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Highly diverse chemical databases play a key role in the development of accurate and generally applicable
electronic structure methods. We develop and test a workflow for autonomously generating reaction databases
using large language models. As a proof-of-concept, we generate a reaction database encompassing Diels—Alder
cycloaddition, electrocyclic ring opening, electrophilic addition, electrophilic aromatic substitution, and acid-
base reactions. We proceed to benchmark DFT methods relative to CCSD(T) reaction energies obtained via G4

(MP2) theory. The best-performing DFT methods from each of the rungs of Jacob's Ladder (mean-absolute-de-
viations in parentheses) are: PBE-D4 (1.91), Skala (1.86), CAM-B3LYP-D4 and ®B97X-D (1.49), and B1B95-D4

(1.48 keal mol ™).

1. Introduction

Excluding standard wavefunction methods and a handful of density
functional theory (DFT) methods, the majority of electronic structure
methods are empirical in nature to some extent [1]. Examples of
empirical methods include the majority of DFT [2] and double-hybrid
DFT (DHDFT) methods [3], tight-binding DFT methods [4], empiri-
cally motivated wavefunction methods [5], deep-learning DFT methods,
[6,71, and neural network (NN) potentials [8,9]. However, the accuracy
and general applicability of these empirically motivated methods are
limited by the accuracy and diversity of the chemical databases used for
their parameterization. Thus, the continuous development of more ac-
curate and generally applicable empirical electronic structure methods
depends on the development of accurate and increasingly diverse
chemical databases [1,10-12]. The construction of these databases is a
meticulous process, demanding a delicate balance of chemical diversity,
accuracy, and relevance to a specific type of chemistry. The continued
development of these databases is critical for pushing the boundaries of
computational chemistry.

The last decade has witnessed a paradigm shift driven by the success
of data-driven machine learning, particularly deep neural networks.
These models have achieved remarkable success in core chemical tasks,
including predicting reaction outcomes [13], proposing novel retro-
synthetic pathways [14], and generating novel molecules with desired
properties [15]. The recent advent of large language models (LLMs) has
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introduced a new frontier: the creation of autonomous agents that can
reason, plan, and integrate a diverse suite of tools to solve multi-step
scientific problems [16]. This has led to the development of systems
like ChemCrow, which augments an LLM with chemistry-specific tools
to act as a ‘chemistry intern’ for synthesis planning [17]. Similarly,
Coscientist is an Al agent capable of autonomously searching literature,
planning, and physically executing reactions using robotic lab equip-
ment [18]. Over the past few years, generative AI (GenAI) models have
been used to create novel chemical structures with desired properties
[15]. Nevertheless, the autonomous de novo generation of chemical
reaction databases for benchmarking approximate electronic structure
methods remains largely unexplored. A significant gap exists between
using Al to predict the outcome of a given reaction and tasking it to
create a diverse set of reactions from scratch. The present work ad-
dresses this gap, paving the way for generating large and highly diverse
reaction databases. We explore whether GenAl can be tasked with the
systematic construction of a diverse set of chemical reactions to enable
the rigorous benchmarking of electronic structure methods.

The ability to automatically generate benchmark reaction databases
via GenAl algorithms presents several advantages relative to human-
generated benchmark databases. These include:

e Automation and scalability: GenAl can construct extensive databases
in a fraction of the time required for manual curation, enabling the
rapid generation of large and diverse datasets.
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e Chemical diversity: LLMs trained on vast chemical data can propose
a broader range of reactions and reduce the subjective selection bias
of manual curation.

e Systematic curation: The automated nature of the generation and
validation protocol ensures a systematic approach, which mitigates
the subjective selection criteria associated with manual curation.

While our automated protocol (see the Computational Details sec-
tion) rigorously validates each proposed reaction, eliminating errors in
stoichiometry, charge, and spin balance, there is still room for errors to
emerge. These include the risk of including irrelevant reaction types or
proposing chemically plausible but mechanistically incorrect constitu-
tional isomers, as the model may lack the nuanced, intuitive under-
standing of a human expert. Therefore, some degree of expert human
verification or computational screening remains a valuable step in the
final curation process. Furthermore, the quality of the generated data-
base is inherently dependent on the data on which the LLM was trained.
It is important to clarify that this study focuses exclusively on bench-
marking reaction energies, rather than reaction barrier heights and re-
action mechanisms. A central aim of the present work is to assess the
balance between these advantages and disadvantages. Here, we present
a series of GenAl-generated reaction databases and evaluate their
chemical diversity and relevance for benchmarking electronic structure
methods. Finally, we also report the first automated, GenAl-generated
benchmark study. Specifically, we assess the performance of 18 con-
ventional DFT methods and one deep-learning DFT method relative to
the reaction energies calculated at the CCSD(T) level [19] by means of
the G4(MP2) thermochemical protocol [20].

