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ABSTRACT: We present a machine learning model to predict the
electric dipole moment of diatomic molecules using only the
atomic properties of the constituent atoms. The model can screen
the entire periodic table to identify the molecules with the largest
dipole moments for applications in cold molecular sciences or to
find the molecule with the largest dipole moment that contains a
given atom. Similarly, our model identifies useful trends that
explain molecular dipole moments, improving our intuition in chemical physics beyond the paradigm of electronegativity differences.
Finally, we condense our model into an analytical expression to predict the dipole moment in terms of atomic properties.

■ INTRODUCTION
The electric dipole moment is an intrinsic property or
fingerprint of molecules; hence, every molecule has a different
one. The dipole moment of a chemical plays a significant role
in its physicochemical properties, such as melting point,1

solubility,2 and thermal conduction,3 to cite a few. In cold
molecular sciences, the search for diatomic molecules with
large dipole moments is one of the most active research areas
due to its prospective applications in dipolar quantum gases,
the development of quantum gates based on polar
molecules,4−9 implementation of new Hamiltonians and the
study of many-body physics,10−15 among others. Similarly, the
search for new physics with molecules can benefit from
molecules with larger dipole moments, especially those
containing radioactive atoms like Fr−Y for hadronic charge-
parity violation searches16,17 and Ra−Y for measuring the
electric dipole moment of the electron as a consequence of
charge-parity-time-reversal symmetry violation.18,19

The dipole moment of molecules is either experimentally
determined by spectroscopic techniques or calculated using ab
initio quantum-chemical methods.20,21 However, neither of
these routes is a plausible approach for determining the dipole
moment of the possible 6903 polar diatomic molecules. In
principle, one can resort to the chemical intuition to find
molecules with the largest difference in the electronegativity
within the atoms and, with it, the largest dipole moments due
to a larger ionic character.22−25 However, it has recently been
found that X−Ag molecules, where X is an alkali-metal atom,
exhibit large dipole moments, which is unexpected given the
predicted minor ionic character these molecules should exhibit,
since the two atoms have similar electronegativities.16,26 Based
on these results, it is certainly not a trivial task to find out
which diatomic molecules can show a large dipole moment.
In this paper, we employ a machine learning approach to

predict the dipole moment of diatomic molecules based on
atomic properties. As a result, it is possible to screen the whole

set of polar diatomic molecules and find which molecules have
the largest dipole moment, or to find the molecule containing a
given atom type that shows the largest dipole moment. In the
same vein, our machine learning models help us identify
unforeseen patterns in the dipole moments of molecules based
on groups and periods, which are tested against high-level ab
initio electronic structure methods and confirmed. Therefore, a
machine can teach us more about the nature of the dipole
moment and its interconnection with essential atomic
properties than anticipated. In line with these findings, we
use symbolic regression to identify a simple, data-driven
relationship that predicts the dipole moment with an accuracy
of better than one Debye.

■ METHODOLOGY
As introduced by Pauling,22 the polarity of a bond is a direct
consequence of atoms having different specificities to attract
electrons, known as electronegativity χ. Therefore, it is possible
to describe the partial ionic character in terms of the
electronegativity, and surprisingly enough, there is no unique
way to do so. Pauling proposed
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where χi is the electronegativity of the i-th atom in the
molecule. Alternatively, Hannay and Smyth24 proposed
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Both of these definitions, eqs 1 and 2 lead to very different
partial ionic characters, even thought both of them were
empirically derived.1

Additionally, as shown beautifully in the seminal work of
Coulson,27 the dipole moment has contributions beyond bond
polarity, such as the homopolar dipole moment, which
depends on the size of the atom, or the anisotropy of the
atomic orbitals. Therefore, the relationship between the dipole
moment and the partial ionic character may not be as
straightforward as thought and may depend on properties
beyond electronegativity. However, the idea that the electro-
negativity difference between atoms within a molecule yields a
large ionic character and, with it, a large dipole moment has
spread in modern chemistry, and even advanced large language
models fail to predict the dipole moment of molecules.
The dipole moment, as it is taught in elementary chemistry

courses, is defined as

=d qRe (3)

where q is the effective separated charge and Re denotes the
equilibrium bond length of the molecule. As introduced by
Pauling, the dipole moment is related to the polarity of
molecular bonds, describing the partial ionic character of the
bond, given by

