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S1. Computational details of the reaction path calculations with the kinetic navigation

A DFT-based SC-AFIR search was applied to the system composed of ethylene (C2Ha), dihydrogen molecule (Hz) and a sim-
plified Wilkinson catalyst (CIRh(PHs)s). The RwB97X-D functional and the Def2-SVP basis set were used in the DFT level with
Grid=FineGrid option in Gaussian 16 program package. In total, 1863042 gradients calculations and 46595 Hessian calculations were
performed during this DFT-based SC-AFIR search. To prevent a molecule from going too far away from the reaction center, a weak
force with y = 100/[Nx(N-1)/2] k]J/mol was applied to all atom pairs, where N corresponds to the number of atoms in each system.
The reaction path search started from one hundred initial structures composed of the three reactant molecules randomly oriented.
The target atoms of the SC-AFIR search were set to all the atoms except the 9 hydrogens of the three PHs groups. The model collision
energy parameter, v, was set to 300.0 kJ/mol. The obtained AFIR paths tend to pass through near-TSs of the corresponding reaction
pathways (AFIR paths), and further optimization of the AFIR path by the locally updated planes (LUP) method gives a reaction path
(denoted by LUP path). During the SC-AFIR searches, the EQ to which the next SC-AFIR procedure was applied was chosen by a
kinetic-based navigation method based on the rate constant matrix contraction (RCMC) method. For the kinetics-based navigation,
an initial population of 1% was assigned to each generated initial random structure, and conditions of the kinetic simulations were
set to 3600.0 s, with temperatures of 250, 300, and 350 K. Kinetic analyses were performed based on the Gibbs energies of the LUP
path network. Gibbs energy was estimated by harmonic vibrational analysis, whereby all harmonic frequencies smaller than 50 cm-
! were set to 50 cm™'. The search was terminated when a list of EQs with the 130 largest traffic volume values was not updated in the
last 130 path calculations. The traffic volume is an index indicating influx/outflux of the population to/from each node during the
equilibration [1].

For the construction of the WilkinsonAFIRdb dataset, the RePath mode of the GRRM package was used with the DontLUPOp-
timization option to compute the energy and gradients of the stored geometries for each relaxed LUP path obtained from the search.
In addition, all the energies and gradients computed during the relaxation of the AFIR paths (i.e., the LUP method) can also be kept
with the SaveDataAtAllPoints=2 GRRM option and used for dataset construction. However, this alternative approach is expected to
give redundant data.

In addition, AFIR-based reaction path searches were performed with NNP(+xTB) models trained on the WilkinsonAFIRdb
dataset, using an in-house GRRM-NNP interface. These AFIR-based searches only differ from the preliminary DFT-based AFIR re-
action path search (described above) by the potential used for energies/forces predictions, and the stopping criteria. In order to main-
tain a similar and consistent amount of exploration, we are stopping the search when at least 1708 paths are explored, corresponding
to the number of paths explored by the DFT-based AFIR reaction path search.

§2. Computational details of the Local AFIR-based explorations

Local AFIR-based explorations were performed with NNP models (or NNP(+xTB) models) trained on the WilkinsonAFIRdb
dataset, using an in-house GRRM-NNP interface. These explorations were performed around the most stable conformer of the reac-
tants found during the DFT-powered AFIR-based exploration. In this local (FirstOnly) mode, GRRM only explores the edges of the
complete reaction path network that are adjacent to a specific node (i.e., the most stable conformer of the reactants, in this case).

In this mode, the exploration is systematic (which is otherwise impossible due to the combinatorial nature of the complete
AFIR-based reaction path network), allowing for a more meaningful comparison of local explorations using different potentials.

For accuracy evaluation purposes, all equilibrium geometries and transition states obtained during this search were re-evalu-
ated by single point calculation at the RwB97X-D/Def2-SVP level of theory (same as for the WilkinsonAFIRdb dataset). This verifica-
tion was performed using the ReEnergy mode of the GRRM program.

§3. NNP training details

Training parameters

The WilkinsonAFIRdb database was used to train SpookyNet models with the recommended training parameters from [2],
with equal contribution of the energy loss, gradient loss and dipole loss to the total loss function. A notable exception from these
recommendations is that the validation set performances were evaluated after each epoch, for more consistency across different
training set sizes. The dipole loss was not considered in the loss function if the default E,,,. additional term of SpookyNet was not
used (e.g., NNP(+xTB) models training was done on energy and gradients alone).
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The default hyperparameters were used for the SpookyNet models, as they provided sufficient prediction performance in our
tests.

