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er oracle for recommending
density functionals for excited states calculations†

Davide Avagliano, *ab Marta Skreta,bc Sebastian Arellano-Rubachd

and Alán Aspuru-Guzik *abcefgh

Density functional theory (DFT) is the workhorse of computational quantum chemistry. One of its main

limitations is that choosing the right functional is a non-trivial task left for human experts. The choice is

particularly hard for excited state calculations when using its time-dependent formulation (TD-DFT). This is

due to the approximations of the method, but also because the photophysical properties of a molecule are

defined by a manifold of states that all need to be properly described. This includes not only the relative

energy of the states, but also capturing the correct character, order, and intensity of the transitions. In this

work, we developed a neural network to recommend functionals to be used on molecules for TD-DFT

calculations, by simultaneously considering all these properties for a manifold of states. This was possible by

developing a scoring system to define the accuracy of an excited state's calculation against a higher-

accuracy reference. The scoring system is generalizable to any level of theory; we here applied it to evaluate

the performance of common functionals of different rungs against a higher accuracy method on a large set

of organic molecules. The results are collected in a database that we released and made open, providing

four million data points to the community for future applications. The scoring system assigns a value

between zero and one hundred to each functional for each molecule, transforming the complicated task of

learning photophysical properties into a simpler regression task. We used the dataset to train a graph

attention neural network to predict the scores for unseen molecules. We call this oracle DELFI (Data-driven

EvaLuation of Functionals by Inference), which can be used to quickly screen and predict the ranking of

functionals to calculate the optical properties of organic molecules. We validated DELFI in two in silico

experiments: choosing a common functional for a series of spiropyran-merocyanine isomers and a unique

functional to screen a large dataset of over 50 000 organic photovoltaic molecules, for which an extensive

benchmark would be unfeasible. A corresponding web application allows DELFI to be easily run and the

results to be analyzed, alleviating the hurdle of choosing the right functional for TD-DFT calculations.
1 Introduction

Density functional theory (DFT)1 and its time-dependent
formulation (TD-DFT)2 for calculations beyond the electronic
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ground state are the most widely used computational methods
for the calculation of electronic energies, due to their hardly
beatable accuracy/cost trade-off for medium-to-large size
molecular systems. However, the main limitation of DFT lies in
the impossibility of knowing the exact form of the electron
exchange and correlation for molecules and the need to use an
approximate functional.3 Although a plethora of exchange–
correlation functionals have been developed,4 even reaching
high accuracy for specic problems and universal recognition
in the community,5 there is arguably a unique solution for the
combination system/property/functional.6 This is particularly
true for the calculation of electronically excited states, where
several additional challenges arise due to the treating of highly
correlated and multi-reference objects as excited states.7,8 TD-
DFT, in its linear response formulation,9 the most popular
one, and in the limit of the adiabatic approximation10 cannot
describe double/multiple excitations11 and intersection seams
between the ground and rst excited state potential energy
surfaces,12 and it problematically describes highly delocalized
Chem. Sci., 2024, 15, 4489–4503 | 4489
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states as charge transfer or Rydberg states.13,14 While the rst
two problems cannot be overcome within the adiabatic
approximation, for the latter several modications have been
introduced to mitigate the errors of ground state functionals
and improve the performances of TD-DFT, leading to the
development of long-range corrected functionals.15 However,
a general recipe for a functional that can satisfactorily and
universally describe optical molecular properties has not been
found, and arguably cannot be found. As a consequence, since
DFT and TD-DFT popularity is so high, one of themost common
questions a computational chemist faces while approaching
a problem to solve is: which exchange–correlation functional
should I use?16 A generally accepted approach to nding an
answer is to benchmark a bunch of functionals against the
results obtained with a higher-level method or experimental
results,17,18 if available. In this case, a one-by-one state
comparison is needed, since it is missing a general quantitative
way to estimate the quality of an excited state calculation.
Additionally, this approach is prohibitive when studying large-
size molecular systems, or when deciding on a unique func-
tional to screen the optical properties of a large set of molecules,
for example in the eld of material discovery. In these cases,
a single pick is made, based on literature research and chemical
intuition. More generally, both approaches are limited to
a small subset of choices and might easily leave out the out-
performing functional. Alternatively, general qualitative indexes
have been proposed, or specic types of excitations have been
focused on, but always requiring actually running the calcula-
tions a priori.19–22 Machine learning could facilitate this task by
learning patterns between molecular properties and functional
performances, as promisingly shown very recently for ground
state properties.23 However, in the case of optical properties like
UV/Vis absorption, many electronic states need to be consid-
ered, and their energies are not the only quantities to consider
when evaluating the performance of a functional, but also the
character, intensity and order of the excited states need to be
properly described by TD-DFT.24 Indeed, a wrong description of
the order, character, and brightness of two states might lead to
misinterpretation of photochemical pathways and reactivity. An
easy yet important example can be the canonical nucleobase
UV/Vis absorption, where a misinterpretation of order and
character of La, Lb and np* states would lead to a wrong
interpretation of their photophysical properties.25 To the best of
our knowledge, there is not a systematic, universal, and trans-
ferable excited state evaluation scheme that is able to keep
together all this information for a bunch of excited states that
could be used for the assessment of the quality of a method or
functional. In this paper, we aim to ll this large gap by intro-
ducing a general scheme to evaluate excited state calculations
obtained with a lower accuracy electronic structure method with
respect to a more accurate one. In particular, we developed
a scoring system that considers at the same time differences in
energy, character, and brightness of a certain number of states
and then assigns a nal score between 0 and 100. By applying
this scoring system to the calculation obtained with 38 different
functionals of different quality on a dataset of organic mole-
cules, we will be able to transform the functional
4490 | Chem. Sci., 2024, 15, 4489–4503
recommendation in a regression problem, train a graph atten-
tion neural network (GAT),26 and provide a transferable TD-DFT
functional recommender. We called the recommender DELFI
(Data-driven EvaLuation of Functionals by Inference) and we
will show here its applicability to provide a set of functionals,
and their relative score, to be tested and benchmarked as out-
performing a given molecular system or database. Finally, we
provide a web application that we developed to analyze the
scoring system on which the data is trained and to directly run
DELFI by just providing the SMILES of a molecule, including
tools to analyze its results in an interactive and user-friendly
way, providing a powerful tool for chemists of any level of
programming experience approaching a TD-DFT calculation.