= d
eR

IC 100d
e (4)

where e is the electron charge, and the result is given in %.
Here, we pursue a machine learning approach. To learn the

dipole moment of diatomic molecules, we compile a data set
comprising 273 molecules. Of these, 140 have experimentally
measured dipole moments.28−44 At the same time, the
remaining 133 have theoretically calculated dipole mo-
ments26,45−47 using the gold standard in quantum chemistry:
Coupled clusters with singles, doubles and perturbative triple
excitations [CCSD(T)], in conjunction with large enough
correlation-consistent basis sets and, when needed, the
inclusion of Stuttgart/Koeln fully relativistic multielectron fit
effective core potential (ECPnMDF), to model the first n core
electrons (see Supporting Information). This ab initio
methodology is adequate for the determination of most of
the diatomics.48 First, we noticed that the relationship between
the dipole moment and the equilibrium distances, using eq 3,
yields a rather dispersed value of q, as shown in Figure 1A.
Certainly, it deviates from the extreme case of q = e, except
NaF and SrO (both highlighted in Figure 1A). Therefore, the
relationship between the dipole moment and the equilibrium
distance is not linear at all for some molecules. To explore the
variety of bonding and chemical behavior within this set, we
employ the van Arkel−Ketelaar Triangle,49,50 as customary in
inorganic chemistry to identify the nature of chemical
compounds, as shown in Figure 1B. Molecules closer to the
tip of the triangle are those with a larger ionic character (ionic
bond), the ones in the right corner show a covalent bond, and
the ones in the left corner are van der Waals molecules.2 The
data set shows a relatively uniform distribution across these
three bonding types, with a slight skew toward van der Waals-
type bonding. Interestingly, we noticed that some molecules
far from the tip of the triangle exhibit a large dipole moment,
even though their expected ionic character is not large,
contradicting general chemical intuition and classification. In
particular, the molecules CsI (11.69 D), RbBr (10.86 D), and

CsCl (10.387 D) have much larger dipole moments compared
to the ionic bond molecules such as CsF (7.88 D), SrF (3.47
D). What is more remarkable is that there are molecules with a
low difference in electronegativity that have comparable dipole
moments to ionic bond molecules, such as AgRb (9.03 D) and
AgCl (5.62 D).
We employed Gaussian Process Regression (GPR) as one of

our primary predictive models because of its advantages in low-
data settings.51 GPR provides not only point predictions but
also uncertainty estimates, which are valuable when applying
the model to extrapolate. Additionally, we compare our GPR
models against baseline models, including Support Vector
Regression (SVR), random forest, and Gradient Boosting
Regression (GBR), using a consistent validation scheme to
ensure a fair comparison. To validate our models, we adopted a
Monte Carlo Cross-Validation (MCCV) scheme,52 modified
to prevent data leakage from duplicated entries. In each
iteration, we randomly split the data set into 90% training and
10% testing. This split was done based on the molecule’s name
(both the forward and backward versions have the same name
in our data set), ensuring that both the original and swapped
entries for any given molecule were confined to the same split.
This approach prevents information about a molecule in the
training set from benefiting predictions on the test set. For all
these models, we utilize a modified ionic character provided by
eq 2 ICHS and the difference in ionization potentials (IP)

Figure 1. Dipole moment of diatomic molecules data set containing
experimental and accurate theoretical data. (A) Dipole moment (in
Debye) versus the equilibrium distance (in Angstrom), as well as the
maximal predicted values from eq 3 (for q = e) as a line and the 2
molecules with values closest to this prediction. Additionally, it shows
box plots for the dipole moment and equilibrium distance. The box
plot shows the minimum, the maximum, the sample median, and the
first and third quartiles of a given distribution. (B) Van Arkel−
Ketelaar’s triangle of the data set, as characteristic in inorganic
chemistry to characterize metallic (left corner), ionic (top corner), or
covalent compounds (right corner).
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ΔIP
1/4 where ΔIP = |IPA − IPB| and also the reciprocal product of

the ionization potentials 1
IP IPA B

and the sum of the electron

affinities (EA) (EAA + EAB) for both atoms as numerical
features. Additionally, we include the group and period of each
atom in the molecule as categorical features. It is not surprising
that the ionization potential and electron affinity appear as
features, since they explain an atom’s ability to attract
electrons. In contrast, the latter explains its ability to donate
electrons. Similarly, ionic character is expected in the feature
vector, as it accounts for the charge mismatch in a molecule’s
chemical bond. What is surprising, at first sight, is the
particular functional form in which those properties enter as a
feature. However, these functional forms result from a more
accurate representation of the data, thereby improving the
efficiency of the machine learning algorithm.

