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Scheme. S1. Schematic depiction of the FLP chrmosome composed of multiple genes
corresponding to acid-base susbtituents and backbone.
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Fig. S1. Linear correlation between the GFN2-xTB computed proton affinity (right) and
hydride affinity (left) values vs. the corresponding DFT computed FEPA and FEHA values,
respectively.
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Fig. S2. Detailed descriptions of the angle and distance scores for evaluating the geometrical
fitness of a given IFLP candidate.

Fig. S3. 2D t-distributed stochastic neighbor embedding! (t-SNE) map of the random
distribution of the IFLPs, where each IFLP is colored by the SCscore (left) and quenching
score (right). The IFLPs were drawn randomly from the chemical space by performing a GA

run with 100% mutation rate. The embedding was generated from the Morgan fingerprints
of the IFLPs using RDXkit.

S1: Computational details

Genetic optimization

All genetic optimization runs were performed using the NavicatGA software package? and the
Chimera hierarchical scalarizer for multiobjective optimization.® The genetic optimization

was performed using fixed 8-gene chromosomes to represent individual catalysts. Crossover
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Fig. S4. (a) Catalytic cycle mechanism for FLP-catalyzed direct CTFH. (b) Computed
CHTF profiles for FLP1, FLP2, and FLP3.

was performed by splicing the chromosomes with a single crossover point, and mutation is

performed by randomly replacing genes by other valid genes (i.e., backbone genes can only

replace backbone genes, etc.). The runs in the main text used the following parameters:

The code and data required to reproduce our results is available at https://github.

com/lcmd-epfl/ga_£flp. For more information on the general inner working of NavicatGA,

we refer the reader to the original publication and documentation.?
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Fig. S5. Evolution of the chemical descriptors, FEPA and FEHA (a), geometric descriptors,
d and ¢ (b,c), and SCS for a multiobjective optimization run by an inverted objective
hierarchy GS, CS followed by SCS. The average values of the properties over the population
are shown. The black dotted line in the chemical descriptor space in (a) depicts the desired
complementarity between FEPA and FEHA to achieve maximum TOF. The grey dashed
lines in (b) and (c) indicate the target d and ® values, respectively, used in the optimization.
The top candidate extracted after 100 generations is shown in Figure 4f.

Computational details for the CHTF profiles of the lead FLPs

All DFT computations were performed at the PBE0**-D3(BJ)%" level as implemented in
the Gaussian 16 software.® For optimization of the molecular geometries of the reaction
intermediates and transitional states, the def2-SVP basis set was used, while further
single-point calculations were performed with a larger def2-TZVP basis.? The effect of
entropic contributions, free energy corrections considering only vibrational contributions
(corrected using the rigid-rotor approximation were included using the GoodVibes
program'?) were added to the single-point energies at the PBE0-D3(BJ)/def2-TZVP level
of theory. All calculations were performed in the gas phase and the relative stabilities of

the stationary points involved in the catalytic cycle were estimated as a difference in free
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Fig. S6. (a) Evolution of the chemical descriptors, FEPA and FEHA (a), geometric
descriptors, d and ®, and SCS for a multiobjective optimization run by an objective hierarchy
SCS and CS followed by GS, CS. The average values of the properties over the population
are shown. The black dotted line in the chemical descriptor space in (a) depicts the desired
complementarity between FEPA and FEHA to achieve maximum TOF. The grey dashed
lines in distance and angle descriptor space indicate the target d and ® values, respectively,
used in the optimization. The top candidate extracted after 50 generations is shown on the
right. (b) Top candidates obtained from optimization runs with objective hierarchy SCS,
CS followed by GS.

energies. To maintain consistency with our previous works and to obtain a direct comparison,

we used a pyridine LB molecule as the sacrificial agent.!!!2

S2: Dimer Quenching Classifier

To predict the likelihood of intramolecular quenching in frustrated Lewis pairs (FLPs), we
constructed a dataset and used it to train a random forest classifier. Dataset generation
began with a collection of (intermolecular) FLP candidates, combining 32 amines and 24
boranes (Figs. S6 and S7). For each FLP, four conformers were generated by performing
geometry optimizations at the GFN2-xTB level using xtb,'® where the initial B---N distance

was set at 3, 4, 5, and 6 A, respectively. 647 pairs finished all optimization runs without error,
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Table S1. Parameters used in the genetic optimization runs.

ID Ngenes Psize Mrate Ncpts Ncycles rtoll rol2 rol3

R1 8 20 0.25 1 10 025 0.10 0.25
R2 8 20 0.25 1 100 0.10 0.25 0.25
R3 8 50 0.25 1 100 0.10 0.25 0.25
R4 8 20 0.25 1 20 025 0.10 0.25
R5 8 20 0.25 1 50 025 0.10 0.25
R6 8 20 0.25 1 20 025 0.10 0.25
R7 8 20 0.25 1 20 025 0.10 0.25
RS 8 20 0.25 1 20 0.25 0.10 0.25
R9 8 20 0.25 1 20 0.25 0.10 0.25
R9 8 20 0.25 1 50 0.25 0.10 0.25
R10 8 o0 0.25 1 100 025 0.10 0.25