Prior to training a model, a reference energy was taken as to cancel the mean energy prediction error of the untrained, and
zero-initialized, model over the whole WilkinsonAFIRdb dataset. This reference energy was subtracted from the DFT energies during
training and added to the prediction energies during inference. This energy shift provides better convergence for the training and
reduces floating-point errors related to the use of single precision arithmetic for the prediction (faster operations on GPU), as well as
simplifying the comparison of energies between different potentials (DFT, xXTB, NNP).

The trainings were performed on an NVIDIA A100 (40GB) GPU, with a batch size of 100 geometries. Model inferences were
performed on CPU.

Data curation

The geometries considered from the DFT-powered search (i.e., in WilkinsonAFIRdb) come from relaxed LUP paths, at DFT
level, without the AFIR force. Therefore, one can expect high quality data, since outliers are already managed by the GRRM package
during the DFT-powered search.

Crude data curation was performed by whether GFN2-xTB calculations converged: only one GFN2-xTB calculation failed, and
the corresponding geometry was excluded from the NNP(+xTB) models trainings (see Figure S1).

Figure S1. The single geometry for which GFN2-xTB failed. This dissociated structure (high energy at DFT level) was excluded from
the WilkinsonAFIRdb.

Additional data curation was performed automatically via GFN2-xTB gradients predictions, excluding geometries whose error
on the xTB gradients is larger than 100 times the gradients themselves:

ZX(lg™® — &™) > 100 x (g™

) (S1)

This automatic data curation did not find any geometry outliers.

In addition, an automatic outlier filter was applied during training: a geometry was excluded from the training batch if the
root mean squared loss on its gradients was higher than 10 eV:

~2N(llgP™e = gP™|) > 10eV, (S2)

S4. Details of dataset splitting for NNP training

The database was split into a training set, validation set and test set, such that the geometries in the test set correspond to
reactive events that have been explored by the AFIR search after the ones from the training/validation sets. In other words, the
training/validation sets correspond to the earlier steps of the search, while the test set correspond to the later steps of the AFIR search.
The PT number in GRRM output was used as a path timestamp. Compared to a typical random split, this splitting procedure allows
to evaluate the ability of the model to generalize the information on the previously explored geometries toward geometries that will
be explored in the future by the AFIR method.

Similarly, the training/validation set was split into a training set and a validation set by randomly splitting the earlier reactive
events explored, with an 80%/20% ratio. The final training set and validation sets are then composed of the geometries corresponding
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to these randomly splitted reactive events. This splitting procedure further focuses on the generalization from one reactive event to
another.

Dataset splitting Dataset splitting
I

train/validation test train test

Exploration progress
start end
train/val $ test

Figure S2. Dataset splitting scheme into training set, validation set and test set. First, a search-related timestamp is chosen (e.g., when
50% of the network’s paths has been explored by the search, which is equivalent to: when the search is half-completed). The geome-
tries corresponding to paths already explored before this timestamp are grouped in the train/validation set, and the test set is com-
posed of all geometries corresponding to paths that were not yet discovered at this time of the search. The train/validation set is then
splitted into a training set and a validation set randomly, while ensuring that all geometries corresponding to a single path are either
within the training set or the validation set (i.e., validation geometries correspond to paths which are not covered in the training set,
except for the EQs shared with training paths).

Three training/test sizes were considered:

e 16%/4%/80% training/validation/test split: In this setup, the training/validation is done on the first 1260 reactive events explored
(~20%). At this stage, the most reactive reaction path retrieved so far differs significantly from the final converged path described
in section 3.1: several important steps are missing.

o 40%/10%/50% training/validation/test split: In this setup, the training/validation is done on the first 3149 reactive events explored
(50%). At this stage, the most reactive reaction path retrieved so far contains all the important steps identified in the final con-
verged path, described in section 3.1. However, some energy barriers are not yet fully converged.

e 64%/16%/20% training/validation/test split: In this setup, the training/validation is done on the first 5038 reactive events explored
(~80%). At this stage, the most reactive reaction path retrieved so far has already converged to the final path described in section
3.1

S5. Influence of NNP training techniques on prediction performance

For each of the three training set sizes detailed section S4, several model features and training procedures were investigated
to identify the most adapted ones to this particular application.