2. Computational details

We generate a benchmark reaction database using a standalone,
general-purpose Python script designed to automate the interaction with
an LLM and perform rigorous validation of a proposed set of chemical
reactions. The script is available as Supporting Information. An over-
view of the main components of the script is as follows. We use the
OpenAl GPT-40 model [21] as the core generative model, however any
other open source or closed source model can be chosen. The model is
prompted with user-defined criteria (e.g., “provide a set of pericyclic
reactions™) to propose a series of stoichiometrically balanced chemical
reactions, complete with the charge and multiplicity for each species.
This step is followed by a validation protocol to ensure the chemical
integrity of the database. Fig. 1 illustrates the various steps in this
workflow. The process begins with an LLM proposing candidate re-
actions, which then undergo a series of validation and curation steps.
These include ensuring stoichiometric integrity (atom, spin, and charge
balance), eliminating duplicate and reverse reactions, and filtering
based on molecular size and elemental composition. Finally, the ge-
ometries of all species in the curated database are generated from their
SMILES strings using the RDKit toolkit [22] and automatically pre-
optimized using the GFN2-xTB semi-empirical tight-binding quantum
chemistry method [4], providing a consistent and physically reasonable
starting structure for all reactants and products. The protocol includes
the following key checks:

e All chemical species are represented by canonical SMILES. This al-
lows for the reliable identification of chemically identical species.

e Each proposed reaction is checked for atom, spin, and charge bal-
ance. Any unbalanced reactions are discarded.

e Forward and reverse reactions (e.g., A+ B—-C+DandC+D— A+
B) are treated as a single unique entry.

e An important feature of this workflow, especially for benchmarking
purposes, is the ability to limit the molecular size (e.g., molecules
with up to n non-hydrogen atoms) and elemental composition (e.g.,
only first/second-row p-block elements) of the species in the data-
base. The Python script will confirm these limits are enforced.
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Fig. 1. Schematic representation of the automated workflow for generating
chemical reaction databases.
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e The number of reactions of any given type can be limited to a user-
defined maximum. However, it is not always possible to set a mini-
mum number of reactions, since the minimum may be limited by the
ability of the LLM to generate reactions of a given type.

e All the structures in the database are optimized using the GFN2-xTB
method. These structures provide a good starting point for subse-
quent optimization at the DFT level.

The entire process, from the initial user prompt to the final output, is
fully automated. The script generates a self-contained directory for each
database, which includes the optimized XYZ coordinates for all species,
alongside a log file with the final set of validated reactions.

To demonstrate the applicability of this approach, we use the above
workflow to generate a database for a comprehensive DFT benchmark
study. For this purpose we obtain reaction energies at the CCSD(T) level
via the G4(MP2) composite ab initio method [20]. In particular, all the
structures are fully optimized and confirmed to have all real harmonic
frequencies at the B3LYP/6-31G(2df,p) level of theory as prescribed in
the G4(MP2) thermochemical protocol. [23,24] We note that B3LYP has
been shown to reproduce CCSD(T)/CBS reference equilibrium structures
for a diverse set of organic and inorganic species with an RMSD of
0.0059 A, which translates into sub-kJ mol ! errors in subsequent high-
level thermochemical calculations [1,25]. While the initial LLM and
RDKit generation steps do not guarantee exhaustive conformational
sampling, further structural sampling can be incorporated if required.
Importantly, the workflow evaluates both the DFT and high-level
reference methods on identical optimized geometries, eliminating any
risk of comparing different isomers or conformers. All the B3LYP-
optimized structures generated in the present work are provided in
the Supporting Information as xyz files.

It should be pointed out that the G4(MP2) composite ab initio
method has been found to produce gas-phase thermochemical properties
(such as reaction energies, bond dissociation energies, and enthalpies of
formation) with mean absolute deviations (MADs) approaching or
below the threshold of chemical accuracy (arbitrarily defined as 1.0 kcal
mol ) relative to highly accurate reference data. For example, for the
454 experimental energies of the G3/05 testset [26], G4(MP2) attains a
MAD of 1.1 keal mol ™! [20]. We note that the reactions in the G3/05 test
set include enthalpies of formation, ionization energies, electron affin-
ities, and proton affinities. For various reactions in the W4-11 database
[27], G4(MP2) attains the following MADs: 1.5 (140 total atomization
reactions), 0.8 (99 bond dissociation reactions), 1.2 (707 heavy-atom
transfer reactions), 0.7 (20 isomerization reactions), and 0.5 (13
nucleophilic substitution reactions) kcal mol L. Furthermore, for chal-
lenging pericyclic reactions, a recent benchmark study by Vermeeren
et al. showed that correlation contributions beyond CCSD(T) also remain
below the threshold of chemical accuracy [28].