■ RESULTS AND DISCUSSION
We ran 1000 iterations within the MCCV procedure and
computed the average Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) across all runs. The model’s
performance, as measured by the MAE and RMSE, is
presented in Table 1. Therefore, the model depends only on

atomic properties. GPR outperforms the other models, with an
RMSE of 0.67 D, followed by Gradient Boosting Regression.
Therefore, from now on, we will focus on the GPR model, and
its results are shown in Figure 2. The model presents a few

inaccurate predictions like BaS, MoC, and some van der Waals
molecules like LiNa, NaCs, and LiCs, also inaccurate
predictions even when molecular properties are included;
possibly related to an anomalous natural bond orbital atomic
charge versus the Mulliken charge for each of these
molecules.53

Previous attempts to predict the dipole moment of
molecules required molecular properties or structural in-
formation.53−58 Although accurate, they are hardly extrapolable
to unknown molecules, since their molecular properties are
also unknown. On the contrary, we can bypass this problem by
using only atomic properties. In that regard, guided by the
model’s accuracy, we search for the diatomic with the largest
dipole moment. Since our model requires the ionic character
and, with it, the electronegativities of the atoms, we screen
4851 molecules, as only 99 elements have reliable electro-
negativities within the Pauling scale. The results of our model
are shown in Figure 3, where some unseen molecules predicted
by the model are contrasted with CCSD(T) calculations. First,

Table 1. Comparison of Regression Methods Based on
RMSE and MAE (in Debye)a

ML method RMSE MAE

GPR training set 0.10 0.07
Gaussian process regression 0.67 0.45
gradient boosting 1.00 0.70
random forest 1.05 0.70
support vector regression 1.07 0.77
PySR model 1.27 0.96

aThe training set results refer to the Gaussian process regression
model.

Figure 2. Prediction of the dipole moment of diatomics. Predicted
dipole moment versus the real dipole moment. The error bars
represent the associated uncertainty for each prediction, and the
dashed red line represents the perfect prediction. The color scheme
indicates whether a point belongs to the training set (orange) or the
testing set (blue). The labeled points are inaccurate predictions with |
Predicted − Actual| > 1.5 D.

Figure 3. Testing the machine learning model predictions on 4851
molecules. (A and B) Predicted dipole moments for X−Au and X−S
molecules (X = Alkali-metal) against CCSD(T), respectively. The
machine learning model has never seen these molecules. (C)
Theoretical dipole moment for radium-containing molecules (ordered
by CCSD(T) smallest to largest) versus GPR predictions. Across all 3,
the trends of CCSD(T) are captured in the GPR predictions.
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we notice that the model is surprisingly accurate in predicting
the dipole moment of unseen molecules in comparison with
CCSD(T) calculations, even when some molecules are in the
extrapolation regime, i.e., molecules unseen by the model,
where machine learning techniques are supposed to lose
accuracy. This confirms the robustness of our machine learning
model. More importantly, the machine correctly captures the
trend for X−Au and X−S molecules, where X is an alkali atom.
In other words, the machine can reveal the underlying
correlations between the dipole moment and the atomic
properties of the atoms that form the molecule. A more
detailed study on the properties of the model is provided in the
Supporting Information.
Recently, it has been demonstrated that alkali-Ag molecules

exhibit a significant dipole moment, despite the slight
electronegativity difference between Ag and alkali atoms.
This result is very puzzling. However, as we show in Figure 3A,
alkali-Au molecules show the same trend. Indeed, the dipole
moment of alkali-Au molecules is larger than that of alkali-Ag
molecules−another example of molecules with a relatively
small electronegativity difference showing a large dipole
moment. Why is that? The reason is that the group 11
atoms are transition metals with a hole in the valence shell, so
they can be seen as the halogens of the transition metals. As any
halogen, the largest dipole is when those are in contact with
alkali atoms (alkali halides), hence explaining why Cu-, Ag-,
and alkali-Au have a large dipole moment. For alkali halides,
the dipole moment grows as the period of the halogen atom.
Thus, explaining why alkali-Au molecules show a larger dipole
moment than alkali-Ag molecules. Following that trend, alkali-
Rg may show even larger dipole moments from any of the
group 11 elements combined with alkali atoms, although
relativistic contributions may affect the dipole moment and
end up comparable to alkali-I molecules. On the other hand, in
Figure 3B, we notice that alkali metal monosulfide molecules
show a pretty significant dipole moment, which should not
come as a surprise since the alkali metal oxides show a decent
dipole moment, keeping in mind that S is a period 3 atom,
whereas O shows a period 2. Similarly, alkaline earth oxides
exhibit a large dipole moment, perhaps related to the fact that
the chalcogens can be viewed as p-shell atoms with two holes,
each filled by the two valence electrons of the alkaline earth
metals. Therefore, earth metal monosulfide compounds will
also show a large dipole moment, genuinely larger than those
of alkaline earth metal oxides.
Another possibility our model offers is to find the molecule

with the largest dipole moment that contains a given atom. To
test this capability, we predict the radium-containing molecules
with the largest dipole moments, and the results are shown in
Figure 3C against CCSD (T) calculations. Again, the GPR
model is unexpectedly good at predicting the dipole moment,
although RaSe seems somewhat difficult for the model. More
importantly, thanks to this exploration, we can confirm that
RaS or RaSe are promising candidates for the study of radium-
containing molecules in the cold regime, and their laser cooling
possibilities will be the subject of future work.
After the exhaustive screening, we identify the top 20

