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Exploring the enantioselective synthesis
mechanism of ammonium cations in solution
using deep learning potential

Hongqiang Cui,ab Da Zheng,ab Huiying Chu,*ac Yan Li*ac and Guohui Li *ac

Asymmetric synthesis is fundamental to modern organic chemistry. Predicting the stereoselectivity of

catalytic reactions in solution remains a challenging problem, as it requires a comprehensive

understanding of the underlying mechanistic, energetic, and kinetic factors. To address this challenge, we

propose an active learning workflow that integrates iterative cycles of ab initio molecular dynamics

(AIMD) and deep learning potential molecular dynamics (DLPMD) simulations. To demonstrate its utility,

this workflow is applied to investigate the enantioselective synthesis of quaternary ammonium cations

catalyzed by 1,10-bi-2-naphthol scaffolds (BINOL), with a focus on simulations of large molecular systems

over extended timescales. The results of the simulations successfully reproduce the experimentally

observed chirality of the major product molecules, as confirmed by 1HNMR spectroscopy.

Furthermore, these simulations provide detailed insight into the reaction pathways and reveal that the

chirality of the primary product is thermodynamically controlled under experimental conditions.

Consequently, this workflow offers a promising strategy for exploring complex reaction mechanisms

and enhancing the predictive accuracy of asymmetric synthesis in complex solutions using deep

learning techniques.

Introduction

Asymmetric synthesis, which enables the selective construction
of chiral molecules, is fundamental to modern organic chem-
istry. Notably, quaternary ammonium cations are widely
applied as catalysts and reagents in organic synthesis,1,2 med-
icinal chemistry,3 and polymer materials.4 Despite their broad
applications, achieving precise control over the stereogenicity
of the nitrogen atom remains a significant challenge in asym-
metric synthesis. Previous work has demonstrated that stereo-
genic nitrogen centers can be established via diastereoselective
transfer of chirality from adjacent carbon stereocenters.5 How-
ever, the strong influence of neighboring stereocenters makes
direct access to nitrogen only stereogenic compounds challen-
ging. The inherent conformational instability of stereogenic
nitrogen centers hinders their enantioselective synthesis. In
contrast to carbon stereocenters, which are conformationally
and configurationally rigid (Scheme S1a), nitrogen stereocenters

in tertiary amines are prone to rapid inversion due to the facile
flipping of the nitrogen lone pair. This configurational lability
often leads to racemization, which is frequently underestimated
in stereoselectivity analyses. Notably, obtaining enantioenriched
ammonium cations via kinetic resolution6 or spontaneous
resolution7–10 demonstrates that slowing or preventing nitrogen
inversion enables the selective formation of stereogenic nitrogen
centers. Consequently, the formation of quaternary ammonium
cations prevents this inversion, thereby stabilizing the nitrogen
configuration.11 Building on these principles, previous work12

demonstrated the high enantioselective synthesis of ammonium
stereocenters in a single pot catalyzed by 1,10-bi-2-naphthol
scaffolds (BINOL), using either R-BINOL or S-BINOL (Scheme S1b).
Despite these advances, the underlying mechanisms governing
the high enantioselectivity in the synthesis of quaternary ammo-
nium cations remain unclear.

In recent decades, transition state (TS) searches13–19 have
been widely employed to explore reaction mechanisms in
solution. However, traditional density functional theory (DFT)
calculations have inherent limitations when applied to complex
reaction systems. Firstly, identifying transition states in large
systems comprising thousands or more atoms and in complex
reactions relies heavily on expert intuition. Secondly, incorpor-
ating solvent effects into DFT calculations of chemical reac-
tions presents significant challenges. Although solvent effects
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on both stable and transition states are commonly treated with
continuum solvent models (CSMs),20,21 such approaches fail to
capture specific interactions with explicit solvent molecules. In
principle, introducing explicit solvent molecules could address
these limitations. However, defining the appropriate number
and positions of explicit solvent molecules remains difficult,
and both the conformational space and computational cost are
significantly increased upon the inclusion of explicit solvent
molecules.22 Thirdly, this approach fails to fully capture the
dynamic behavior of the system. While ab initio molecular
dynamics (AIMD) simulations offer a potential solution to these
challenges, their high computational cost restricts the feasible
system sizes and simulation timescales.

Recently, researchers have increasingly turned to deep learn-
ing (DL) methods.23–38 DL methods, especially artificial neural
networks (NNs), provide the possibility to construct potential
energy surfaces (PESs) with the accuracy of the DFT method but
with an efficiency comparable to that of force fields. DL methods
have been employed to construct PESs in a data-driven manner. In
this approach, the PES is derived from a carefully selected training
dataset using appropriate descriptors.24–32,39 Deep learning poten-
tials (DLPs) have shown success in modeling systems such as
water,40 small organic molecules,41,42 and metal materials.43

However, the reliability of the DLPs is highly dependent on the
completeness of the training datasets.44,45 Although AIMD simu-
lations are commonly used to generate training datasets,41,42 they
may fail to capture some essential molecular interactions due to
the random generation of initial conformations. While notable
active learning approaches have been reported in recent years,
some studies46,47 are limited to low-dimensional systems, and
extending these methods to complex reaction systems in solution
remains a challenge. Furthermore, in previous active learning
workflows,23,35,36,48 for configurations in MD trajectories, the
deviation of atomic forces predicted by several DLPs is calculated.
If the deviation exceeds a predefined threshold, the corresponding
structures are labeled using the DFT method and subsequently
added to the training datasets. Nevertheless, some critical but
unstable regions remain difficult to sample using conventional
MD simulations. Firstly, unstable transition states are ‘‘rare
events’’ in MD simulations. Secondly, for large systems, the total
charge for cluster structures obtained from MD simulations is not
considered when labeling these cluster structures using the DFT
method. Consequently, DFT calculations for these structures are
infeasible, preventing their inclusion in the training dataset.