We use the G4(MP2) reaction energies to benchmark the perfor-
mance of 18 conventional DFT functionals across the rungs of Jacob's
Ladder [2] that are commonly used for calculating thermochemical
properties (for recent review of best practices in DFT benchmark studies,
see references [1,29,30]). As customary in DFT benchmark studies [1],
the DFT calculations were carried out using the same geometries used
for the reference G4(MP2) calculations. Table 1 lists the DFT functionals
that are considered in the present work. The DFT single-point energy
calculations are carried out in conjunction with the def2-TZVP basis set
[31]. In nearly all cases, the D4 dispersion correction is included [32].
All the G4(MP2) and DFT calculations were carried out with the
Gaussian 16 program suite (revision C.01) [33]. We also consider the
performance of the recently developed deep-learning DFT Skala method
[6]. We note that DHDFT functionals are not considered here since the
G4(MP2) reference values are not deemed sufficiently accurate for
evaluating the performance of DHDFT functionals [3].
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Table 1
A representative set of DFT methods across the rungs of Jacob's Ladder
considered in the present work in conjunction with the def2-TZVP basis set.

Type" Functionals
GGA BLYP [23,34], B97-D [35], PBE [36], BP86 [34,37]
MGGA MO6-L [38], TPSS [39], Skala™®
HGGA BH&HLYP [40], B3LYP [23,24], B3P86 [23,37]
B3PW91 [23,41], PBEO [42], CAM-B3LYP,° [43], @B97X-D" [44]
HMGGA MO6 [45], M06-2X [45], BLB95 [46], TPSSh [47], PW6B95 [48]

# GGA = generalized gradient approximation, MGGA = meta-GGA, HGGA =
hybrid-GGA, HMGGA = hybrid-meta-GGA.

b Deep-Learning DFT functional.

¢ Range-separated hybrid functional.

3. Results and discussion

Here, we construct and analyze a diverse chemical reaction database
generated by our autonomous GenAl-driven workflow. We consider four
reaction types: pericyclic, addition, substitution, and proton-transfer
reactions. Specifically, we will generate five reaction subsets, namely
Diels-Alder cycloaddition, electrocyclic ring opening/closing, electro-
philic addition, electrophilic aromatic substitution, and acid-base re-
actions. We will test our workflow by analyzing the reactions generated
in terms of their correctness and diversity for each reaction type. For
each reaction we will then obtain accurate reaction energies at the CCSD
(T) level via the G4(MP2) composite wavefunction protocol [20]. We
will use these accurate reaction energies to benchmark the performance
of DFT methods across the rungs of Jacob's Ladder [2].

Throughout this work, all the generated reactions were limited to
molecules containing first and second row p-block elements and
bromine (i.e., H, C-F, Si-Cl, and Br). To enable manual verification of
the generated reactions as well as the ability to calculate G4(MP2)
reference energies at a reasonable computational cost, we limited both
the number of reactions generated and the molecular sizes of the species
involved. Table 2 lists the number of unique reactions and molecular
sizes found within each reaction class generated by the LLM with the
specific settings used in this work. However, it is important to note that
with different prompts and less stringent limitations it is possible to
generate much larger reaction databases.

3.1. Pericyclic reactions

This category comprises two subsets: Diels—Alder cycloaddition and
electrocyclic ring opening/closing reactions. These orbital symmetry-
controlled reactions provide a stringent test of the ability of GenAl to
handle complex stereochemistry rules. Using the automated workflow
outlined above we generated 70 Diels—Alder and 73 electrocyclic re-
actions. Let us begin with analyzing the Diels—-Alder reactions, which are

Table 2

Number and size of species and unique reactions generated by the GenAl
workflow in each reaction subset. The range of G4(MP2) reaction energies in
each reaction subset is given in kcal mol~".