In a nutshell, among all the techniques tested, only A-learning provided significant improvements to the basic training scheme.

Influence of cold restarts

A cold restart is the action of re-training a model with the same data after it was already trained. By resetting the optimizer’s
parameters, this technique can help overcome training states being stuck in a local minimum.

Applying cold restarts did not significantly improved the Mean Absolute Error (MAE) on the predicted energies of the test set,
independently of the training set size. Consequently, cold restarts were not applied in the rest of this study.
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Figure S3. Influence of cold restarts on the MAE of predicted energies for the test set geometries, using different dataset splits.

Influence of dropout rate

SpookyNet’s implementation support a specialized dropout mechanism to randomly reduce the number of interaction mod-
ules. This mechanism encourages the trained models to improve the efficiency of their convolutional filters, by retrieving non-local
effects as much as possible with each interaction module application.

In practice, this mechanism did not provide consistent improvements on the test set performances of the trained models.
Therefore, this mechanism was abandoned.

An alternative dropout strategy was also tested, in the spirit of the original dropout method [3], where each neuron has a user-
defined probability of being dropped at each training step. In this alternative dropout approach, each interaction component has a
user-defined probability of being dropped (the corresponding component of the interaction features vector is excluded from the
cumulated features) during training. Inference is done with all components, weighted by the same probability value.

As previously, this alternative dropout strategy did not provide consistent improvements on the test set performances of the
trained models, in practice. So, none of the dropout approaches tested were selected for the rest of this study.

Influence of dropout rate on prediction accuracy
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Figure S4. Influence of dropout rate on the MAE of predicted energies for the test set geometries, using different dataset splits
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Influence of ensemble training

Ensemble training is a common solution to improve the accuracy and robustness of models at the cost of additional training
time. In the ensemble training approach, the training/validation set is typically split into K mutually exclusive folds (i.e., sections).
For each of these folds, a distinct model is validated on this fold and trained on the remaining K-1 folds. Therefore, K different models
are generated, and the ensemble prediction is taken as the average of the K individual predictions.

Here, a 5-fold ensemble training was performed, and the ensemble prediction did not offer a significant improvement of the
performances on the test set, compared to a single model.

Additionally, the disagreement between each K model predictions can be used as an estimator for the uncertainty of the en-
semble prediction. We have then investigated the empirical correlation between the standard deviation of the ensemble models
predictions and the actual prediction error of the mean ensemble predictions, for the energy. We found correlation coefficients of
0.52 for the 20%/80% train/test split, 0.66 for the 50%/50% train/test split, and 0.65 for the 80%/20% train/test split. Because linear
correlation with prediction error is not particularly important for an uncertainty estimator, we have also studied the rank correlation
with Kendall’s t coefficient implementation from the SciPy package. Kendall’s t coefficient is related to the probability that
higher/lower ensemble disagreements correspond effectively to higher/lower prediction errors, respectively. The results are com-
piled in Table 2. Even though we found a clear statistical correlation, the ensemble disagreement cannot be considered in this case as
a reliable estimator for the ensemble prediction uncertainty.

Influence of ensemble averaging on prediction accuracy

—8— ensemble prediction
individual models (min, mean and max MAEs)
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Mean Absolute Error on energy prediction [kJ/mol]

Figure S5. Comparison of 5-fold models ensemble and individual models on the MAE of predicted energies for the test set geometries,
using different dataset splits. The error bars represent the range of accuracies for each of the individual models, and the orange line
represents the average performance.

Table S1. Relation between ensemble disagreement (variance of ensemble prediction) and prediction error (error on mean prediction)
on energies. Relations are studied on test set predictions, with 3 different train+validation/test splits. Concordance probability is the
proportion of data pairs where a higher (resp. lower) ensemble disagreement matched a higher (resp. lower) prediction error, defined

asp = T;—l
Train+val/Test SpookyNet SpookyNet SpookyNet
split 20%/80% split  50%/50% split  80%/20% split
Correlation coefficient 0.52 0.66 0.65
Kendall’s T coefficient 0.44 0.27 0.24
Concordance probability 0.72 0.64 0.62

Influence of additional terms



Supporting Information: Challenges for Kinetics Predictions via Neural Network Potentials: a study on Wilkinson's catalyst 7 of 14

In addition to a Graph Convolutional Neural Network architecture, SpookyNet models also include additional terms by de-
fault. So, the predicted energy (gradients and Hessian predictions are analytically derived from the energy) is composed of 4 terms:

ESpookyNet = Enxn + Ezgr + Epa + Eetec, (1

where Eyy is the Neural Network based atomic energy predictions, Ep, is a repulsion energy term from a Ziegler-Biersack-Littmark
(ZBL) potential with learnable parameters, Ep, is the D4 dispersion correction term from Grimme et. al, and E,, is an electrostatic
term using partial charges predicted along with the atomic energies.