In this paper, to address these issues, an integrated iterative
workflow (Scheme 1a) combining AIMD and deep learning
potential molecular dynamics (DLPMD) simulations is proposed
to explore the enantioselective synthesis of quaternary ammo-
nium cations catalyzed by BINOL, with simulations conducted on
long timescales and large systems. Specifically, the training
datasets are derived from this integrated iterative workflow.
Firstly, the DLP model is pre-trained using structures sampled
along reaction pathways observed in AIMD and DLPMD simula-
tions, which enables it to accurately describe the reaction energy
barriers. Secondly, this pre-trained DLP model is trained against
AIMD simulation trajectories to improve the description of stable

regions in complex reaction systems. The total charge of the initial
conformation is calculated prior to performing AIMD simulations
for the eight subsystems (Scheme 1b). Notably, the experimental
environments are accurately reproduced in DLPMD simulations.
The results of simulations successfully reproduce the experimen-
tally observed chirality of the major product, which is consistent
with the 1HNMR spectroscopy results.12 This study reveals that
the chirality of quaternary ammonium cations in experiments is
under thermodynamic control. Furthermore, the proposed work-
flow provides detailed insight into reaction pathways within
complex reaction systems comprising thousands or more atoms
and offers a promising strategy for accurate modeling of asym-
metric synthesis in solution.

Methods
Active learning workflow

The complete active learning flowchart is illustrated in Scheme 1a.
The workflow and convergence assessment comprise the follow-
ing steps: (1) system construction and classical MD simulations;
(2) training dataset generation via AIMD simulations on divided
subsystems; (3) training of the DLP model and DLPMD simula-
tions; and (4) DLP model validation and iterative refinement.
Additional adjustments addressing charged species in step (2) are
outlined in (a) recalculation of subsystem charges after partition-
ing, and (b) box adjustment under periodic boundary conditions.
The convergence criteria in step (4) encompass (i) the absence of
abnormal bond formation or cleavage during DLPMD simula-
tions, and (ii) accurate prediction of energies and forces based on
the DLP model. The training workflow proceeds as follows:

(1) System construction and classical MD simulations. The
initial full system is constructed based on the experimental
ratio of substrate, solvent, and catalyst molecules to reproduce
the complex reactive environment of the solution phase under
experimental conditions. Equilibrium classical MD simulations
with periodic boundary conditions (PBCs) are performed for
100 ns in a cubic box with a side length of 40.0 Å. To improve
the computational efficiency of subsequent AIMD simulations
while retaining essential intermolecular interactions, the final
snapshot of the above MD trajectory is divided into eight
smaller cubic systems (20.0 Å � 20.0 Å � 20.0 Å), which are
individually subjected to AIMD simulations (Scheme 1b).

(2) Training dataset generation via AIMD simulations on
divided subsystems. Following geometry optimization and 5 ps
NPT MD simulations using the GFN1-xTB method,49 2 ps NVT
AIMD simulations are performed on each of the eight subsys-
tems in step (1) or step (4) to generate the training dataset.
There are no reaction events in MD simulations performed with
the GFN1-xTB method or AIMD simulations. Consequently,
these simulations were not employed for stereoselectivity or
property analyses in this work. Additional simulation details
can be found in the section titled ‘‘Ab initio molecular dynamics
simulations’’.

Notably, the formation and cleavage of chemical bonds
during DLPMD simulations often lead to the generation of
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cations and anions in the eight subsystems. According to
reaction pathways calculated by the DFT method, the charges
of these ions must be explicitly specified in the parameter files.
The preparation and optimization of these small systems
require two critical adjustments:

(a) Recalculation of subsystem charges after partitioning.
The net charge of each subsystem must be recalculated follow-
ing the partitioning of the whole system, based on the sum of
charges of ions in each subsystem.

(b) Box adjustment under periodic boundary conditions.
Molecular integrity must be preserved during system partition-
ing, which often leads to irregular, non-cubic subsystem geo-
metries. To prevent artificial molecular contacts under PBCs,
the box size needs to be expanded.

(3) Training of the DLP model and DLPMD simulations. A
DLP model is trained, and 5 ns DLPMD simulations are
performed on the initial full system to explore the reactive
behaviors in systems.

(4) DLP model validation and iterative refinement. After
DLPMD simulations, the trajectories in step (3) are examined
to assess whether the model has converged. The active learning
workflow is terminated till the DLP model converges.
Otherwise, the trajectory is again divided into eight subsystems
(Scheme 1b), and steps (2), (3) and (4) are repeated. In previous
studies,50 the convergence of the DLP model is assessed by
monitoring the energies and forces of a 1 ns trajectory every
2.5–25 ps using the DFT method. In the present workflow, the
first 5 ns of each trajectory is analyzed, instead of the 1 ns used
in previous studies. The DLP model is considered as converged
if it satisfies all the following criteria:

(i) The absence of abnormal bond formation or cleavage
during DLPMD simulations. Bond formation and cleavage
events observed in DLPMD trajectories are examined using
DFT calculations performed at the same level of theory as the
AIMD simulations. If the DLP model fails to accurately repro-
duce either stable and unstable states along the reaction

Scheme 1 (a) Flowchart of the active learning workflow. (b) Schematic representation of the simulation system. Note: the system contains 24 NR3

(cyan), 24 BINOL (orange), 48 allyl bromide (green) and 367 trichloromethane (yellow) molecules. (c) Flowchart of the clustering analysis using the
K-means method.
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pathway, such bond-forming or bond-breaking events are
deemed abnormal. Trajectories exhibiting such abnormal events
are classified as abnormal, and only the trajectory segments
prior to these events are retained as normal. Accurate modeling
of reaction pathways is critical for the accuracy of the DLP
model. However, DFT calculations frequently fail to converge
for abnormal configurations extracted from these trajectories,
thereby preventing their inclusion in the training dataset to
correct the abnormal bond formation or cleavage observed in
DLPMD simulations. In previous work,51 structures derived from
transition states in vacuum are employed to provide the DLP
model with information about intrinsic molecular reactivity.
Therefore, in this study, structures corresponding to key struc-
tures along reaction pathways are labeled using DFT methods in
vacuum and used to pre-train the DLP model during the first
stage of training, ensuring that the DLP model could capture the
reaction energy barrier. The absence of abnormal bond for-
mation or cleavage within the 5 ns trajectory is a prerequisite
for ensuring the reliability of the simulation results. The Results
and discussion section (the importance of reaction pathways for
the accuracy of DLP model) highlights the necessity of pre-
training the DLP model using structures in vacuum along the
reaction pathways during the first stage of training.