Reaction class Species Non-H Reactions AE cac,gamp2)
atoms"

Diels-Alder cycloaddition 88 8-20 70 —22.82 to
—48.79

Electrocyclic ring opening 146 3-20 73 —22.64 to
23.20

Electrophilic addition 95 3-20 52 —20.43 to
-39.77

Electrophilic aromatic 112 7-20 77 —33.64 to

substitution 5.44

Acid-base reactions 72 3-10 99 106.22 to

172.10

# Number of non-hydrogen atoms in the largest product involved in the
reaction.
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one of the most important classes of reactions in organic chemistry. The
subset generated by the LLM is highly systematic in terms of the diene
and the dienophile. The set includes two acyclic and eight cyclic dienes.
The two acyclic dienes are 1,3-butadiene (C4Hg) and isoprene (CsHg).
The cyclic dienes include the homologous series: 1,3-cyclopentadiene
(CsHg), 1,3-cyclohexadiene (CgHg), 1,3-cycloheptadiene (C7Hjg), 1,3-
cyclooctadiene (CgHjz), 1,3-cyclononadiene (CgHis4), 1,3-cyclodeca-
diene (C10Hje), 1,3-cycloundecadiene (C;1Hig), and 1,3-cyclododeca-
diene (CjaHpp). This series allows for a systematic study of how
electronic structure methods perform as a function of increasing ring
size. This directly probes their ability to handle changes in ring strain,
conformational flexibility of the diene, and steric environment of the
reaction center. The GenAl-generated dienophiles include one pure
hydrocarbon, one nitrogenated hydrocarbon, and six oxygenated hy-
drocarbons, namely: acrylonitrile (C3H3N), styrene (CgHg), acrolein
(C3H40), methyl acrylate (C4HgO2), vinyl acetate (C4HgO2), maleic an-
hydride (C4H303), fumaric acid (C4H404), and dimethyl maleate
(CeHgO4). As expected for typical Diels—Alder reactions, the majority of
dienophiles are activated by electron-withdrawing groups (CHO, CN,
COOH, COOMe, and OAc). However, it is important to note that GenAl
also included styrene, which contains an electron-donating group.
Overall, this autonomously generated set of reactions provides a good
overview of both common and electronically diverse dienophiles.

The combination of the above dienes and dienophiles leads to a
diverse range of important structural motifs, where acyclic dienes lead
to simple monocyclic products and cyclic dienes lead to more complex
bridged bicyclo[x.y.z]alkene systems. Therefore, forming the product
scaffold with the correct regiochemistry is a significantly more complex
challenge that tests the LLM's ability to recognize mechanistic patterns
intrinsic to its training data rather than its ability to recall common
examples. For example, in the Diels—Alder reaction between 1,3-cyclo-
hexadiene and dimethyl maleate, a model could fail to generate the
correct bicyclo[2.2.2]octene scaffold, or attach the two ester groups to
the wrong carbon atoms, leading to the wrong regioisomer. While our
workflow predicts the correct product scaffold in the current subset, the
accurate prediction of the dominant stereoisomer and occasionally the
precise regiochemical outcome of complex cycloadducts can still pose a
challenge in some cases, highlighting the importance of subsequent
human verification. Table S1 of the Supporting Information lists the
CCSD(T)/CBS reaction energies for the Diels—Alder reactions. All the
reactions in this subset are exothermic with G4(MP2) electronic reaction
energies ranging between —22.82 and —48.79 kcal mol L.

Moving to the electrocyclic ring opening reactions, our GenAl
workflow has generated 73 prototypical reactions. The generated subset
is again highly systematic in terms of the reactants with varying ring
sizes and degree of methylation. The core of the set is a homologous
series of unsubstituted cycloalkenes, ranging from the highly strained
cyclopropene up to the large and flexible cyclotetradecene. This series
allows for a direct and systematic evaluation of how electronic structure
methods handle the significant changes in ring strain, a key factor
governing the reaction thermodynamics. Building upon this core set, the
dataset includes a comprehensive and systematic array of methylated
derivatives. For each parent ring system (from cyclobutene upwards),
the degree of substitution is progressively increased. This begins with
1,2-dimethyl derivatives, moves to 1,2,3-trimethyl derivatives, and
continues with tetramethyl, pentamethyl, and further polysubstituted
analogues, up to the 1,2,3,4,5,6,7,8,9-nonamethylcyclodecene system.
This methodical increase in methylation provides a systematic probe of
how computational methods account for the combined influence of ring
strain and the electron-donating nature of methyl groups on reaction
energies. Overall, this set provides a rigorous and multi-dimensional
benchmark for evaluating electronic structure methods, allowing for
the effects of ring strain to be decoupled from those of substitution.