Such approach can be seen as an instance of A-learning, where model predictions are complemented by an external potential,
so that the model can focus on learning only the difference (hence the A-learning name) between the target property and the external
potential.

We have investigated the importance of these additional terms for obtaining accurate predictions, and we found that these
additional terms did not provide improvements, per se, on the test set prediction accuracy.

Interestingly, we found that replacing these additional terms (ZBL repulsion, D4 dispersion and electrostatics) with predictions
from a semiempirical potential (GFN2-xTB) led to significant improvements on the prediction capabilities, despite the XTB potential
parameters being non trainable.

Influence of additional terms on prediction accuracy

5 ] —@— early 20% data training
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4 1 —@— early 80% data training

Mean Absolute Error on energy prediction [kJ/mol]

none ZBL+D4 ZBL+D4+Elec XTB
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Figure S6. Influence of additional terms on the MAE of predicted energies for the test set geometries, using different dataset splits.
S6. Predicted main products

Table S2. Predicted main product (and corresponding yield) at different temperatures, from AFIR-based reaction path search using
different potentials.

Predicted
NNP(H+xTB NNP(HxTB NNP(+xTB
main product GFN2-xTB (+?( . ) (+3( . ) (+?( . ) DFT
. 20% training 50% training 80% training
+yield
H
H,P PH, H PH H PH Cl
R CHy FLP,\Rh’CI +h, iy iy H,P—Rh—PH, §H:
250 K ™4 Sp=ch, H,P1  +PH, crRTTT cr R 1 H,
H, H,C=CH, H,C—CH, H,C—CH, PH,
90.92% 41.73% 96.59% 67.01% 98.47%
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H
HgP f pH3 HBP cl Cl Cl Cl
o R CHy o tH H,p—Rh—PH, GH3 | H,p—Rh—pH, CHs| Hp—Rh—pH, GHs
300 K g l._:l_q..z H3PH e + PH, ILH CH, It’H CH, ';H CH,
2 2= 2 3 3 3
98.48% 41.55% 96.47% 100% 100%
H
H;P_ Y _PH, H.P Cl (@] Cl
RIC " O | NS ey | Hp—Rh—pH, 2| Hp—Rh—pH, §Hi| Hp—Rh—pH, §Ha
350 K i P-CH, i 2 N | CH; f CH, ] CH;
H, Hp  +PH; + CH, PH, PH, PH,
97.21% 82.91% 99.95% 99.98% 100%

Interestingly, even when NNP(+xTB) are mistaking the actual product, the predicted main product is still close to the species

involved in the reaction. In constrast, GFN2-xTB consistently provides a chemically unreasonable main product (where the ethylene
is bonded to a PH3 ligand).

Additionally, at low temperature (250K), the main product found by the sufficiently trained NNP(+xTB) models corresponds
to the only side product found at DFT level (with the remaining 1.53% yield).

S§7. Leaky holes behavior

Far from the training domain, we observe a “leaky holes” behavior around unphysical geometries, from insufficiently trained
NNP(+xTB) models (using only the first 20% of the paths explored during the DFT-powered search). As it can be seen from Figure
S7, these “leaky holes” are caused by the NNP part, unable to recognize broken geometries (very high energy regions). For example,
the two most severely affected geometries contain steric clash within the H2 molecule (H-H bond length ~ 0.37 A). We believe this
results from random artifacts, in the absence of neither training data nor physics-based guidance.