2 Excited state scoring system

There is no unique metric to dene the accuracy of an excited
states calculation, since not only the relative energy of each state
is relevant, but also the intensity and character of such excita-
tions play a crucial role in the interpretation of UV/Vis absorp-
tion spectra, photochemical pathways and reactivity.
Commonly, the evaluation is based on simply comparing the
results with experiments or higher accuracy calculations. But
how can we systematically and generally evaluate the perfor-
mance of a given method/functional? Being able to correctly
calculate the energy of the brightest state is denitely the rst
fundamental prerequisite, but there is not a systematic error for
any TD-DFT functional, with a difference in energy that can vary
from 0.3 to more than 1 eV. The ideal goal of a calculation would
also be to identify the correct character of the states, i.e. the
orbitals involved in the electronic transitions, as well as their
relative intensity and order. We here propose an excited state
scoring system that is based on weighing together the energy,
character, and brightness of an excited state calculation with
respect to a higher accuracy reference method. Given a set of
calculated singlet states (but the same approach can be
extended for states of other multiplicities), each state is evalu-
ated singularly and the nal score of the method/functional is
given by their sum (Fig. 1). The score of a single state is in the
range of 0–1 and it is the combination of a partial score due to
the similarity of the character, the energy differences, and the
brightness differences, with respect to the more accurate
method, assigned in the following way:

� The rst fundamental step is to assign the correct states for
comparison since the simply adiabatic order might not corre-
spond for two different calculations. For that, the overlapmatrix
between the one-electron transition density matrix of the
method to be evaluated and the one of a reference calculation is
considered. Starting from the diagonal element, i.e. starting
from states at the corresponding adiabatic order, we identify
three possible scenarios: (i) the overlap is larger than 0.5, (ii)
smaller than 0.2, or (iii) in the range 0.2–0.5. If the overlap is
larger than 0.5, the same character is assumed. If the overlap is
between 0.5 and 0.9, the corresponding value is assigned as
a partial score, if the overlap is larger than 0.9 a value of 1 is
assigned. In case the overlap is <0.5, we cannot assume the
same pure character of the two states, but we check if the order
© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 A summary of the DELFI excited state scoring system proposed in this work. First, the overlap matrix between the one-electron transition
density matrix of the two calculations is calculated. According to the diagonal and/or the off-diagonal values, the matching states between the
two calculations are chosen and a partial score is assigned for each state. This partial score is then refined by removing a penalty due to the
difference in energy and TDM between the states of the two calculations. A score between 0 and 1 is assigned to each state, which indicates the
similarity between the two. Finally, the scores for each state are summed up to give a final score to the excited state calculation.
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of the state might be inverted, by looking at the off-diagonal
element of the overlap matrix. If any off-diagonal element is
larger than the diagonal one, that value is assigned and
a change of state will be considered in the next steps of the
scoring assignment. If none of the off-diagonal elements is
larger than the diagonal element, then the value of the latter is
assigned. The same principle is followed if the diagonal
element is <0.2: an off-diagonal state with a similar character is
searched for and if found, the corresponding value is assigned
as a partial score and the corresponding state will be considered
in the next steps. Two exceptions are considered, (i) if the
overlap is larger than 0.9, a maximum value of 0.8 is given to
slightly penalize the error in the order of states, and (ii) if none
of the off-diagonal elements are larger than 0.5, this state is
considered missing in the reference calculation and a total
score of 0 is assigned to that state.

� Aer the correct states to be compared have been identi-
ed, their energy difference (DE) in eV is calculated. Aer the
rst step, each state has an assigned partial score between 0 and
1. As the full difference in energy between the two calculations
could set too frequently to zero the partial score of the state, and
consequently limit the capability of discriminating the quality
of different calculations, only half of this value is subtracted
from the partial score.
© 2024 The Author(s). Published by the Royal Society of Chemistry
� Last, the same thing is done for the difference in the
magnitude of the transition dipole moment (DjTDMj) in Debye,
which measures the probability of the transition. As the TDM is
known to be highly overestimated in TD-DFT, for the purpose of
this project only a third of this difference is subtracted from the
partial score. For a dark state this penalization will be basically
null, while it is useful to slightly differentiate the error in TDM
for bright states.