(ii) Accurate prediction of energies and forces based on the
DLP model. In previous work,51 the last frame of a trajectory
has been evaluated to determine whether the trajectory should
be included into the existing training dataset. Consequently,
the last snapshot of the above normal trajectory that passed the
first criterion is divided into eight smaller cubic subsystems
(Scheme 1b), which are further evaluated using the DFT
method. Following geometry optimization and 5 ps NPT MD
simulations using the GFN1-xTB method,49 2 ps NVT AIMD
simulations are performed on each of the eight subsystems to
generate a testing dataset. The uncertainty thresholds for
energy and force deviations between DFT and DLP predictions
are set at 0.05 eV per atom and 0.1 eV Å�1, respectively. The
uncertainty threshold values are more stringent than 0.14 eV
per atom and 0.12 eV Å�1 in previous studies.23 If the MAEs in
energy or force for the test dataset exceed these thresholds, the
corresponding AIMD trajectories must be included in the
training set. Only when both MAEs fall below their respective
thresholds can the trajectory be considered validated. If both
criteria are met, the DLP model is regarded as sufficiently
accurate and converged.

In this workflow, the accuracy of the DLP model is directly
validated against DFT calculations. Since the small systems are
derived from the experimental system, the resulting AIMD
simulations faithfully reproduce the molecular interactions
observed in solution. Capturing these experimental interac-
tions is crucial for improving the fidelity and generalizability
of the DLP model. In this study, in the first stage of training,
1202 configurations in vacuum are used to pre-optimize the
DLP model and reproduce the energy barriers along reaction
pathways. In the second stage, the pre-trained DLP model is
refined using both 173 857 configurations obtained from AIMD
trajectories and 1202 configurations along reaction pathways to

improve its accuracy in describing the stable regions of the
reaction landscape. Additional simulation protocols and training
details are provided in the Methods section (molecular dynamics
simulations with classical force field, ab initio molecular
dynamics simulations, molecular dynamics simulations based
on the deep potential model and deep potential descriptor and
training). Notably, only seven cycles are sufficient to reach
convergence, demonstrating the efficiency of this workflow.

In total, the workflow consumed approximately 1 307 000 CPU
core hours on AMD EPYC 7452 processors and 2400 GPU hours
for simulations based on the converged DLP model.

Structural clustering analysis

To elucidate the underlying mechanism of stereoselectivity in
this study, the binding modes between BINOL and the product
molecule, as well as between BINOL and the substrate mole-
cule, are systematically investigated. Due to the substantial
number of binding structures sampled from MD simulations,
representative binding structures are selected through struc-
tural clustering analysis. The distance cutoff between BINOL
and the product or substrate molecule is defined as 8.0 Å,
measured between the nitrogen atom and all atoms of BINOL.
If more than 12 atoms of BINOL fall within this cutoff, the
BINOL is considered to interact with the product or substrate
molecule.

To distinguish different binding structures in three-dimen-
sional space, a coordinate system (Schemes 2a and d) is intro-
duced, with the midpoint between atoms 1 and 10 of BINOL
defined as the origin. The three-dimensional space is divided
into eight regions, labeled as (1,1,1), (1,1,0), (1,0,1), (0,1,1),
(1,0,0), (0,1,0), (0,0,1), and (0,0,0), based on the sign of the
nitrogen atom’s Cartesian coordinates. For instance, if the
coordinates of the nitrogen atom are (x, y, z), and x 4 0, y 4 0,
and z o 0, the structure is assigned to region (1,1,0). Within each
spatial region, the binding structures are further analyzed
by evaluating the energy variations along the dihedral angle o
(C3–N–C100–C10) and w (C7–N–C6–C10). Each spatial region is
subdivided into nine segments (Scheme S2). Representative
structures within each segment are selected using the K-means
clustering method. The detailed workflow of the K-means
method52,53 is illustrated in Scheme 1c. This workflow proceeds
as follows:

(1) The number of clusters, K, is set to 20 in this study.
(2) A random structure is selected as the initial cluster

center, j.
(3) The root mean square deviation (RMSD) between each

structure i and existing cluster centers, j, is calculated using
eqn (1):

RMSD ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
i¼1

xi � xj
� �2þ yi � yj

� �2þ zi � zj
� �2� �vuut (1)

where (xi, yi, zi) and (xj, yj, zj) are the Cartesian coordinates of
atoms in structure i and j, respectively, and N is the number of
atoms. For each structure i, RMSDmin is defined as the mini-
mum RMSD to all known cluster centers.
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(4) The structure with the largest RMSDmin is selected as a
new cluster center.

(5) Steps (3) and (4) are repeated until 20 cluster centers are
identified.

(6) Each structure is assigned to the cluster with the closest
center, as determined by the minimum RMSD.

(7) Within each cluster, the sum of RMSD values between
structure i and all others in this cluster is calculated as Si. The
structure with the minimum Si value is updated as the new
cluster center. Steps (6) and (7) are repeated until the cluster
centers converge.

Notably, in the Results and discussion section (binding
modes of BINOL with product molecules observed in crystal
structures and binding modes of BINOL with product and
substrate molecules in solution), NR4

+ (R) and NR4
+ (S) species

that form a hydrogen bond between the hydroxyl group in
BINOL and the bromine atom are referred to as R_Br and S_Br,
respectively. In contrast, species lacking this hydrogen bond are
denoted R and S. For substrate molecules, those that lead to
NR4

+(R) and NR4
+(S) formation are labeled Sub_R and Sub_S,

respectively.
In binding modes of BINOL with product molecules

(R-BINOL-R_Br (or S_Br), R-BINOL-R (or S), S-BINOL-R_Br
(or S_Br) and S-BINOL-R (or S)), the coordinates of carbon
atoms (1–10, 10–100) and oxygen atoms (1, 10) in BINOL, carbon
atoms (3, 6, 7, 8, 11) and nitrogen atom in NR4

+ (Schemes 2b
and e) are used for RMSD calculations. RMSD calculations for
binding modes of BINOL with substrate molecules (R-BINOL-
Sub_R (or Sub_S) and S-BINOL-Sub_R (or Sub_S)) are per-
formed using the same BINOL atoms, carbon atoms (3, 6, 7, 8)
and the nitrogen atom in NR3, together with either carbon atom
C11 or C13 from the allyl bromide molecule (Schemes 2c and f).
Between C11 and C13, the carbon atom with the minimum
distance to the nitrogen atom is selected for the RMSD

calculation. Prior to RMSD calculations in the above cases, all
binding structures are aligned based on the heavy atoms of
BINOL to eliminate translational and rotational differences.