Default GA parameters (unless stated otherwise):  Nyepes=8,

Pyie=20, M;q1e=0.25, Neps=1, Neyeres=50.  Tolerances are the

Chimera scalarizer settings (t1, t2, t3) in hierarchical order. The

run IDs follow the numbering of the lead FLP candidates mentioned

in the main manuscript.
out of the total 768 pairs tested. From each optimized structure, the single-point energy and
the final, optimized B---N distance between the Lewis acid and the Lewis base were extracted
(Fig. S8). These values were assembled into a single table containing one row per FLP
with four corresponding energy—distance pairs. The range of initial distances was meant to
allow the acid and pair to proceed to either a fully quenched adduct or not, depending on
the frustrating effect of the acid and base substituents. Some combinations formed dative
adducts under all circumstances due to the lack of any steric frustration, whereas others
were always frustrated and promptly repelled each other when the optimization runs started
from short distances. A few cases were in-between, and collapsed to the dative adduct only
if the initial geometry had a short distance.

To account for these intermediate cases, the target label (quenched vs. non-quenched)

was assigned using a Boltzmann-weighted average B---N distance. Relative conformer

energies (AE) were computed across all four final optimized geometries, and Boltzmann

weights (at 298.15 K) were evaluated from these energies. The Boltzmann-weighted distance



(BWDistance) was then obtained as the weighted average of the four B---N distances. Note
that this approach, based on simple geometry relaxation, does not capture the kinetics of
frustration. We deliberately chose to neglect the possibility of an energy barrier associated
with the transition between the dative adduct and the frustrated non-covalently bound
configuration due to the inherent complexity of studying such a process. Nonetheless, we
reasoned that our main concern is identifying (and discarding) LA /LB combinations where
adduct formation is favored thermodynamically. In doing so, we accept that there could be
a small number of cases where we are being overly conservative and kinetics could contribute
to the frustration even if the process is thermodynamically favored.

We observed that Lewis acid and base pairs that are amenable to quenching and dative
adduct formation have a strong energy preference for short (bonding) B---N distances,
resulting in a BWDistance under 2.0 A, while FLPs are more stable at greater distances
instead due to steric repulsion, leading to a larger BWDistance. FLPs with BWDistance
greater than 2.0 A were labeled as non-quenched (frustrated, label = 1), indicating persistent
separation of the donor—acceptor pair, whereas those below this threshold were labeled as
quenched (label = 0), corresponding to situations in which collapse into a classical adduct
is both likely and energetically favourable (see Fig. S9). Note that the BWDistance
distribution is approximately bimodal with the 2 A threshold being near the separation
point. Only 20 entries out of 647 (3%) are near the decision threshold.

To quantify steric effects, we calculated buried-volume descriptors around the Lewis acid
and base centers. For each FLP, the acid and base fragments were isolated, and the Morfeus !4
library was used to compute the percent buried volume (%V},,) around the boron (acid) and
nitrogen (base) atoms of the isolated components. These calculations were performed using
probe radii of 2.0, 2.5, 3.0, and 3.5 A, capturing steric encumbrance at multiple length scales
and yielding eight steric descriptors per FLP. These eight buried-volume descriptors (four
from the Lewis acid and four from the Lewis base) are the input of the dimer quenching

classifier.
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Fig. S9. Histogram of the optimized B---N distances of the 647 Lewis acid and base pairs

used to train the dimer quenching classifier. Subplots correspond to the final optimized
distances starting from a B---N distance of 3, 4, 5, and 6 A, respectively.
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Fig. S10. Histogram of the Boltzmann-weighted distance of the 647 Lewis acid and
base pairs used to train the dimer quenching classifier. The entries correspond to the
Boltzmann-weighted average of Fig. S0. The black vertical line highlights the 2.0 A threshold
for frustration.

The final dataset combined these eight buried-volume features with the binary frustration
label. The curated dataset, along with the geometries of these molecules, are available
publicly at https://github.com/lcmd-epfl/ga_flp/tree/main/data/quenching. We then
trained a scikit-learn'® random forest classifier using the eight buried-volume features to
predict the frustration label. We optimized the model through a grid search over several
hyperparameters, including the number of estimators in the forest (50, 100, 200, 500),
the number of features to consider when looking for the best split (’sqrt’, ’log2’), and
whether bootstrap samples are used when building trees. The best-performing model has
a number of estimators of 500, with the number of features to consider being log2 and
bootstrap set to False. We noticed that the classifier was remarkably accurate, as shown

in the confusion matrix in Fig. S11. In particular, we highlight that the model very rarely

12



predicts a frustrated label in not frustrated pairs, meaning that the inclusion of the dimer
quenching classifier in our fitness function is unlikely to (falsely) accept invalid candidates.
The script to train or predict with our dimer quenching model architecture is available at

https://github.com/lcmd-epfl/ga_flp/blob/main/ga_core/frustration_c.py.

Normalized confusion matrix

Not frustrated

True label

0.4

Frustrated -
0.2

Not frustrated Frustrated
Predicted label

Fig. S11. Normalized confusion matrix from the trained random forest classifier. Predictions
are aggregated from 20 test folds in a 20-fold splitting loop.

Table S2: Synthetic complexity score (SCS) of the top candidates FLP1-FLP10.

SCScore
FLP1 2.83
FLP2 3.54
FLP3 3.59
FLP4 2.29
FLP5 3.40
FLP6 4.18
FLP7 3.91
FLPS8 4.20
FLP9 3.65
FLP10 3.44
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