The ring opening of the above cycloalkenes leads to conjugated 1,3-
dienes, which is an important structural motif. However, these reactions
are equally challenging for Gen-Al, as predicting the correct
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stereochemical outcome requires the model to accurately reproduce
complex patterns from the literature governed by the Wood-
ward-Hoffmann rules. While our workflow successfully predicts the
constitutional isomer formed upon ring opening, ensuring the correct
stereochemistry of the resulting diene remains a challenge. Neverthe-
less, the energy difference between the possible product stereoisomers is
expected to be smaller than the overall reaction energy in many cases.
Table S1 of the Supporting Information lists the G4(MP2) reaction en-
ergies for the electrocyclic reactions. Unlike the uniformly exothermic
Diels-Alder reactions, the thermodynamics here are highly sensitive to
the structure of the cycloalkene, with electronic reaction energies
ranging between —22.64 and +23.20 kcal mol . The data reveals a
strong dependency on ring strain: the ring opening of highly strained
cyclopropene (—22.64 kcal mol_l) and cyclobutene (—12.29 kcal
mol™ 1) is exothermic, while the reaction for less-strained systems like
cyclopentene (+12.06 kcal mol’l) and cyclohexene (+15.89 kcal
mol™1) is endothermic. Furthermore, the introduction of methyl sub-
stituents tends to make the reactions more endothermic (or less
exothermic). For instance, while the ring opening of cyclobutene is
exothermic with (AE = —12.29 kcal mol’l), the reaction for 1,2-dime-
thylcyclobutene is less so (AE = —8.31 kcal mol™!), and less so for
1,2,3-trimethylcyclobutene (AE = —6.35 kcal mol™!). Similarly, for the
five-membered rings, the reaction energy increases from +12.06 kcal
mol ! for cyclopentene to +16.72 kcal mol~ for the 1,2-dimethyl de-
rivative, to +17.96 kcal mol™! for the 1,2,3-trimethyl derivative, and
further to +19.46 kcal mol~! for the 1,2,3,4-tetramethyl derivative.
Overall, this systematic dataset provides a diverse benchmark for eval-
uating how well electronic structure methods capture the delicate bal-
ance between ring strain and substituent effects.

3.2. Electrophilic addition reactions

The Al-generated electrophilic addition reactions comprise 52 ex-
amples. This reaction subset includes both alkenes and alkynes with two
classes of electrophiles: hydrogen halides (HCl and HBr) and dibromine
(Bry). This dataset can be divided into two subsets (i) a homologous
series of terminal alkenes up to 1-octadecene, and (ii) a diverse set of
alkynes including both terminal (1-ynes) and internal (2-ynes) of vary-
ing chain lengths (from butyne to nonadecyne). This diverse set of un-
saturated hydrocarbons allows for a detailed probe of how electronic
structure methods cope with increasing alkyl chain length and the dif-
ference in reactivity between double and triple bonds. The addition of an
unsymmetrical electrophile (H-X, X = Cl, Br) to an unsymmetrical
alkene or alkyne leads to more than one possible constitutional isomer.
Therefore, predicting the outcome of these reactions tests the LLM's
ability to learn Markovnikov selectivity patterns from the chemical
literature. Our GenAlI workflow consistently generated the correct, more
stable constitutional isomer, placing the halogen atom on the more
substituted carbon in accordance with the formation of the most stable
carbocation intermediate. For example, in the reaction between propene
and HCI, the model correctly predicted the formation of 2-chloropro-
pane rather than the 1-chloro isomer. While the workflow correctly
identifies the regioisomer, predicting the precise stereochemical
outcome (e.g., syn- vs. anti-addition) remains a more complex task.
Furthermore, the LLM exhibited a specific limitation regarding the
electrophilic addition of a symmetric electrophile (Brp) to alkynes.
Although it correctly reduced the triple bond to a double bond, it
frequently placed the bromine atoms on the wrong carbon atoms. These
specific erroneous reactions were removed from the final dataset.

Table S1 of the Supporting Information lists the G4(MP2) reaction
energies for the electrophilic addition reactions. All 52 reactions in this
subset are exothermic, with electronic reaction energies ranging from
—20.43 to —39.77 kcal mol~. Inspection of Table S1 reveals that the
addition of HBr is consistently more exothermic than the addition of HCI
to the same alkene. Similarly, additions to alkynes are significantly more
exothermic than additions to their alkene counterparts, reflecting the
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higher energy content of the C=C triple bond. This diverse set of re-
actions provides an excellent benchmark for assessing the ability of
electronic structure methods to capture these subtle thermodynamic
differences.