Equivalent atoms (Scheme 2) can lead to structurally iden-
tical complexes being misclassified as distinct during cluster
analysis. To address this, the twenty lowest-energy binding
structures are selected for further cluster analysis. Specifically,
K-means clustering52,53 is applied using root mean square
deviation (RMSD) values that treat equivalent atoms as indis-
tinguishable. An RMSD cutoff of 1.5 Å is applied to define
structural similarity within each cluster.

For the binding modes of BINOL with both product and
substrate molecules (Scheme 2), only the carbon atoms (1–10,
10–100) and the oxygen atoms (1 and 10) in BINOL are used for
RMSD calculations. The symmetry equivalent atoms in BINOL
are treated as identical during RMSD evaluation. The maximum
RMSD value allowed between structures within the same cluster
is set to 1.5 Å. The MDTraj54 is employed for clustering analysis.
Prior to RMSD calculations accounting for equivalent atoms, all
binding structures are aligned by superimposing the carbon
atoms (3, 6, 7, and 8) and the nitrogen atom of NR4

+ or NR3 to
eliminate translational and rotational differences.

Molecular dynamics simulations with classical force field

A total of 24 NR3 molecules, 24 1,10-bi-2-naphthol scaffolds
(R-BINOL or S-BINOL), and 48 allyl bromide are solvated in
a 40.0 Å � 40.0 Å � 40.0 Å cubic simulation box under PBCs.
The simulation box contains 367 chloroform molecules. All MD
simulations are performed at 323 K using a Nose–Hoover
thermostat with a damping constant of 10 fs. Furthermore,
100 ns simulations are performed with a time step size of 1.0 fs
in the NVT ensemble. All simulations are executed using the
general AMBER force field (GAFF),55 as implemented in
the Gromacs-2019 software.56 AM1-BCC methods57 are used

Scheme 2 Coordinate systems are defined for (a) R-BINOL and (d) S-BINOL, respectively. Binding modes of BINOL (R-BINOL in (b), S-BINOL in (e)) with
the product molecule, and binding modes of BINOL (R-BINOL in (c), S-BINOL in (f)) with the substrate molecule. The torsion angles o (C3–N–C10 0–C10)
and w (C7–N–C6–C10) are indicated in red/orange and blue/orange, respectively. Note: COM1 refers to the center of mass of atoms O1, C50 and C80 (or
O10, C5 and C8) in BINOL; COM2 refers to the center of mass of atoms C9 and C10 in the NR3 substrate molecule. Equivalent atoms in BINOL are
denoted by primes (e.g., 1 and 10).
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to assign partial charges for coulombic interactions in GAFF.
Long range electrostatic interactions and van der Waals (vdW)
interactions are both computed using the Particle Mesh Ewald
(PME) method with an interpolation order of 4 and grid spacing
of 0.16 nm. The cutoff distance of 1.2 nm is used for both real-
space electrostatic and vdW interactions.

Ab initio molecular dynamics simulations

All AIMD simulations are performed using cp2k-7.2 software.58

The Multiwfn software facilitates the generation of input files
for AIMD simulations.59,60 The initial full system is partitioned
into eight smaller cubic subsystems (20.0 Å � 20.0 Å � 20.0 Å).
Each subsystem is optimized using xtb-6.5.061 at the GFN1-xTB
level of theory.49 The box length is then increased from 20.0 Å
to 22.0 Å to eliminate abnormal intermolecular contacts at the
boundaries. To ensure reliability, 5 ps simulations are per-
formed with a time step size of 0.5 fs in the NPT ensemble at the
GFN1-xTB level of theory, with PBCs. An isotropic pressure of
1 bar is applied. Equilibration is typically achieved within 5 ps.
Subsequent to optimization and NPT simulations, 2 ps simula-
tions are performed with a time step size of 0.5 fs in the
NVT ensemble with PBCs. All MD simulations are conducted
at 323 K using canonical sampling through velocity rescaling
(CSVR) thermostat with a damping constant of 10 fs. Energies
and forces are computed using the DZVP-MOLOPT-SR-GTH
basis set62 along with GTH-Perdew–Burke–Ernzerhof (PBE)
pseudopotentials.63–65 The exchange–correlation energy was
described with the PBE functional.66,67

The 5 ps NPT simulation of 400–500 atoms performed on
64 CPU cores of an AMD EPYC 7452 processor requires
approximately 3.5 hours of wall time. The subsequent 2 ps
NVT AIMD simulation of 400–500 atoms performed on 64 CPU
cores of an AMD EPYC 7452 processor requires approximately
17–24 hours of wall time.

Molecular dynamics simulations based on the deep potential
model

Molecular dynamics simulations on the initial full system.
Metadynamics (MTD) simulations are performed using
LAMMPS68 and PLUMED.69 Collective variables (CVs) based
on coordination numbers, as defined in eqn (2), are employed
to explore the reaction mechanism:

CNði;jÞ ¼
1� dij

d0

� �p

1� dij

d0

� �q (2)

where dij is the distance between atoms i and j, d0 is the cutoff
distance, and p and q are high-power integers used to distin-
guish the coordinated and non-coordinated states. The values
of d0 are taken as 2.0 Å, 3.0 Å and 5.0 Å, respectively, for N–C
bond, COM1–Br interactions and COM1–COM2 interactions,
and COM1 and COM2 are defined as shown in Scheme 2. The
values p = 6 and q = 12 are consistently used for all CVs. CV1 is
the coordination number between the nitrogen atom in NR3

and carbon atoms (11 and 13) in allyl bromide, describing the

breaking and formation of the N–C bond. CV2 is the coordina-
tion number between the COM1 and bromine atom, describing
the interactions between the BINOL and allyl bromide mole-
cules. CV3 is the coordination number between the COM1 and
COM2, describing the interactions between the BINOL and NR3

molecules. Well-tempered metadynamics (WTMTD)70 simula-
tions are performed using the DLP model. The system is
simulated for 5 ns with a 1 fs time step in the NVT ensemble.
All MD simulations are conducted at 323 K using a Nose–
Hoover thermostat with a damping constant of 10 fs. Gaussian
hills are added along CV1, CV2, and CV3 to enhance sampling.
For CV1 and CV2, Gaussian hills (height w = 1.0 kcal mol�1

and width ds = 0.2) are added every 1 ps of simulation. The
bias factor is set as 15.0. For CV3, Gaussian hills (height w =
1.0 kcal mol�1 and width ds = 0.2) are added every 0.5 ps of
simulation. The bias factor is set as 5.0.