In summary, the score for an excited state is given by the
overlap with a corresponding state of the reference calculation,
minus (DE)/2, minus (DjTDMj)/3. The scaling of DE and DjTDMj
was empirically chosen to not penalize excessively due to energy
and intensity differences, and to give greater weight to the rst
over the second. While the scoring system is straightforward to
use in terms of relative accuracy between two or more methods
or functionals, it is less trivial to identify a threshold for an
excited state calculation to be considered overall generally
accurate. Obviously, there is not a general answer and it
depends on the method considered. The strengths of this
scoring system are the inclusion of all the terms in one metric
and being general and transferable to any electronic structure
method; it can detect the absence of double excitation or the
presence of spurious charge transfer states or misinterpretation
of mixed and pure states; it can be extended to include any
Chem. Sci., 2024, 15, 4489–4503 | 4491
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number of excited states of any multiplicity, or just focusing on
a manifold of states; it is easy to interpret and can be applied to
compare quickly different methods/functionals. For example, if
ve excited states are considered, each with a score between
0 and 1, by multiplying by 20, a score between 0 and 100 is given
to a calculation, which can be interpreted as the percentage
expressing the similarity to a higher method, and several
functionals can be evaluated on the same molecule by
comparing their scores. In the web application we developed,
we added an interactive page to interpret the scoring system, as
will be shown in Section 5.

3 Scoring applied to the QM8 dataset

We wanted to apply the scoring system to evaluate and compare
the performances of several functionals on a large set of mole-
cules. We chose the QM8 database, as it was specically
designed to model the electronic spectra of organic mole-
cules.27,28 It collects excited state calculations on more than 20
000 small organic molecules. These molecules contain up to 8
CONF atoms and the largest are 18 entries with 26 atoms. We
chose 38 functionals, whose accuracy was recently reviewed
again for TD-DFT calculations,29 of different rungs,30 from local
density approximation (LDA) to generalized-gradient approxi-
mation, including meta (mGGA) and hybrid and several long-
range corrected functionals, namely:

� LDA: SPW92 (ref. 31).
� GGA: B97-D,32 MPW91,33 PBE,34 BLYP,35 N12 (ref. 36).
�mGGA: B97M-V,37 mBEEF,38 M06-L,39 revM06 L,40 MN15-L,41

revTPSS,42 TPSS.43

� Hybrid GGA: uB97X-D,44 CAM-B3LYP,45 uB97X-V,46

SOGGA11-X,47 LRC-wPBE,48 LRC-wPBEh,49 MPW1K,50 PBE0,51

HSEHJS,52,53 rcamB3LYP,54 MPW1PW91,33 BHHLYP,55,56

PBE50,57 B3LYP,58,59 HFLYP.56

� Hybrid mGGA: BMK,60 M06-SX,61 M06-2X,62 uB97M-V,63

wM05-D,64 MN15,65 PW6B95,66 SCAN0,67 M11,68 revTPSSh,69

TPSSh,70 MN12-SX.71

The very large number of molecules and calculations required
(21 238 molecules and 828 282 single points) forced us to some
notable, but necessary, approximations. We used as a reference
method the second-order Algebraic Diagrammatic Construction
(ADC(2))72 scheme of the polarization propagator and a triple zeta
basis set (def2-TZVP),73 calculating the rst ve singlet excita-
tions. Although not as accurate as higher-quality methods, the
quality of ADC(2) has been extensively benchmarked and vali-
dated in the literature.24,74 The reliability of this method is well
assessed in the community and many works use ADC(2) as
a method to benchmark TD-DFT75 or assume its goodness for
vertical excitations, as well as for dynamics, without bench-
marking it over more accurate methods.76–79 The overall error on
vertical excitations for organic molecules is known to be around
0.2 eV with respect to experimental data, and the method is also
a good choice, as done in this work, to spot the most common
pitfalls of TD-DFT mentioned above, since ADC(2) manages to
describe for example CT or double excitations.80,81However, more
accurate methods, such as the golden standard CCSD(T), are
either too computationally expensive to calculate more than
4492 | Chem. Sci., 2024, 15, 4489–4503
a hundred thousand vertical excitations in total, or they are
inapplicable in an automatic fashion, as complete active space
methods, since it would require ad hoc active space selection for
each of the more than 20 000 molecules. Calculating ve singlets
ensures that the rst absorption band and eventual dark states
present in the UV/Vis region are covered. However, our scoring
system is not intended to provide the closest energy value to the
experimental results, but only the strongest similarity between
the TD-DFT and the reference calculations. The scoring for each
functional in this section indicates the similarity only with
respect to the ve lowest singlet states, at one specic geometry,
obtained with the more accurate method ADC(2), which still
carries its own limitations being a single referencemethod, in the
gas phase. All the details of the quantum chemical calculations
are reported in Section 7. We can analyze the distribution of the
scores for each functional along the dataset, as well as howmany
times a functional is the top performer, and identify trends in the
performances (Fig. 2). A group of functionals seems to be more
frequently the top performer, namely rcamB3LYP, uB97X-V,
PBE50, and BHHLYP. Together they perform the best on over
60% of the molecules. These functionals are also the more
frequent ones with scores above 80 and 75, and in almost half of
the dataset (total number of molecules considered is 21 228) they
have a score larger than 60, a lower bound value that we
recommend as a threshold for a functional to be considered for
benchmarking since it would be derived by an average error of 0.3
on the overlap of the states and a 0.2 eV with a comparable TDM
(see Section 5 for details in the interpretation of the scoring
system). Despite the approximations used, the scores and the
trends obtained are in line with the recommendations obtained
with the latest andmore accurate functional benchmarks.29 Some
of these functionals can perform similarly or very differently for
differentmolecules and these data only show the general trend of
the scoring along the dataset. Combining distribution and
similarity matrix (Fig. S1†) can provide more information, for
example showing how rcamB3LYP, uB97X-V, PBE50, and
BHHLYP show a similar distribution of scores, while being totally
different from the one of HFLYP, which on the other hand has
very few scores higher than 60, but still performs the best inmore
than a thousand cases, showing how 100% of Hartree–Fock (HF)
exact exchange can perform better on the subset of molecules
where long-range corrected and partial HF differ the most from
ADC(2). Comparing the pairwise similarity of the scores of the
functional along the dataset also shows that performances are in
line with Jacob's Ladder and that families of functionals perform
similarly (Fig. S1†). The similarity matrix can be extremely useful
to extrapolate information beyond the set of functionals tested
here, where the computational chemistry intuition combined
with the performances of a set of functionals, can drive the choice
of a functional out of this list, but with parameters that would t
with the best-performing ones or their family. For this reason we
make this analysis available in the web application (Section 5).
Indeed, we here reported only a few possible examples of anal-
ysis, but we generated a large amount of data that we made
available with a set of analysis and visualization tools on a web
application, which is described in detail in Section 5, that allow
a customized and more in-depth interpretation of these data. To
© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 2 Scores distributions along the QM8 dataset. Occurrences of the functional with resulting highest score (a) and times for each functional
with a score higher than 80 (b), 75 (c), and 60 (d). Histograms are colored according to the rung of the functional.
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validate the choices of the parameters we used, we tried some
different combinations of the scoring system. First of all, we
didn't include the TDM in the calculation. In this case, for 97% of
the molecules the top functional is matching with the one ob-
tained with the full scoring system. This dropped to 75% when
we included entirely the difference in energy, but this is due to an
over-penalization of the score of a state that set to zero the
associated partial score. Finally, we analyzed the effect of not
penalizing states according to the overlap element, and this led to
the opposite effect of high scores by not penalizing states that are
similar in energy but notably with different characters. In
conclusion, the denition of our system is reasonable for the
scope of this work, generating a balanced score, that reects
literature benchmarks and provides a range of values that can be
learnt by our GAT.