Parity plot on energies

® NNP(+xTB)
20004 & GFN2xTB
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1000 1

Predicted energy [k¥mol]
Tl
o
S
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Reference energy [k¥mol]

Figure S7. Performance of NNP(+xTB) models when powering a (global) AFIR-based exploration. Each point represents a PES sta-
tionary point geometry (i.e., an approximate TS or EQ) obtained during the search. The energy predictions are generated during the
search, and the energy references (i.e., DFT energies) are computed a posteriori. XIB and NNP(+xTB) predictions for the same geom-
etry are connected by a line: a red line if xXTB only is closer to DFT, and a green line if the NNP contribution is beneficial. The energies
potentials are shifted to match each others on the WilkinsonAFIRdb dataset. The model was trained on the first 20% of paths explored
during the preliminary DFT-powered search.

This behavior begins to be visible even on the local AFIR-based search powered by the same NNP(+xTB) model (i.e., trained
only on the first 20% of paths explored during the DFT-powered search), with a single high-energy geometry where the NNP part is
severely mistaken, leading to an overall underestimated energy. This can be identified in Figure 12a, as the only large red line. The
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corresponding geometry is represented Figure S8. Similarly to the most affected geometries from the global search, we observe a
moderate steric clash, with a H> bond length of 0.6 A. The fact that such broken geometries are explored even in the local search is
illustrating the high-dimensionality of the chemical space, and its inherent challenges: even within the most sampled region of the
reaction path network, unexplored broken geometries are accessible.

Figure S8. Unstable geometry wrongly identified as equilibrium state during the local AFIR-based search powered by a NNP(
+xTB) model trained on only the frist 20% of paths explored during the preliminary DFT-powered AFIR-based search.

S8. Discussion

In this article, we are reporting a challenging, yet desirable, application of NNPs: to support kinetic studies involving transition
metals complexes, via the AFIR method. The challenges of such application are illustrated by the surprisingly poor performance of
state-of-the-art SpookyNet models for supporting an AFIR-based reaction path search, despite the same model displaying satisfac-
tory performances on the geometries already obtained by a preliminary DFT-based AFIR search on the same system.

A difference in performance implies a difference in the geometries considered: we argue that the strong external forces applied
during the search are naturally driving the system toward broken geometries, whereas the model is trained on chemically reasonable
geometries. We therefore believe that the challenges encountered for NNP-powered AFIR-based searches arise from such fundamen-
tal separation between the model training domain and the application domain, due to the large external forces applied during opti-
mization tasks as the search is performed.

However, the use of external forces is a core concept behind the AFIR method, allowing for efficient and automatic reaction
path search, hence the need for models that can support those strong external forces. In addition, we cannot easily predict the appli-
cation domain (i.e., toward which geometries the AFIR forces will drive the system into) a priori, and we argue that it would be
unreasonable to try to sample the whole chemical space of broken geometries. Therefore, we are focusing here on expanding the
applicability domain (i.e., where the model is performing properly) of NNPs from their training domain toward broken geometries,
to hopefully englobe the application domain related to an AFIR-based search (see Figure 14). In other words, to design models that
are able to extrapolate towards broken geometries despite not being trained on those.

Broken
geometries

Reasonable
geometries

NNP(+xTB) applicability
domain

Training domain

Application domain
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Figure S9. Illustration of the different domains of interest in the presence of AFIR forces. The training domain is the chemical space
covered by the training data. The applicability domain is the chemical space where the model considered provide acceptable predic-
tions. Here, the application domain correspond to the chemical space explored during an AFIR-based search.

Indeed, we observed that the tested SpookyNet models failed to extrapolate towards broken geometries. We believe that this
lack of robustness is shared among the currently available general-purpose NNPs, because we blame it on the lack of physics in their
functional form (i.e., mathematical model). Actually, recent efforts were made to add more physics-inpired terms [4].

In this regard, SpookyNet is a representative example of these efforts, as it includes physics principles though trainable addi-
tional terms with physics-inspired functional form. We believe the use of additional terms is in fact an appropriate way of including
physics while keeping a desirable freedom on the neural network part. However, we found that the additional physics-inspired
trainable terms of SpookyNet are simply not enough, as is, to achieve the level of robustness that AFIR searches require. Actually, in
our quest for an appropriate solution, we concluded that there is no need for accurate extrapolation towards broken geometries
because they are simply not chemically meaningful anyway. We argue that adding a simple safeguard to detect broken geometries
is sufficient. A convenient way to do so is through A-learning, by adding (or, as it is the case with SpookyNet, by replacing the already
existing physics-based terms) a single physics-inspired additional term, acting as a safeguard. This additional model needs to be both
fast (to keep up with the neural network part) and robust (to identify broken geometries as such).