The 5 ns NVT DLPMD simulation of 3755 atoms is con-
ducted using 4 A100 GPUs combined with 4 CPU cores, with a
total wall time of approximately 60 hours.

Molecular dynamics simulations on the test system. A total
of 1 NR3 molecule and 2 allyl bromide molecules are solvated in
a 15.0 Å � 15.0 Å � 15.0 Å cubic simulation box under PBCs.
The simulation box contains 27 chloroform molecules. MTD
simulations are performed using LAMMPS68 and PLUMED.69

CVs based on coordination numbers as defined in eqn (2) are
employed to explore the reaction mechanism. The values of d0

are set to 2.0 Å and 2.5 Å, respectively, for the N–C bond and
C–Br bond. The values p = 6 and q = 12 are consistently used for
all CVs. As shown in Scheme 2, CV1 is the coordination number
between the nitrogen atom in NR3 and carbon atoms (C11 and
C13) in allyl bromide, describing the breaking and formation of
the N–C bond. CV2 is the coordination number between the
carbon atoms (C11 and C13) and bromine atom in allyl
bromide, describing the breaking and formation of the C–Br
bond. WTMTD70 simulations are performed using both DLP
models trained with and without structures along reaction
pathways. The system is simulated for 20 ns with a 1 fs time
step in the NVT ensemble. All MD simulations are conducted at
323 K using a Nose–Hoover thermostat with a damping con-
stant of 10 fs. To enhance sampling, Gaussian hills are added
along the defined CVs during simulations. For CV1 and CV2,
Gaussian hills (height w = 1.2 kcal mol�1 and width ds = 0.2) are
added every 0.5 ps of simulation. The bias factor is set as 8.0.
The PESs of this system are presented in the Results and
Discussion section (the importance of reaction pathways for
the accuracy of DLP model).

The 20 ns NVT DLPMD simulation of 179 atoms is con-
ducted using 4 A100 GPUs combined with 4 CPU cores, with a
total wall time of approximately 35 hours.

Deep potential descriptor and training. DLP models are
trained using the DeePMD-Kit package (version 2.1.5)71 with
the se_atten model.72 The cutoff is set to 7.0 Å with a smoothing
function starting at 2.0 Å. The embedding network consists of
three hidden layers with sizes (25, 50, 100) and the fitting
network also comprises three hidden layers with sizes (240,
240, 240). The training process minimizes the following loss
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function, as shown in eqn (3)

L pe; pf ; pv
� �

¼ pe

N
De2 þ pf

3N
DFij j2þ pv

9N
Dvk k2 (3)

where N is the number of atoms. De, |DFi|, and 8Dv8 represent
the deviations of energy, atomic force, and virial tensors
between the DLP model and DFT calculations, respectively.

For the DLP model trained with structures along reaction
pathways, the training is conducted in two stages. In the first
stage, the prefactors of pe, pf and pv change gradually from 0.05
to 5, 1000 to 1, and 0.01 to 1, respectively. In previous work,51

the structures generated from the transition state of the system
in vacuum are used to provide information about intrinsic
reactivity for training the DLPs to explore chemical processes
in explicit solvents. To reproduce the energy barriers along
reaction pathways, the DLP model from the final iteration is

fine-tuned for 1 � 105 steps using a training dataset that
includes only structures corresponding to four representative
types of reaction pathways. In the second stage, it is observed
that assigning a large energy prefactor can lead to instability in
MD simulations within tens of picoseconds. Therefore, the pre-
tuned DLP model is further trained for 5 � 105 steps using a
dataset that includes both AIMD trajectories and reaction
pathway structures, with fixed prefactors pe, pf, and pv set to
0.05, 1000, and 0.01, respectively. As shown in Fig. 1f–i and
Fig. S1a–d and Fig. 2, the pre-tuned DLP model is essential for
maintaining the reaction barrier on the energy landscape.
Furthermore, the stable states predicted by the DLP model
are further optimized in the second stage. The accuracy of the
final DLP model is summarized in the Results and discussion
section (the accuracy of the DLP model).

For the DLP model trained without structures along reaction
pathways, the training is conducted in a single stage using a
dataset that includes only AIMD trajectories, with training
parameters identical to those used in the second stage of the
DLP model trained with structures along reaction pathways.

The first stage of the training process for the DLP model
trained with structures along reaction pathways was performed
using an A100 GPU and 1 CPU core, requiring approximately
1 hour of wall time. The second stage was also performed on
the same hardware, requiring approximately 16 hours. Simi-
larly, the single-stage training process of the DLP model trained
without structures along reaction pathways required approxi-
mately 16 hours on the same hardware.

Results and discussion
The importance of reaction pathways for the accuracy of the
DLP model

Although the DLP model trained solely on AIMD data can
detect reaction events, it fails to accurately describe the result-
ing species, for example, predicting stable carbocations that
contradict experimental observations.73–79 Sampling based only
on AIMD provides insufficient coverage of the transition states,
leaving the model lacking essential information about the
intrinsic molecular reactivity. Therefore, if the DLP model
cannot correctly describe reaction pathways discovered during
DLPMD simulations, the corresponding structures must be
incorporated for pretraining to provide essential reactivity
information and enable accurate modeling of reaction
dynamics in solution.51 To address these limitations, reaction
events are monitored and validated using the DFT method
during DLPMD simulations. As shown in Fig. 1 and 2, inclusion
of these pathway structures is critical for accurately describing
reaction barriers and the overall PES, without requiring labor-
ious TS sampling in solution. Specifically, five distinct cate-
gories of N–C bond formation pathways (Fig. 1a–e) are identified
through the iterative workflow integrating AIMD and DLPMD
simulations. Notably, MD simulations reveal that pathway e
(Fig. 1e) proceeds via a stepwise, non-concerted mechanism
involving initial N–C bond cleavage and subsequent bond