However, we collected all the vertical excitations we ran on
QM8, as well as all the overlapmatrices calculated, in a database
that we released and it is open and available at https://
gshare.com/projects/DELFI/185308. This extended-QM8 data-
base contains more than 4 million data points of singlet vertical
excitations and oscillator strengths (5 excited states for each
molecule), at ADC(2) and TD-DFT with the 38 functionals used.
We believe that the dataset will be extremely useful for the
community for computational chemistry and machine learning
research on the optical properties of organic molecules. Addi-
tionally, we provided the overlap matrices for each functional of
each molecule and we offer the possibility to the community of
trying different combinations of the scoring system and have
© 2024 The Author(s). Published by the Royal Society of Chemistry
a complete overview on the huge amount of data we generated
and provided.
4 Training and validation of the
functional predictor
4.1 Training the scores predictor

Having dened a numerical evaluation of each functional and
collected a large amount of data on the QM8 dataset, we trained
a neural network to predict the score for each functional given
a certain molecule. The goal of such a model is to quickly screen
density functionals and cheaply provide a recommendation
about a set of functionals within a certain threshold of score that
should be properly benchmarked, potentially with a larger basis
set and against experimental values, to nd the most accurate
functional to compute vertical excitations and UV/Vis spectrum
of a molecule. We represented the molecules of the QM8 dataset
using a 2D graph and trained a GAT for multitask regression,
where a nal message passing layer gives a set of 38 scores (one
for each functional) for a given input molecule (Fig. 3a). Details
on the implementation are described in Section 7. The test set
used to analyze the performances of DELFI is composed of 2101
molecules (10% of the size of the dataset). We obtained an R-
square of 0.7 and a minimum absolute error (MAE) of 6.5 (scores
in the range 0–100) on all the 79 838 scores predicted on the test
set. We previously highlighted how it might be worth properly
benchmarking a functional with a score above 60, so when we
Chem. Sci., 2024, 15, 4489–4503 | 4493
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Fig. 3 (a) Schematic representation of the model trained. A 2D graph is built starting from the SMILES of the molecules and a graph attention
network (GAT) is trained for multitask regression to predict a score for each functional. (b and c) Performances of DELFI on QM8: confusion
matrices for scores above the threshold of 60 (b); number of sample and mean absolute error (MAE), percentages of matches between test and
prediction and top-k accuracy (c).
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consider the predicted scores that are higher than this threshold,
we have a true positive and negative accuracy of 76% and 95%,
respectively. On average, 6 functionals permolecule are predicted
above this threshold and, in 84% of the cases, the top performing
functional is rightfully predicted in these six and 34% of the time
it is correctly predicted with the highest score. When we
considered the matching between which are the top ve func-
tionals calculated and predicted, 10% of the time 5/5 functionals
match, reaching 78% considering when at least one match is
found. However, performances and errors are not uniform for
each of the 38 single regression tasks, as the distributions of the
scores are also not uniform along the dataset for each of the
functionals. We report in Section S2 of the ESI† performances
and errors on the predicted score for the test set for each of the
functionals individually. We also report, in the same section of
the ESI,† the calculated uncertainty for each of the functionals,
following the procedure described in Section 7. The uncertainty
on the predicted scores for the molecules in the test set turns out
to be extremely low for each of the functionals and smaller than
the overall MAE (6.5). Before applying DELFI on test cases, it is
important to underline the domain of applicability and when it
should be used, remembering that the top functional does not
necessarily reect the one with the closest energies to experi-
mental values, but only predicts the functional that matches the
4494 | Chem. Sci., 2024, 15, 4489–4503
most the reference method at the level of theory used for the
dataset, which carries its own limitation and experimental
error.74 If possible, the top recommendation should be bench-
marked. The score of the functionals is relative to a higher
accuracy calculation, which still carries its own limitations. The
dataset used to train the model contains relatively small organic
molecules, and does not include, for example, transition metal
complexes. The scores are obtained considering only ve singlet
states at a single geometry in the gas phase. As such, the indi-
cation provided by DELFI is meaningful for the calculation of
a manifold of singlet vertical excitations and might yield inac-
curate recommendations when including solvent effects,
considering triplet state or excited state dynamics. Only 38
functionals are tested, but ranging among different types and
different contributions of hybrid parameters and long-range
corrections. The best functional might not be in this list, but the
recommendation of DELFI could be useful to identify the family
of functionals that perform the best.
4.2 Validation in real in silico experiments