3.3. Electrophilic aromatic substitution reactions

The fourth category consists of 77 electrophilic aromatic substitution
(EAS) reactions. This set of EAS reactions provide a stringent test of the
LLM's ability to handle the core principles of reactivity (activation vs.
deactivation) and regioselectivity (ortho-, para- vs. meta-direction). The
generated set is highly systematic, exploring the reactions of a diverse
array of substituted benzenes. The substrates range from those con-
taining strongly activating, electron-donating groups (e.g., phenol, an-
iline) to those with strongly deactivating, electron-withdrawing groups
(e.g., nitrobenzene), as well as unsubstituted benzene. The dataset is
further broken down into four key EAS reaction types: nitration, sulfo-
nation, Friedel-Craft alkylation, and Friedel-Craft acylation.

The nitration subset comprises seven reactions involving nitric acid
and substituted benzene rings. The substituents range from strongly
electron-donating to strongly electron-withdrawing groups: aniline,
phenol, anisole, toluene, benzene, chlorobenzene, and nitrobenzene.
The G4(MP2) nitration reaction energies reflect the expected reactivity
patterns based on the nature of the substituent. Specifically, they span a
wide range, reflecting substantial differences in how different sub-
stituents influence the overall thermodynamics. Among the most
exothermic reactions are the nitrations of phenol (AE = —33.64 kcal
mol~1), benzene (AE = —30.84 kcal mol™1), and toluene (AE = —29.00
kcal mol™1). Nitrobenzene (AE = —19.42 kcal mol ™) is less favorable
due to the strong electron-withdrawing character of the nitro group.
Notably, aniline shows the least exothermic nitration energy (AE =
—13.43 kcal mol’l), which reflects the strong resonance stabilization of
the aniline reactant. Overall, these reaction energies do not follow a
simple trend based strictly on substituent electron-donating or electron-
withdrawing strength, highlighting the complex balance of resonance,
inductive effects, and product stabilization in determining nitration
thermochemistry. Similar to nitration, all sulfonation reactions are
exothermic, with reaction energies ranging from —21.16 (chloroben-
zene) to —26.21 (phenol) kcal mol L. Thus, the set of sulfonation re-
actions spans a much narrower energy range of only 5.05 kcal mol ™,
compared to the wide energetic range of 20.21 kcal mol ! span by the
nitration reactions.

The subset of Friedel-Craft alkylation reactions includes 34 re-
actions, providing a systematic overview at the introduction of alkyl
groups onto the aromatic ring. The set of substituted aromatic rings is
the same as for the nitration/sulfonation reactions, and the set of elec-
trophiles systematically varies the length of the alkyl chain, from methyl
chloride up to tridecyl chloride, including one branched electrophile
(isopropyl chloride). The reaction energies range from moderately
exothermic to thermoneutral, with most reaction energies in the range of
—5 to —10 keal mol ™. As with nitration, the reaction with aniline is an
exception, being slightly endothermic (AE = +0.35 keal mol 1),

The subset of Friedel-Craft acylation reactions comprise 30 re-
actions. This set systematically varies the acyl chloride, from acetyl
chloride up to tridecanoyl chloride, and also includes benzoyl chloride.
In contrast to the EAS reactions considered so far, the Friedel-Craft
acylation reactions vary from moderately exothermic to mildly endo-
thermic. Overall, the reaction energies vary from —9.99 to +5.44 kcal
mol !, demonstrating that the thermodynamics of acylation are highly
sensitive to the specific combination of substrate and electrophile.
Generally speaking, the acylation reaction energies exhibit two sys-
tematic trends. First, reactions involving electron-rich arenes, particu-
larly aniline, are the most exothermic, while electron-poor systems such
as nitrobenzene yield mildly endothermic reactions. Neutral and weakly
activating substrates (benzene, toluene, phenol, anisole) fall between
these two extremes. Second, increasing the length of the acyl chloride
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progressively reduces the reaction exothermicity, with small acyl groups
favoring moderately exothermic reactions and long-chain acyl chlorides
approaching thermoneutral or slightly endothermic reactions. Together,
these trends highlight the combined influence of substituent electronics
and steric bulk on the overall thermodynamics of electrophilic aromatic
acylation.