molecules with the largest dipole moment, and the results are
shown in Table 2 in comparison with CCSD(T) calculations
and experimental data, when available. The GPR results are
pretty good compared to CCSD(T) calculations. The
molecule with the largest dipole moment will be the
combination of the heavy alkali halides X−I or X−At, followed

by alkali-Au molecules, which can be viewed as the
combination of the heaviest halogen transition-metal atom
and alkali.
To complement our machine learning models, we also

applied symbolic regression via PySR59 to find an analytical
formula for the dipole moment of a molecule, AB, in terms of
atomic properties

= + + · ·d (EA EA ) IC
24.43
IP IP

0.14IP
1/4

A B HS
A B

i

k
jjjjjj

i
k
jjjjj

i
k
jjjjj

y
{
zzzzz

y
{
zzzzz

y

{
zzzzzz
(5)

The symbolic model achieved an RMSE of 1.26 D on the
original test data and, when used on the same set of 4851
theoretical molecules, produced an RMSE of 0.92 D, as shown
in Table 1, capturing many of the same trends as the machine
learning model with reduced precision. The predictions of this
model for the top 20 molecules are displayed in Table 2,
showing a good agreement with experimental and CCSD(T)
results, for most of the molecules. The symbolic model offers
interpretability and analytic insight that is not as visible when
using GPR alone. In other words, we found the most reliable
expression for the dipole moment of diatomics.

■ CONCLUSIONS
In summary, we have demonstrated that the general idea that
the difference in electronegativity determines the polarity of
the molecular bond is not the whole picture, as it can lead to
erroneous interpretations of the bond in diatomic molecules
and fails to predict the dipole moment of diatomics. Thanks to
machine learning, we can predict the dipole moment of any
diatomic molecule in less than a second, whereas a typical
CCSD(T) calculation would take hours. Similarly, we can
uncover unexpected correlations between the dipole moment

Table 2. Top 20 Molecules with High Dipole Moments:
Ordered First by Descending CCSD(T) Values (When
Available) and Then by Descending GPR Predictionsa

molecule experimental CCSD(T) GPR prediction
symbolic
regression

CsI 11.69 11.73 11.52 ± 0.48 12.15
FrI N/A 11.63 10.92 ± 0.85 11.89
RbI 11.48 11.41 11.16 ± 0.46 11.14
AuCs N/A 11.25 11.82 ± 0.93 10.86
RaSe N/A 11.20 7.98 ± 0.9 5.71
BaSe N/A 11.18 8.59 ± 0.61 5.90
CsSe N/A 11.0 10.58 ± 0.77 9.39
AuRb N/A 10.97 11.76 ± 0.86 9.99
RbBr 10.86 N/A 10.97 ± 0.43 11.35
BaS 10.86 10.89 10.59 ± 0.19 5.73
RbSe N/A 10.83 10.71 ± 0.74 8.65
CsS N/A 10.82 11.49 ± 0.67 9.09
CsBr 10.82 N/A 10.96 ± 0.47 12.41
SrSe N/A 10.65 6.21 ± 1.29 5.07
SrS N/A 10.62 6.83 ± 1.37 4.94
AuK N/A 10.30 11.10 ± 0.85 9.61
CaSe N/A 10.03 6.71 ± 0.65 4.56
AuFr N/A 9.93 11.53 ± 0.98 10.67
RbS N/A 9.82 11.29 ± 0.70 8.37
CsCl N/A N/A 10.89 ± 0.48 12.39

aExperimental and symbolic regression values are shown for
comparison.
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and the atomic properties of its constituent atoms, helping us
better understand the structure of the periodic table and the
nature of the dipole moment.
In a more practical sense, and answering the question of the

title of this paper, thanks to a fast screening of diatomic
molecules via machine learning techniques, we conclude that
the molecules with the largest dipole moment are heavy
halogens combined with heavy alkali atoms and alkali-Au
molecules, all of them showing dipole ≳11 D. Furthermore, we
provide an analytical expression for the dipole moment of
diatomics derived via symbolic regression, which is the most
accurate expression to date for predicting the dipole moment
of any diatomic molecule. Our model only requires atomic
properties accessible to any user. Finally, it is worth
emphasizing that our machine learning model can predict
the dipole moment of molecules containing a specific atom,
thereby opening a new avenue for identifying the optimal
molecule for testing physics beyond the standard model.
However, the dipole moment cannot be solely the result of the
atomic properties of a molecule's constituent atoms; it must
depend on molecular properties, and therefore our approach is
not more accurate.
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