4.2.1 Spiropyran-merocyanine vertical excitations. We
wanted to validate the use and transferability of DELFI in two
real in silico experiments. The rst one is the choice of
© 2024 The Author(s). Published by the Royal Society of Chemistry
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a functional to compare the UV/Vis absorption of two isomers
that show completely different optical properties, which can be
further modulated by different degrees of functionalization. We
chose an indoline spiropyran (SP) photoswitch as the target
molecule,82,83 which shows an absorption in the UV region and
undergoes photoisomerization to the merocyanine (MC) form
absorbing in the visible region. The photoisomerization and the
well-dened absorption ranges are exploited in different appli-
cations in material84 and biological sciences,85,86 and it can be
modulated by changing the functional group on both indoline
and chromene moieties.87 It is important to choose a single
functional that might satisfactorily describe both molecules
with different substitutions to correctly compare their optical
properties. We considered 5 potential substitutions, for both SP
and MC, and ran DELFI on all of these ten molecules. A pattern
of functionals is predicted to be within the rst top three per-
forming functionals (1), with uB97X-V, M11, and LRC-wPBE
Table 1 Top 3 functionals predicted for the ten spiropyran (SP) and mero
experiment

Molecule R1 R2

Functi

#1

SP1 H H uB97X
MC1 uB97X
SP2 H NO2 LRC-w
MC2 uB97X
SP3 CH3 NO2 LRC-w
MC3 uB97M
SP4 H OCH3 uB97X
MC4 uB97X
SP5 NO2 NO2 uB97M
MC5 uB97M

Fig. 4 The first 5 singlet states calculated at ADC(2)/def2-TZVP and with
(left) and a nitro group on the chromenemoiety (right). The color of the b
filling of the boxes is proportional to the intensity of the transitions; th
Predicted and calculated (in parentheses) scores are reported for each f

© 2024 The Author(s). Published by the Royal Society of Chemistry
being the most recurrent ones. For each of the molecules, the
three functionals are predicted to perform similarly. Interest-
ingly, differences between the overall performance of TD-DFT
according to the substitutions are found, with scores being
systematically lower in the presence of the nitro groups
(Table 1).

To further validate the recommendations of DELFI, we chose
two of these molecules, namely SP1 and SP2, and ran ADC(2)
and TD-DFT calculations at the same level of theory as when the
scores were obtained for the training set. All the functionals
perform similarly and reproduce the same errors. In the case of
SP1 (Fig. 4, le), for all three functionals the state order
matches, and a systematic error in the energies is found. The
similarity in the performances is reected by the very similar
calculated scores (Fig. 4, in parentheses). S1 and S5 are calcu-
lated to be less dark than in the reference, with uB97X-V that
mitigates this error more than the other two, and results have
cyanine (MC) derivatives (bearing different R1 and R2) considered in the

onal (score)

#2 #3

-V (80) uB97X-D (77) LRC-wPBE (76)
-V (74) rcamB3LYP (71) M11 (71)
PBE (59) M11 (58) uB97X-V (57)
-V (64) M11 (63) LRC-wPBE (62)
PBE (60) M11 (59) uB97X-V (58)
-V (63) M11 (62) uB97X-V (62)
-V (81) LRC-wPBE (76) uB97X-D (75)
-V (74) rcamB3LYP (72) M11 (71)
-V (61) M11 (61) uB97X-V (60)
-V(66) M11 (65) uB97X-V (64)

the top three selected functionals for spiropyran bearing no substituent
oxes represents the states with the same character; the intensity of the
e dashed lines connect the matching state to the reference ADC(2).
unctional.
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both the top predicted and calculated scores. In contrast, for
SP2 (Fig. 4, right), the order of S1 and S2 is inverted with respect
to the reference ADC(2). The calculated scores are lower than
the one of SP1, and this important trend is successfully repro-
duced by the prediction of DELFI, which is able to capture the
different performances of TD-DFT due to chemical changes in
the molecules due to the presence of the nitro group. However,
if one functional needs to be chosen to compare the photo-
physical properties of the whole set of the molecules consid-
ered, accounting for relative energies, brightness, and chemical
intuition, uB97X-V seems to actually be the best performer on
these molecules with respect to the reference calculations,
following the recommendation of DELFI that predicts to be
always in the top three for the ten molecules considered and in
particular the best performer in half of them. To conrm this,
we calculated the rst ve excited states with all 38 functionals
for SP1 and SP2 (Sections S4 and S5 of the ESI†), as well as the
scores following our scoring system. The suggested functionals
by DELFI reproduce the closest results with respect to the
reference ADC(2) and are among the ones with the highest
calculated scores, considering all 38 functionals, with uB97X-V
being, together with uB97M-V, the top choice by both
comparing energies with ADC(2) and according to the calcu-
lated scores.