Fig. 1 Five types of reaction pathways: (a–e). (a) Nucleophilic attack by
nitrogen on carbon a, leading to bromide departure. (b) Attack on carbon c
with bromide departure. (c) Similar to (b), but assisted by hydrogen
bonding between bromine and BINOL’s hydroxyl. (d) Attack on an allylic
carbocation. (e) Intermolecular transfer of the allylic carbocation between
two NR3 molecules. Energetics along the N–C distances are calculated
using the DLP model for NR4

+(S) structures optimized at the PBE/DZVP-
MOLOPT-SR-GTH level of theory. (f–i) Reaction coordinate diagrams
corresponding to (a–d), respectively. Note: MD simulations reveal that
pathway e proceeds via a stepwise, non-concerted pathway involving
initial N–C bond cleavage and subsequent bond formation, both shown in
(d), through a carbocation intermediate. Thus, the energy profile in (i)
accurately reflects the associated barrier. In Fig. 1f–i, the horizontal axis
represents the distance between the nitrogen and carbon atoms, both
labeled in red.
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formation, both illustrated in Fig. 1d, through a carbocation
intermediate. Thus, only structures along reaction pathways a–d
(Fig. 1a–d) are included in the training datasets. The relative
energies of structures along reaction pathways a–d (Fig. 1f–i and
Fig. S1a–d) reveal that these structures are of vital importance to
the accuracy of the DLP model. Although structures along
reaction pathway e (Fig. 1e) are not included in training data-
sets, the converged DLP model still reproduces the energy
barrier for this pathway (Fig. S2a). To evaluate this effect, two
types of DLP models are constructed for comparison. As shown
in Methods section (deep potential descriptor and training), the
first DLP model is trained in two stages and incorporates
structures along reaction pathways, while the second DLP
model is trained in a single stage using only AIMD trajectories,
with training parameters consistent with the second stage of the
first model. In the second stage, the DLP model is primarily
trained based on atomic forces using fixed prefactors, which
increases the mean absolute errors (MAEs) in energy predictions
relative to DFT calculations. Therefore, this study places parti-
cular emphasis on the detailed analysis of relative energies
among these structures.

Significant differences are observed between the two types of
DLP models. Notably, the reaction pathways leading to NR4

+(R)
(Fig. S1a–d) are mirror images of those leading to NR4

+(S)
(Fig. 1f–i). Thus, the analysis focuses exclusively on the reaction
pathways towards NR4

+(S). Firstly, the DLP model trained with-
out structures along reaction pathways predicts unphysical
stable states (Fig. 1f and i) for the pathways a and d (Fig. 1a
and d) and overestimates the energy barriers (Fig. 1g and h) for
the pathways b and c (Fig. 1b and c), yielding values of B33.0
and B34.8 kcal mol�1, respectively. In contrast, the DLP model
trained with structures along reaction pathways eliminates
these unphysical stable states and more accurately predicts
energy barriers: B13.3 and B10.9 kcal mol�1, compared to
B19.2 and B12.9 kcal mol�1 obtained from DFT calculations.
Moreover, the quaternary ammonium salt (NR4

+Br�) is pre-
dicted to be more stable by the DLP model trained with
structures along reaction pathways than by the DFT method
(Fig. 1f–h). These discrepancies primarily stem from the

composition of the training dataset: 1202 structures corres-
ponding to key reaction pathways labeled using DFT calcula-
tions in vacuum versus 173 857 structures derived from AIMD
trajectories performed with explicit solvent molecules. Previous
studies have shown that DLP models are trained separately for
the same reaction process in implicit and various explicit
solvents, since solvation strongly influences both reaction
energetics and structural fluctuations.51 It is normal that the
same reaction pathway exhibits different energy barriers in
vacuum versus in the presence of explicit solvents. However, it
remains challenging for a single DLP model to accurately
describe the same reaction pathway consistently in both
vacuum and solution phases. The DLP model is pre-trained
based on vacuum DFT-labeled structures to capture key reactive
features, including energy barriers. The pre-trained model is
then refined using both the 1202 vacuum structures and the
173 857 AIMD-derived configurations. Because the AIMD data
vastly outnumber the vacuum structures, the final DLP model is
more strongly influenced by solvation effects. This enhances its
accuracy in reproducing solvent-stabilized intermediates and
transition states, while slightly underestimating intrinsic reac-
tion barriers compared with DFT calculations in vacuum.
Secondly, both the DFT method and the DLP model trained
with structures along reaction pathways consistently identified
the pathway c (Fig. 1c) as the most favorable. In contrast, the
model trained without structures along reaction pathways incor-
rectly predicted the pathway d (Fig. 1d) as the preferred
pathway, despite being physically implausible based on
known mechanistic insights. Specifically, the lifetimes of
carbocation intermediates typically range from nanoseconds
to picoseconds, as determined by laser flash photolysis, azide
clock experiments, and theoretical calculations.73–79 How-
ever, as shown in Fig. 1i, the allylic carbocation is erro-
neously identified as a stable species by the DLP model
trained without the inclusion of structures along the reaction
pathways, which contradicts experimental evidence. To
further examine the stability of the allylic carbocation, MD
simulations are conducted using both DLP models. The two
models yield completely different PESs (Fig. 2), once again

Fig. 2 Free energy profile for the synthesis of NR4
+ based on the DLP model trained (a) with structures along reaction pathways and (b) without

structures along reaction pathways. Note: the convergence of the simulations was checked, as shown in Fig. S3a and b.
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highlighting the critical importance of including reaction
pathway structures during training.

In both Fig. 2a and b, five representative states are observed:
1. When CV1 is B 0.06 and CV2 is B 1.73, the system

contains one NR3 molecule and two allyl bromide molecules.
2. When CV1 is B 0.06 and CV2 decreases to B1.05, the

dissociation of one allyl bromide molecule generates an allylic
carbocation and a bromide anion.

3. When CV1 is B 0.05 and CV2 is B 0.35, both allyl
bromides dissociate, yielding two allylic carbocations and two
bromide anions.

4. When CV1 reaches B0.81 and CV2 is B 1.05, the system
comprises one NR4

+ cation, one bromide anion, and one allyl
bromide.

