to
the nature of small dimers) the average absolute er-
ror for EDDIE-ML on the remaining 5 complexes

Table 5: Average walltime in hours (and stan-
dard deviation) for DFT computed or ML calcu-
lated interaction energy for the L7 complexes. Er-
rors (kcal/mol) are calculated with respect to SRS-
MP2/cc-pVTZ values. Number of training points
N is shown for ML methods.

Method N Time MAE RMSE
CLIFFa 7884 N/A - -
LODE 840 N/A 178.0 270.8

EDDIE-ML 840 1.8£1.8 3.8 54

revPBE- N/A 35421 103 108
D3(op)/TZ

M06-2X/TZ ~ N/A 19421 59 65
©B97X- N/A  17.0£153 18 24
D/aTZ

¢ CLIFF was unable to converge the calculations for 6
out of 7 complexes in the L7 dataset.
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is 1 kcal mol~!. We expect that the larger errors
for predictions of CBH and C2C2PD would be
reduced by including larger dispersion-dominated
dimers in the training data, as this would give
the model some opportunity to learn the non-
additive nature of dispersion interactions. Given
the present training data, the model underpredicts
the interaction energy for CBH and C2C2PD as
the most similar dimers in the training set (such
as cyclopentane- - - neopentane and VAL- - - VAL as
shown in Figure [3) have very weak interaction
energy values in the range of 1 — 3 kcal mol~!.
The current neutral dimer set comprises mostly
electrostatic- and mixed-type dimers, and we can
see that the relationship between the smaller- and
larger-sized dimer interaction energies is learned
successfully for these interaction types from the
accuracy of predicted interaction energy for C3A,
GCGC, G3GC, PHE, and GGG. The overall MAE
for EDDIE-ML is 3.7 kcal mol~!, which sits be-
tween the lower accuracy of M06-2X (5.9 kcal
mol~!) and the most accurate functional ®B97X-
D (1.8 kcal mol~!) (Table . The level of accu-
racy is reflected in the time taken for each DFT
calculations compared to the time for the HF cal-
culation to generate the EDDIE-ML descriptor:
®wB97X-D, a functional which encapsulates both
short- and long-range electron correlation effects,
has an average walltime several times larger than
those of all other methods, indicative of its com-
plexity. On the other hand, the other two function-
als, revPBE and M06-2X, are comparable or faster
than EDDIE, though fall short in accuracy when
applied to the L7 complexes.
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2.2.2 Host-guest interactions

Lastly, EDDIE-ML is used to predict small
molecule binding to the porous organic cage CC3,
a cyclohexane functionalized imine-based cage,
which has shown promise in gas separation and
adsorption studies.?!2 Selective separation of
molecules based on differential interactions within
the cage has been greatly aided by computational
methods which calculate relative binding ener-
gies of adsorbants.??Four small molecules (CH,,
C,H,, C,H,, CO,) in one CC3 cage were chosen
for analysis. One molecule was placed in the cen-
tral cavity of CC3, giving systems with between
168 and 173 atoms. Three DFT-optimized struc-
tures were taken from the work of McKee and
McKee?? (Figure , and the structure of C,H,
was modified from that of C,H,.
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Figure 7: (left) Interaction energies for small

molecules adsorbed in CC3 calculated using DFT

and ML methods. Reference SRS-MP2 values

are shown in black.

(right) Structure of CC3
shown as licorice representation with adsorbed
CO, molecule shown as ball and stick.




Comparing ML predicted and QM computed in-
teraction energies for the CC3 complexes in Fig-
ure [7] it is clear that EDDIE-ML makes accu-
rate predictions for the three larger gas molecules
C,H,, C,H,, and CO, but struggles to compute
the binding for the weakly interacting CH,. In-
terestingly, the three DFT methods disagree in
the calculated interaction energy for CH,-CC3 by
over 6 kcal mol~!, indicating the level of diffi-
culty in treating this weak dispersion-bound com-
plex. DFT and EDDIE-ML predictions for the re-
maining three molecules are similar in magnitude;
only CLIFF overbinds all four complexes though
performs better than LODE, which predicted even
more strongly bound values (Table S5).

The accuracy and timing of DFT and ML meth-
ods for CC3 systems is shown in Table[6] In com-
parison to the two direct ML schemes CLIFF and
LODE, EDDIE-ML is the only scheme able to
give reasonable predictions using far fewer train-
ing examples. Overall, these two large systems
highlight the application of EDDIE-ML to systems
which are much larger than molecules seen in the
training data, where results are on par with modern
DFT functionals and outperform other current ML
algorithms for the prediction of interaction energy
in chemical systems of any size and type.

Table 6: Average walltime in hours (and standard
deviation) for DFT computed or ML calculated
interaction energy for the CC3 complexes. Er-
rors (kcal/mol) are calculated with respect to SRS-
MP2/cc-pVTZ values. Number of training points
N is shown for ML methods.

Method N Time MAE RMSE
CLIFF-! 7884 N/A 8.4 8.7

LODE"? 840 N/A 191.8 192.1

EDDIE-ML 840 11.4+1.7 1.6 2.1

revPBE- N/A 77405 1.1 1.8

D3(op)/TZ

M06-2X/TZ N/A 8.8+20 1.2 1.2

wB97X- N/A  659+2.1 038 0.9

D/aTZ
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3 Conclusion

This work has presented EDDIE-ML, a new ap-
plication of the electron deformation density as a
quantitative descriptor in A-ML. The method pre-
dicts the interaction energy as a function of the
electron density. EDDIE-ML makes accurate pre-
dictions of interaction energy for chemically di-
verse dimers with greater data efficiency and trans-
ferability compared to several existing direct ML
models, due to the projection of deformation den-
sity onto atomic positions. The merits of in-
cluding the electron density are shown by com-
parison with standard geometric descriptors such
as the Coulomb matrix and SLATM, which can-
not encapsulate the relationship between geometry
and interaction energy given small training dataset
sizes. The connection of the deformation density-
based descriptor to the underlying physics of in-
teraction energy means that EDDIE-ML readily
predicts reasonable interaction energies for large
‘real-life’ complexes such as stacked base pairs
and porous cages when trained on only small
molecule dimers, whereas direct ML schemes fail
in these applications. Though there is a cost as-
sociated with generating EDDIE-ML descriptors
via a Hatree-Fock calculation, the speed increase
over a standard DFT counterpoise-corrected inter-
action energy is significant when looking at small
molecule dimers. Furthermore, the amount of ref-
erence data needed to train the model is reduced by
over an order of magnitude compared to other ML
schemes, reducing the cost associated with gen-
erating training data. The combination of DFT-
level accuracy with a relatively low-cost descrip-
tor opens future possibilities of EDDIE-ML to
be trained on experimental datasets, which typi-
cally contain several hundred examples or fewer,
enabling discovery of strongly interacting com-
pounds within a given chemical domain.
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