4.2.2 OPV dataset. The second experiment considers the
case when it is not possible to run a proper benchmark on a set
of molecules, either because of the limiting size or the large
number of compounds. The latter is, for example, the case in
the eld of material discovery, where a functional should be
chosen to calculate the optical properties of a large dataset of
molecules. A unique functional should be used, otherwise, the
relative properties would be meaningless if derived from
Fig. 5 First five entries of the OPV dataset used in this work. The first five
uB97M-V levels to test the performance of DELFI.

4496 | Chem. Sci., 2024, 15, 4489–4503
different levels of theory, and at the same time, a proper
benchmark for thousands of molecules is unrealistic. We take
as an example an organic photovoltaic (OPV) dataset88 that
contains more than 50 000 entries, and we wanted to select
a functional to screen the optical properties of these molecules
to be used, for example, as molecular descriptors in a generative
machine learning model. This dataset represents an additional
test for the transferability of DELFI, as it includes molecules
made of several fused rings and sulfur atoms, not present in the
training set, but still photochemically relevant. Usually, what
would drive the functional choice would be chemical intuition
and a literature survey, trying to nd a functional that is
supposed to perform well on that family of molecules. DELFI
can quickly predict the scores for each of the molecules and
analyzing them can drastically facilitate the decision. We ran
DELFI on the dataset and we obtained in a few seconds a clear
indication of the functional to be used; indeed uB97M-V turned
out to be the top performer on 38 747 out of 51 281 (75%)
molecules, with the second one being M11 in only 5% of the
time (2578 molecules), giving a statistically robust indication of
the functional to be used. Interestingly, this functional was only
around 2% of the time the top performer on the training set of
the model, showing how the graph representation allowed
transferability of the prediction and not simply replicating the
distribution of the scores of the learning. We wanted to validate
the quality of the prediction by comparing the results of the
calculations on a small ensemble of a few molecules contained
in the dataset. We considered the rst ve entries, which are
shown in Fig. 5. These molecules are larger than the one con-
tained in QM8 and include several rings and sulfur atoms,
among other moieties. We calculated the rst ve singlet states
at ADC(2)/def2-TZVP and uB97M-V/def2-TZVP at the same
singlet states are calculated for each of these molecules at ADC(2) and

© 2024 The Author(s). Published by the Royal Society of Chemistry



Table 2 Energies and oscillator strengths (in parentheses) for the first five vertical excitations of the five OPVmolecules considered, calculated at
ADC(2)/def2-TZVP and uB97M-V/def2-TZVP levels. The geometries used are reported in the ESI

Molecule Method S1 S2 S3 S4 S5

OPV1 ADC(2) 3.65 (0.21) 3.79 (1.27) 3.92 (0.00) 4.04 (0.55) 4.28 (0.03)
uB97M-V 3.73 (0.38) 3.81 (0.75) 4.07 (0.00) 4.08 (0.02) 4.31 (0.07)

OPV2 ADC(2) 3.40 (1.51) 3.80 (0.00) 4.01 (0.01) 4.19 (0.01) 4.24 (0.27)
uB97M-V 3.37 (0.90) 3.90 (0.00) 4.22 (0.06) 4.25 (0.06) 4.30 (0.15)

OPV3 ADC(2) 3.49 (0.00) 3.79 (0.01) 3.87 (0.05) 4.01 (0.66) 4.11 (0.55)
uB97M-V 3.42 (0.03) 3.71 (0.01) 3.97 (0.16) 4.01 (0.69) 4.19 (0.13)

OPV4 ADC(2) 3.45 (0.01) 3.85 (0.00) 3.97 (0.00) 4.03 (0.00) 4.18 (0.00)
uB97M-V 3.38 (0.02) 3.94 (0.00) 4.02 (0.00) 4.03 (0.00) 4.21 (0.04)

OPV5 ADC(2) 3.76 (0.01) 3.80 (0.10) 4.03 (0.23) 4.11 (0.10) 4.29 (0.14)
uB97M-V 3.80 (0.08) 3.85 (0.00) 4.10 (0.06) 4.14 (0.04) 4.41 (0.31)

Edge Article Chemical Science
geometry, optimized at the B3LYP level (the same workow
followed for the generation of the training set). We report the
results of these calculations in Table 2.uB97M-V, the functional
selected by DELFI, reproduces almost perfectly the results of the
reference calculation in terms of energy and relative brightness
of the rst ve excitations, for the rst ve molecules indexed in
the dataset. On a large dataset, DELFI is able to recommend
a clear winner which, on a small subset of exemplary molecules,
perfectly matches with the reference. This was the case even
though themolecules are more complex and contain atoms that
are not present in the training set. However, it should be noted
that for uB97M-V, even if with the overall highest value, a value
higher than 50 is predicted in only 69% of the molecules, with
the percentage decreasing to 32 for scores higher than 60,
Fig. 6 Screenshot of the four pages available in the DELFI web applicat

© 2024 The Author(s). Published by the Royal Society of Chemistry
alerting on how generally TD-DFT might perform poorly on
some of these molecules and suggesting further analysis on
single samples to have a more condent understanding of the
optical properties of this class of compounds, beyond a few
considered examples.