5. When CV1 is B0.81 and CV2 is B0.35, the system
consists of one NR4

+ cation, two bromide anions and one allylic
carbocation.

In the DLP model trained with structures along reaction
pathways, allyl bromide, the NR3 molecule, and the NR4

+

cations are correctly identified as the most stable species in
solution. In contrast, in the model trained without these pathway
structures, the allylic carbocation is incorrectly described as the
most stable species, conflicting with experimental results.

The main reaction process and product molecules in MD
simulations

To elucidate the underlying mechanism responsible for the
experimentally observed high enantioselectivity, DFT calcula-
tions and five independent MD simulations are performed for
reaction systems catalyzed by R-BINOL and S-BINOL, respec-
tively. The MD results clearly demonstrate that NR4

+(S) species
predominate in systems with R-BINOL, while NR4

+(R) is more
prevalent with S-BINOL (Fig. 3a). These results are consistent
with the absolute configuration (AC) of the major product,
as determined experimentally via chiral nuclear magnetic

resonance (NMR).12 This well-established technique enables
AC assignment based on chemical shifts sensitive to chiral
environments.12,80 Detailed tracking of the reactants and pro-
ducts, as well as population statistics for product molecules, is
provided in Fig. S4, with the number of observed reaction
events summarized in Table S1. Among the five reaction path-
ways, reaction pathway b (Fig. 1b) emerges as the dominant one
in MD simulations (Fig. 3b), whereas both pathways b and c
(Fig. 1b and c) are predicted to be competitive in DFT calcula-
tions (Fig. S5). This discrepancy is primarily attributed to the
limitations of implicit solvent models in DFT calculations,
which do not capture the explicit solvent effects present in
MD simulations. A critical distinction between pathways b and c
(Fig. 1b and c) lies in the formation of a hydrogen bond between
the bromide ion and the hydroxyl group of the BINOL catalyst,
which is essential for pathway c (Fig. 1c). However, radial
distribution functions (RDFs, Fig. 3c) of chloroform molecules
around the bromine atom (Br–H) reveal the presence of a strong
hydrogen bond at approximately 3.3 Å between the bromide and
chloroform molecules. This hydrogen bonding competes with
and effectively inhibits the formation of a hydrogen bond
between the bromide and the hydroxyl group in BINOL. The
DLP model further supports this observation by accurately
reproducing the energetic barrier associated with this hydrogen
bond formation (Fig. S2b and c). Therefore, the absence of
pathway c (Fig. 1c) in MD simulations is not due to artifacts of
the potential energy surface (e.g., unphysical stable states), but
rather due to solvation effects that hinder the formation of the
key hydrogen bond required for pathway c (Fig. 1c).

Increasing the occurrence of pathway c (Fig. 1c) would
enhance the selectivity toward NR4

+(S) or NR4
+(R), depending

on the chirality of the BINOL catalyst. Since the bromide-
hydroxyl hydrogen bond is critical for pathway c (Fig. 1c),
reducing solvent polarity is expected to facilitate its formation.
This would favor the reaction pathway c (Fig. 1c) and potentially

Fig. 3 (a) Ratios of NR4
+(S) (blue) and NR4

+(R) (red) observed in all five MD simulations catalyzed by R-BINOL or S-BINOL. (b) Ratios of five reaction
pathways a–e (Fig. 1a–e) yielding NR4

+(S) and NR4
+(R). (c) Radial distribution functions (RDFs) of Br–H interactions between bromide and chloroform

molecules for systems catalyzed by BINOL. Note: the horizontal axis represents the number of BINOL molecules surrounding each product in (a) and
reaction pathway types in (b). In (c), panels A and B show g(r) and panels C and D show N(r), from simulations catalyzed by R-BINOL (A and C) and S-
BINOL (B and D) using the DLP model.
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increase the enantiomeric excess. To evaluate this hypothesis,
DFT calculations are performed using implicit solvent models
with varying dielectric constants. As shown in Fig. S6a, the
absolute binding energy81–83 between allyl bromide and solvent
molecules decreases as solvent polarity decreases. This suggests
that in weakly polar solvents, BINOL interacts more favorably
with allyl bromide. Notably, when the dielectric constant drops
below 4.71, the decrease in binding energy becomes less pro-
nounced, indicating a possible threshold effect.

Further analysis of TS energies shows that in highly polar solvents
such as dimethyl sulfoxide (DMSO) and methanol, the barrier for
TS2S is lower than that for TS3S by 1.9 and 2.3 kcal mol�1,
respectively (Table S2). In contrast, in weakly polar solvents such
as chloroform, carbon tetrachloride (CTC), and cyclohexane, the
energy barriers for TS3S and TS2S are nearly the same. The
binding energies and transition state energies indicate that high
solvent polarity suppresses the influence of BINOL by disfavor-
ing the hydrogen bond required for the pathway c (Fig. 1c),
thereby reducing the enantioselectivity. However, further
decreasing the solvent polarity below that of chloroform does
not significantly enhance the binding interaction or reduce the
energy barriers. This suggests that the maximum enhancement
in enantioselectivity is achieved near this polarity threshold.

Although reaction pathway b (Fig. 1b) dominates in MD
simulations, it alone cannot account for the high enantioselec-
tivity observed experimentally, especially when solvent effects
and BINOL interactions are excluded. In addition, as shown in
Fig. S5a, DFT results show that neither R-BINOL nor S-BINOL
significantly lowers the activation barriers for the formation of
NR4

+(S) or NR4
+(R), suggesting that transition state stabilization

is not the primary determinant of enantioselectivity. We there-
fore propose that BINOL interacts with both the NR3 substrate
and the NR4

+ product. This interaction may influence the
thermodynamic stability of the cationic product, while the
binding between BINOL and the NR3 substrate may regulate
the regioselective approach of the allyl bromide toward NR3,
thereby contributing to the observed enantioselectivity. The
binding modes of BINOL with both NR4

+ and NR3 are discussed
in the following sections.