In that regard, we argue that a standalone external model is appropriate, which do not require training, acting as a universal
potential. We found a semiempirical method such as GFN2-xTB to be well-adapted for such use.

Instead of designing yet another specialized NNP architecture, we emphasize that our proposed solution is model-agnostic
and easily applicable, with a clear future-oriented design in a context of rapidly evolving NNP architectures.

For the choice of the external model, however, we believe that a simpler and faster model could be found, since accuracy is
not required (i.e., a physically correct asymptotic behavior should be sufficient).

In any case, we found the NNP(+xTB) model to provide a local extension of the applicability domain around the training data,
compared with a pure SpookyNet model. This improved extrapolation power towards broken geometries enables the first reported
successful NNP-powered AFIR search, on the condition that sufficient training data is available. Indeed, we interpret that predicted
reaction yields are acceptably reproduced (i.e., no “leaky holes” or underestimated energy barriers are unphysically capturing the
reaction yield) when the training data is well sampled around the kinetically relevant reaction path network (that is expected to be
explored during the AFIR search).

In that regard, we found GTM to be a promising visualization tool for reaction path networks, as the global NNP(+xTB) per-
formances incidentally matched the GTM-based observations of training set completeness, in this particular case. Such observation
raises the question of the applicability of GTM visualization to detect sufficient exploration during the construction of the preliminary
training set.

Finally, while the amount of training data required for the specific example reported here is quite large (around 50% of a
previous DFT-based study on the same system), we would like to emphasize that the main purpose of this study is merely to identify
the challenges for NNP-powered kinetics studies and laying the foundations of robust NNP-based models compatible with the AFIR
method.

Nonetheless, we believe one can easily reduce the amount of training data required for successful NNP(+xTB)-powered AFIR
search, especially since the preliminary DFT-based study presented here was not specifically designed for efficiently building a train-
ing set.

For that purpose, we provide the reader with several ways of practical improvements:

e  For example, in light of the results obtained in this study, a coarse AFIR-search (focusing on exploration, less refinement steps
and larger sampling gaps) would have likely been sufficient.

e Inaddition, from the preliminary DFT-based study, we only considered the final optimized geometries along the explored reac-
tion path network. Such choice is justified by the fact that currently available AFIR search datasets are unlikely to include addi-
tional data. Nonetheless, it is important to note that a practical AFIR search involve many refinement steps, representing many
DFT evaluations (around 10-20 optimization steps are considered for each final geometry) that could easily be used as well for
training.
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e Last but not least, we believe it is possible to extract training data from multiple previous AFIR searches via transfer learning,
allowing to combine data from different systems. The idea behind this approach is to replace training data on the considered
system by training data from multiple similar systems already available.

Outliers

Strong outliers were found with training on the first 20% of paths explored, however the outliers severity is drastically reduced
using the first 50% or more of paths explored. This analysis is consistent with the GTM-based observation that the first 20% of paths
does not cover the full reaction path network.

However, we believe that these outliers are not responsible for the poor performance of the SpookyNet models during the
AFIR-based search. Instead, we attribute this performance to strong energy underestimations and a “leaky hole”-like behavior due
to the inherent poor description of broken geometries.

AFIR-based search acceleration scheme

For this study, we have considered the same system for both the training and inference of the NNP model. In other words, the
model is used for predictions on conformers of the training geometries. Such scheme is adapted to reduce the cost of a complete AFIR
search, by performing only a short preliminary exploration of the reaction path network, then performing the actual full search using
an NNP model trained on the preliminary exploration data. This simple approach generates specifically trained models, and accel-
erates in principle the full kinetic study by exploring, with expansive ab initio calculations, only a fraction of the reaction path net-
work.

In addition, such scheme could also be used to run a retrosynthetic AFIR-based search from a forward search, allowing to
explore alternative substrates that are promising to obtain the targeted product.

rt-acidity of the PHs ligands

It is known that the simulated mt-acidity of the PHs ligands is particularly sensitive to the accuracy of the P 3d orbitals descrip-
tion, resulting in drastic m-acidity decrease in the absence of P 3d orbitals [5]. We have therefore investigated briefly the effects
introduced by considering a Def2-TZVP basis set instead of Def2-SVP. We observed only moderate effects, translated into changes
in the energy barriers up to 20 kJ/mol, without much impact on the reaction path, so our finding do not seem to be qualitatively
affected. Anyway, such analysis is not the main topic of this article.