3.4. Acid-base reactions

The acid-base reactions are of the form acid + base — conjugate
base + conjugate acid. The acids range from simple aliphatic and aro-
matic carboxylic acids, while the bases span weak aromatic amines
through increasingly strong aliphatic, cyclic, and polyamine bases. As
expected, all the reactions are highly endothermic in the gas-phase, with
reaction energies ranging between 106.22 and 172.10 kcal mol~l.
Generally, stronger bases (e.g., guanidine, piperazine, piperidine, mor-
pholine) give smaller positive reaction energies, indicating more
favorable proton transfer, whereas weaker or resonance-stabilized bases
(aniline, pyridine) yield larger positive reaction energies, reflecting less
favorable charge separation. Hydrazine-type bases fall toward the end
with the largest AE values, consistent with substantial destabilization of
the corresponding cation-anion pair in the gas phase. Hydrazine-type
and hydroxylamine-derived bases consistently give the largest reaction
energies, reflecting substantial destabilization of the resulting ionic pair
in the gas phase. Of the acids, formic, acetic, propanoic, and benzoic
acids all give broadly similar gas-phase reaction energies, with only
modest variation among them. Thus, the identity of the carboxylic acid
contributes less to the overall reaction energy compared to the basicity
of the amine. Finally, we note that while gas-phase acid-base reactions
are dominated by electrostatics and do not reflect solution-phase equi-
libria, they serve as a fundamental test for DFT methods.

3.5. Benchmarking DFT for the GenAl reaction database

Table 3 gives the MADs across the five reaction types for the
considered DFT methods relative to the G4(MP2) reference reaction
energies. Table S2 of the Supporting Information lists the root-mean
square deviations (RMSDs), mean-signed deviations (MSDs), largest
negative deviation (LND), and largest positive deviation (LPD) for all the
reaction subsets. Inspection of Table 3 reveals that the Diels-Alder
subset is the most challenging subset for the majority of DFT functionals.
For example, this is the only subset for which several functionals (mostly
GGAs and MGGAs) attain MADs above 5 kcal mol~!. Most notably,
BLYP-D4 and B97-D show remarkably high MADs of ~12 kcal mol .
Other popular functionals, including MO6L-D4 and TPSS-D4, also yield
poor performance with MADs exceeding 5 kcal mol~!. The poor per-
formance of semi-local functionals is attributed to their inability to
accurately describe medium-range electron correlation that becomes
increasingly important in compact cycloadducts. [49,50] This defi-
ciency persists despite the inclusion of D4 dispersion corrections. In
contrast, hybrid functionals, which partially mitigate self-interaction
and incorporate nonlocal exchange, generally perform better. For
instance, B3P86-D4, B3PW91-D4, and ®B97X-D attain MADs of 1.83,
1.37, 1.36 keal mol ?, respectively, and the HMGGA functional B1B95-
D4 attains exceptionally good performance with a MAD of 0.94 kcal
mol L.

The Electrocyclic Ring Opening, Electrophilic Addition, and Elec-
trophilic Aromatic Substitution subsets represent an intermediate level
of difficulty for most DFT methods. For these subsets, most hybrid and
meta-GGA functionals perform reasonably well, with MADs typically in
the range of 1.5-3.0 kcal mol~'. Notably, the PBE-D4 and M06-2X yield
the lowest MADs of all methods for electrocyclic ring opening reactions
(0.65 and 0.58 kcal mol ™}, respectively). For the electrophilic addition
subset, several methods perform well, notably M06-2X and Skala with
MADs of 1.21 and 1.22 keal mol ™!, respectively. In contrast, electro-
philic aromatic substitution remains more challenging, with no
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Table 3
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Mean-absolute deviations (MADs) in kcal mol™! for the DFT methods considered in the present work in
conjunction with the def2-TZVP basis set for the five reaction subsets generated by GenAl.

Diels— Electrocyclic

Alder Ring
Opening

GGA BLYP-D4 12.77 5.24
BP86-D4 3.72 0.78
PBE-D4 2.19 0.65
B97-D 11.68 3.23
MGGA TPSS-D4 5.83 1.75
MO6L-D4 7.46 1.56
Skala 2.21 1.00
HGGA B3LYP-D4 7.37 3.00
B3P86-D4 1.83 1.77
B3PW91-D4 1.37 1.31
BH&HLYP-D4 2.45 1.23
PBE(0-D4 4.10 2.53
CAM-B3LYP-D4 2.20 0.84
®B9I7X-D 1.36 1.73
HMGGA B1B95-D4 0.94 1.42
PW6B95-D4 3.15 0.88
MO06-D4 1.62 1.11
Mo06-2X 1.78 0.58
TPSSh-D4 3.23 0.84

considered method attaining a MAD below 1.5 kcal mol™!, with the
deep-learning Skala functional emerging as the best performer for this
subset.

Finally, the Acid-Base Reactions subset is the least challenging for
most of the considered DFT methods. A significant number of func-
tionals, including BP86-D4, PBE-D4, B97-D, TPSS-D4, B3LYP-D4,
®B97X-D, and TPSSh-D4 achieve chemical accuracy with MADs below
1.0 kcal mol™!. These reactions primarily involve local changes in
bonding and charge at the protonation site, and they are less sensitive to
the medium and long-range correlation effects that are more prominent
in the other subsets. Overall, the performance variability across these
five distinct reaction subsets underscores the need for diverse, multi-
faceted benchmark databases.