5 Analysis and predictions through
a web application

Besides the theoretical denition of the scoring system and its
application to QM8 to train a transferable functional predictor,
we want to provide an easy-to-use and accessible web interface
that could facilitate the choice of choosing the best functionals
for a molecule by directly running DELFI and analyzing the
ion.
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results on a web application. The website, available at https://
del-functional-predictor.streamlit.app, consists of four pages
(Fig. 6). The rst page includes a summary of the denition of
the scoring system, and an interactive score calculator is
available to insert customized values, helping the user to
understand how the score is calculated and the weight of
overlap between states, the difference in energy, and oscillator
strength. The second page is dedicated to the analysis of the
calculated scores for QM8, giving an overview of the
distribution of scores on the training set of the model. The
third page contains a plugin to run the prediction directly in
the web application. There are two possibilities for the user:
the rst one is to enter a single SMILES manually and the 38
scores will be printed, or, alternatively, a list of SMILES can
be provided and a data frame (in .csv) format will be
generated and ready to be downloaded and/or analyzed. A
disclaimer reminds the user of the nature of the molecules used
in the training set and how the prediction of DELFI should be
benchmarked if the molecules given with valid SMILES strings
signicantly differ from the one contained in the training set.
The analysis can be performed on the last page, where
a customized dataset can be uploaded. Histograms with the
occurrences of each functional above a certain threshold,
ltered histograms showing the recurrences of the best per-
forming functionals, and correlation matrices can be easily
visualized directly on that page. We strongly believe that this
user-friendly application will increase notably the applicability
of DELFI and be of support to chemists of all ranges of
computational expertise.

6 Conclusions and outlook

In this work, we have faced the challenging decision task of
picking the right functional for TD-DFT excited state calcula-
tions. We rst had to develop a general excited state scoring
system that can quantify the quality of an excited state calcu-
lation with respect to a more accurate one, by simultaneously
considering and proportionally weighing the character of the
states, order of the states, and difference in energy and
brightness for a set of excited states. We applied the scoring
system to the calculation of 38 TD-DFT functionals with respect
to an ADC(2) calculation for ve singlet states for 21 238 mole-
cules, resulting in 828 282 single-point calculations. The results
of the calculations are open and available for the community
and released in a large database that can be downloaded for
future research and projects, together with the data necessary to
try different combinations of scoring system and analysis. We
used the scores we obtained to train a graph attention network.
Based on this, we have developed a machine learning tool that
can quickly screen the quality of density functionals for a single
or set of molecules, and recommend a subset of functionals to
be benchmarked on a specic molecule or chosen and used for
a large set of molecules. This model, which we called DELFI, can
be used to select a set of functionals to be tested on unseen
molecules, as we demonstrated the applicability and trans-
ferability of DELFI on two in silico experiments, namely
choosing a common functional for the calculation of the UV/Vis
4498 | Chem. Sci., 2024, 15, 4489–4503
spectrum of a set of molecules with different degrees of func-
tionalization and identifying a single functional to screen the
photophysical descriptors of a very large dataset of organic
molecules. DELFI gives system-specic recommendations, not
learning score patterns in the test set, but discriminating
chemical differences in the evaluation of the functionals. In
these experiments we showed how DELFI obviates the need for
benchmarks against a reference method like ADC(2), and as
long as this method is sufficiently correct. Although the scoring
system we developed is generalizable to any level of theory and
number and multiplicity of states, a current limitation of DELFI
lies in the generation of the training data, which are obtained
using as a reference ADC(2), including only a manifold of
singlet states, the exclusion of solvent effects and diffuse basis
function, the use of only 38 functionals and the limited region
of chemical space considered. We hope we made it clear
throughout the text the range of application of DELFI and the
goal of it: quickly screening density functionals for TD-DFT and
producing a recommendation on which ones should be prop-
erly benchmarked or providing a clear indication when
choosing a functional to screen a large number of molecules of
prohibitive size, without the need for computationally unfea-
sible benchmarks. However, it is worth noticing how the results
of the scoring system applied to QM8, and consequently, the
recommendations of DELFI, are in line with extensive literature
benchmarks. As all the data generated is freely available, as well
as the code for the scoring system and the parameters of the
model, we plan and encourage future efforts to improve the
generalizability and applicability of the model, improving the
quality of the training data and adding new functionals.
Nonetheless, we strongly believe in the potential of DELFI to
help the community with the task for which it was developed, so
we wanted to provide an intuitive and user-friendly way to run
and analyze DELFI. For this goal, we released a web application,
freely available, to obtain predictions on unseen molecules, and
analyze already available and new calculated/predicted results.
Overall, we believe that all the work developed will drastically
facilitate solving one of the most common hamletic doubts in
computational chemistry.