§9. Detailed conclusion and perspectives

Ab initio kinetic studies are important to understand and design chemical reactions. While the kinetic-based navigation
method provides an efficient and automatic framework to search reaction paths, such studies still typically require a large amount
of ab initio calculations, due to the combinatorial nature of the reaction path network exploration. As an illustration, the AFIR-based
search reported section 3.1 required more than 1.8M gradients calculations in total. In this context, performing the full search at a
high accuracy level of theory can incur large computational costs.

In this article, we have investigated the possibility to replace expensive ab initio calculation with fast NNP predictions, during
the search, to accelerate such kinetic studies. For this purpose, we have considered the hydrogenation of ethylene catalyzed by a
transition metal complex inspired by Wilkinson’s catalyst. In this example, where the transition metal plays a major role, we found
that GFN2-xTB is not accurate enough to reproduce the reaction kinetics, therefore misleading the kinetic-based navigation.

For this investigation, we have first performed a preliminary reaction path search at a DFT level of theory, using the AFIR
method with kinetic-based navigation. This novel theoretical study, reported in section 3.1, extends the prior study from Koga et al.
[6] by explicitly considering all three PH3 ligands of the catalyst.

The resulting reaction path network’s data was visualized using GTM, with sorted-pairwise distance descriptors and Boltz-
mann-like weighting to encode an ensemble of 3D structures generated during the search. The energy and class GTM landscapes
allowed to follow the exploration of the chemical space during the search and to identify the zones corresponding to the different
steps of the reaction.
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The geometries obtained in the early stages of the aforementioned DFT-powered reaction path search were used to train NNP-
based models intended for supporting a reaction path search on the same system. Such NNP-powered AFIR-based search was made
possible for the first time, using our newly developed GRRM-NNP interface.

Despite excellent prediction accuracy on pre-obtained geometries (i.e., on data obtained from the DFT-based search),
SpookyNet models displayed very poor performances when supporting an AFIR-based search, regardless of the training set size.

The specificity of the AFIR method lies in the presence of large external forces, prone to the generation of broken geometries
if the supporting model is not robust. This result illustrates the failure of general-purpose NNPs to handle broken geometries when
trained on reasonable geometries only.

We solved this robustness issue by complementing NNP predictions with a robust semiempirical model such as xTB, acting
as a safeguard against leaky holes and unrecognizing broken geometries.

The resulting NNP(+xTB) models were found capable of supporting an NNP-powered AFIR-based search, successfully repro-
ducing the reaction yield, as long as their training set is representative of the reaction path network explored during the search.

In that regard, GTM might be used to check the completeness of training sets, but further studies are required to establish such
an application.

Furthermore, while the present article focused on reporting the challenges of using NNPs for supporting AFIR-based reaction
path search, we believe that it is possible in practice to dramatically reduce the amount of training data required for a dedicated
application (see the guidance provided in section S8). In particular, transfer learning would be a fitting solution to make use of
available data on similar systems.

Much work was accomplished over the years to design efficient and automatic reaction path search procedures, such as the
AFIR method with kinetic-based navigation. Still, efficient exploration of the PES fundamentally relies on PES evaluations that are
fast, accurate and robust, even in the presence of transition metal catalysts. As such, we believe that kinetic studies can benefit much
from the recent developments in the NNP field, and the promising performances of our NNP(+xTB) solution is highlighting the
importance of robustness for designing adapted potentials.

$10. Additional GTM-related analyses

- . - I
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Figure 510. GTM one-class landscapes where the first 0 to 1%, 1 to 5%, 5 to 10% and 10 to 20% of the network explored during the
DFT-based search are projected and compared. Blue area indicates map area containing structures already projected at the lowest
percentage, while red area are area where recently discovered structures are projected.
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Figure S11. Class landscapes describing distribution of 3D structures and corresponding 2D structures for main reaction steps 1-6
(see also Figure 6).

S11. Methods — used software

Marvin was used to draw and display chemical 2D structures [7] [Marvin version 23.2, ChemAxon (https://www.che-
maxon.com)]. 3Dmol was used to display chemical 3D structures [8]. The ASE python package [9] was used for 3D visualization and
database management. Plots were generated using matplotlib [10].
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