Looking at the MADs across all reactions from the five subsets, we
can identify more general best/worst performers from each rung of Ja-
cob's Ladder. The best-performing GGA method is PBE-D4 with an
overall MAD of 1.91 kcal mol !. Of the MGGA methods, the deep-
learning Skala method emerges as the best performer with an overall
MAD of 1.86 kcal mol~!. Of the HGGA methods, the range-separated
functionals CAM-B3LYP-D4 and ®wB97X-D emerge as the best per-
formers, both attaining a MAD of 1.49 kcal mol ™}, closely followed by
B3PW91-D4 with a MAD of 1.53 kcal mol !. The HMGGA method
B1B95-D4 also attains a similar MAD of 1.48 kcal mol ™. Thus, overall,
the best-performing GGA and MGGA methods attain similar MADs of
just below 2 kcal mol~!, and the best-performing HGGA and HMGGA
methods attain similar MADs of about 1.5 kcal mol L.

4. Conclusions

We have developed and validated an autonomous workflow for
generating highly diverse reaction databases using LLMs. Our workflow
uses generative Al to generate reactions of a certain type and then checks
for stoichiometric and spin/charge balance. We demonstrate that it is
possible to rapidly construct high-quality datasets with minimal human
intervention. As a proof-of-concept, we generated a database of 371
reactions spanning five distinct chemical categories: Diels—Alder cyclo-
addition, electrocyclic ring opening, electrophilic addition, electrophilic
aromatic substitution, and acid-base reactions. This diverse set covers a

Electrophilic Electroph'ilic Acid-Base Al Five
Addition Aromatic Reactions  Subsets
Substitution
3.35 4.01 1.02 5.01
2.20 3.23 0.94 2.08
2.93 3.41 0.92 1.91
3.96 3.76 0.92 442
2.71 491 0.90 3.08
2.70 4.24 2.71 3.70
1.22 1.50 2.85 1.86
1.90 2.59 0.93 3.03
2.71 1.81 1.15 1.76
2.29 1.79 1.20 1.53
1.30 1.79 2.22 1.85
3.65 1.97 1.54 2.60
1.30 1.75 1.37 1.49
1.37 222 0.90 1.49
1.58 1.59 1.74 1.48
1.61 2.36 1.81 1.97
2.15 3.08 3.50 2.40
1.21 2.56 2.18 1.73
2.68 4.06 0.68 2.18

broad range of chemical motifs, ring strains, and electronic environ-
ments, making it suitable for benchmarking and developing electronic
structure methods. We use this GenAlI-generated database to benchmark
the performance of 18 DFT methods and the deep-learning Skala func-
tional against high-level CCSD(T) reference reaction energies obtained
via G4(MP2) theory. The performance of the DFT methods is highly
dependent on the reaction type. The Diels-Alder subset proves to be
highly challenging for many functionals, while electrophilic aromatic
substitution remains moderately difficult, with no functionals attaining
a mean-absolute deviation below 1.5 kcal mol *. In contrast, several
functionals excel at electrophilic additions, achieving MADs approach-
ing 1.2 keal mol . Overall, for the entire database of 371 reactions, the
best-performing functional from each rung of Jacob's Ladder are (MAD
given in parentheses):

GGA: PBE-D4 (1.91 kcal mol™!)

MGGA: Skala (1.86 kcal mol 1)

HGGA: CAM-B3LYP-D4 and ©B97X-D (1.49 kcal mol ™)
HMGGA: B1B95-D4 (1.48 kcal mol™)

Overall, the HMGGA functional B1B95-D4 emerges as a top
performer alongside the HGGAs CAM-B3LYP-D4 and wB97X-D. All three
demonstrate excellent accuracy across the diverse reaction subsets,
clocking in with overall MADs of 1.48-1.49 kcal mol %, closely followed
by B3PW91-D4 at 1.53 kcal mol ™.

This work establishes that GenAl-driven workflows can effectively
bridge the gap between ad-hoc reaction databases and large-scale, sys-
tematic database construction. By mitigating manual curation biases
and automating the generation process, this approach paves the way for
the rapid development of next-generation benchmark databases,
essential for training and validating ML potentials and empirical elec-
tronic structure methods. Nevertheless, while the automated workflow
strictly enforces stoichiometry and mass balance, expert human verifi-
cation may still be required in some cases to definitively confirm the
precise regiochemistry or mechanistic viability of the LLM-proposed
products.
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