7 Methods
7.1 Quantum mechanical calculations

From the QM8 dataset, only the molecules larger than 10 atoms
were extracted. The reason for excluding the smallest molecules
was to reduce the computational burden by not considering very
small molecules with limited relevance from a photochemical
point of view. The geometries reported in the dataset are opti-
mized at the B3LYP level with the 6-31G(2df,p) basis set. We did
not re-optimize the geometries because our goal was anyway to
compare the performances of the functionals at the same given
geometry. For each of these molecules, 39 QM calculations were
run, 38 TD-DFT with the functional listed in Section 3,
employing Tamm-Dancoff approximation89 and one ADC(2),
using spin opposite scaling with a default parameter of 1.3. The
exchange–correlation functionals were either directly loaded
from Turbomole libraries or, if not available, from libxc.90 We
© 2024 The Author(s). Published by the Royal Society of Chemistry
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used the def2-TZVP73 basis set and calculated ve singlet excited
states. Resolution of identity approximation was used in all the
calculations.91,92 Solvent effects were never included in the
calculations. All the QM calculations were run with Turbomole
v. 7.3 (ref. 93 ) on the resources provided by the Digital Research
Alliance of Canada. The transition density matrices and overlap
among them were calculated using TheoDORE 3.0.94

The one-electron transition density matrix for a transition
from the ground (g) to an excited state (i) can be expressed as

gg,i(re, rh) = n
Ð
.
Ð
Jg(rh, r2,., rn)Ji(re, r2,., rn)dr2drn (1)

where re and rh represent the coordinates of the excited electron
and electron-hole respectively, and Jg and Ji the ground and
excited state wavefunctions.95 Additionally, excitation coeffi-
cients, and atomic and molecular orbital matrices are used to
compute the overlap between the one-electron transition
density matrices. The excited state scoring was calculated using
a script released on GitHub at https://github.com/aspuru-guzik-
group/DELFI/tree/main. A score between 0 and 1 was assigned
to each of the states, and the nal score was multiplied by
twenty for interpretability reasons.

7.2 Training and architecture of the GAT model

Starting from the SMILES strings, two-dimensional graphs were
obtained using the MolGraphConvFeaturizer from Deep-
Chem,96 which represents nodes using 30 atom features and
edges using 11 bond features. These are the input features for
a Graph Attention Network (GAT),26 also based on the Deep-
Chem implementation. The architecture consists of two graph
attention layers followed by a multilayer perceptron prediction
layer.26 We used graph attention layers with a width of 128
dimensions and passed their aggregated outputs through
a sigmoid activation function. We used dropout with 0.1 prob-
ability for the graph attention layers and 0.2 probability for the
predictor layer, parameters chosen aer tuning. The output
represented score predictions for each of the 38 functionals. We
used an L1 loss (mean average error) to minimize the distance
between the predictions and ground truth functional scores for
a given molecule. Before computing the loss, we normalized the
functional scores to be between 0 and 1. We divided the dataset
randomly into a train/validation/test split (80/10/10). We used
the validation set to select the learning rate (0.001), batch size
(128) and number of graph attention layers (2). A single multi-
task predictor was trained for the 38 scores. Other hyper-
parameters were le as the default implementation, as any
deviation from the default optimized values worsened the
performance of the model during any attempt at their optimi-
zation. The model was trained for 800 epochs until convergence
was reached. The training was monitored by following the
validation loss and early stopping was implemented to interrupt
the training with a patience of 200 iterations. Uncertainty on the
predictions on the test set was added with Monte Carlo
dropout.97 We did 500 forward passes through the network, with
dropout activated using the same dropout probability, and
predicted the score for each of the molecules in the test. The
variance of the 500 measurements was considered as a measure
© 2024 The Author(s). Published by the Royal Society of Chemistry
of uncertainty. In Section S2 of the ESI† we reported the average
value of the variance for each of the molecules and for each of
the functionals. The model can be downloaded on GitHub at
https://github.com/aspuru-guzik-group/DELFI/tree/main.

7.3 Validation

DELFI was run starting from the SMILES string of spiropyran and
merocyanine structures obtained from the geometries used in ref.
87. Only a NO2 group for the degree of substitution was chosen for
the QM calculations. The geometries were taken from the same
work, using the rst three top-performer recommended func-
tionals. The so-called CCT isomer was used for the merocyanine.
TD-DFT and ADC(2) QM calculations were run following the same
protocol used for QM8. For the prediction of the best functional to
be used to screen the OPVs, the dataset we used was collected in
the framework of the Harvard Clean Energy project and down-
loaded at https://github.com/aspuru-guzik-group/ORGANIC.
DELFI was run starting from the SMILES included in the
dataset. The dataset used and the scores predicted are available
at https://github.com/aspuru-guzik-group/DELFI/tree/main.

7.4 Web application

The web application was created using Streamlit, an open-
source Python library, and is hosted on Streamlit Cloud at Del
Functional Predictor. It is split into four sections, used for
visualizing the dataset, running predictions on your own data-
set, visualizing your own dataset and explaining how the scoring
system works.

Data availability

Extended-QM8 is open and available at https://gshare.com/
projects/DELFI/185308. It collects all the geometries, the
vertical excitations calculated at ADC(2) and TD-DFT level
with the 38 functionals, as well as all the overlap matrices
between the different calculations. The scores, the model and
its parameters are available at https://github.com/aspuru-
guzik-group/DELFI/tree/main.
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