Binding modes of BINOL with product molecules observed in
crystal structures

In addition to the predominant reaction pathways observed in
simulations, clustering analysis (Scheme 1c) is conducted to
investigate the binding modes between BINOL and both the
product and substrate molecules. Notably, most product mole-
cules are bound to BINOL within the system (Fig. 3a). Specifi-
cally, NR4

+ (R) and NR4
+ (S) species that form a hydrogen bond

between the hydroxyl group in BINOL and the bromine atom
are referred to as R_Br and S_Br, respectively. In contrast,
species lacking this hydrogen bond are denoted R and S.
For substrate molecules, those that lead to NR4

+(R) and
NR4

+(S) formation are labeled Sub_R and Sub_S, respectively.
Furthermore, the energy profiles for the binding of product and
substrate molecules with R-BINOL are presented in Fig. S7–S9,
while the corresponding profiles with S-BINOL are presented in

Fig. S10–S12. The upper energy profiles are calculated at the
PBE/DZVP-MOLOPT-SR-GTH level of theory. The lower panels
show results from the DLP model. Notably, the DLP model
successfully reproduces the energy landscape calculated at the
PBE/DZVP-MOLOPT-SR-GTH level of theory.

Equivalent atoms (Scheme 2) can lead to structurally iden-
tical complexes being misclassified as distinct during cluster
analysis. To address this, the twenty lowest-energy binding
structures are selected for further cluster analysis. Specifically,
K-means clustering52,53 is applied using root mean square
deviation (RMSD) values that treat equivalent atoms as indis-
tinguishable. An RMSD cutoff of 1.5 Å is applied to define
structural similarity within each cluster.

Experimental crystal structures12 demonstrate that BINOL
and product molecules are connected via a hydrogen bond
between the bromine atom and the hydroxyl group of BINOL.
The twenty lowest-energy binding structures for both R-BINOL-
S_Br and R-BINOL-R_Br are classified into five groups (Fig. S13
and S14), while those for S-BINOL-S_Br and S-BINOL-R_Br are
classified into six and three groups (Fig. S19 and S20), respec-
tively. Crucially, Tables 1(a and b) present two distinct binding
modes between BINOL and the product molecules. Specifically,
in addition to the hydrogen bond between the bromine atom
and the R-BINOL hydroxyl group, the first mode involves two
additional hydrogen bonds with the isopropyl and propyl
groups, whereas the second mode features a hydrogen bond
between the bromine atom and the methyl group. In Tables 1(a
and b), both binding modes are observed for R_Br, while only
the first mode is observed for S_Br in both R-BINOL- and S-
BINOL-catalyzed systems. Since R-BINOL is the mirror image of
S-BINOL, it is theoretically possible to observe mirror-image bind-
ing modes in systems catalyzed by S-BINOL with comparable
energy to those in systems catalyzed by R-BINOL. These results
support the existence of two distinct binding modes between
BINOL and the product molecules. Energetic analysis (Tables 1(a
and b)) reveals that the R-BINOL-S_Br (or S-BINOL-R_Br) binding
structure is significantly more stable than that of R-BINOL-R_Br (or
S-BINOL-S_Br). Moreover, the first mode is consistently more stable
than the second. These results are consistent with the experimen-
tally observed enantioselectivity of BINOL.12

Furthermore, the same binding modes are observed in
experimental crystal structures. Specifically, Table 2(a) shows
that R-BINOL-S_Br (1) forms two hydrogen bonds: one with the
isopropyl group and the other with the propyl group. In con-
trast, both R-BINOL-R_Br (1) and R-BINOL-R_Br (2) form only
one hydrogen bond between the bromine atom and the methyl
group. Table 2(b) displays the same binding modes in mirror-
image structures corresponding to those in Table 2(a). S-
BINOL-R_Br (1) (Table 2(b)) forms two hydrogen bonds with
the isopropyl and propyl groups, while S-BINOL-S_Br (1) and S-
BINOL-S_Br (2) (Table 2(b)) each form only one single hydrogen
bond with the methyl group. These observations demonstrate
that DLPMD simulations reliably predict the binding modes
identified in the crystal structures. However, despite this agree-
ment in binding modes, the DLP model shows notable discre-
pancies in computed relative energies. Although it reproduces the
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Table 1 Relative energies of BINOL-R_Br and BINOL-S_Br binding structures in MD simulations (a and b)

(a) R-BINOL

Index R-BINOL-R_Br (1) R-BINOL-R_Br (2) R-BINOL-S_Br (1)

Structure

DFT method 4.74 kcal mol�1 8.79 kcal mol�1 0 kcal mol�1

DLP model 0.67 kcal mol�1 7.05 kcal mol�1 0 kcal mol�1

(b) S-BINOL

Index S-BINOL-R_Br (1) S-BINOL-R_Br (3) S-BINOL-S_Br (1)

Structure

DFT method 0 kcal mol�1 16.58 kcal mol�1 8.28 kcal mol�1

DLP model 0 kcal mol�1 4.00 kcal mol�1 4.16 kcal mol�1

Note: the structure indices in (a) correspond to those in Fig. S13 and S14, while the structure indices in (b) correspond to those in Fig. S19 and S20.

Table 2 Relative energies of BINOL-R_Br and BINOL-S_Br binding structures in experimental crystal structures (a and b)

(a) R-BINOL

Index R-BINOL-R_Br (2) R-BINOL-R_Br (1) R-BINOL-S_Br (1)

Crystal Structure

DFT method 23.48 kcal mol�1 7.56 kcal mol�1 0 kcal mol�1

DLP model 38.42 kcal mol�1 14.81 kcal mol�1 0 kcal mol�1

(b) S-BINOL

Index S-BINOL-R_Br (1) S-BINOL-S_Br (1) S-BINOL-S_Br (2)

Structure

DFT method 0 kcal mol�1 8.02 kcal mol�1 23.95 kcal mol�1

DLP model 0 kcal mol�1 15.23 kcal mol�1 38.83 kcal mol�1

Note: the R-BINOL-R_Br binding structures ((a)), which are absent in the experimental data,12 are the mirror images of the S-BINOL-S_Br binding
structures ((b)).
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relative energy trends among the structures in Tables 1–4, the
computed values deviate significantly from those obtained with
the DFT method. As mentioned in the section titled ‘‘The Impor-
tance of Reaction Pathways for the Accuracy of DLP Model’’, the
training datasets are dominated by structures obtained from

AIMD trajectories with explicit solvent molecules. This bias makes
it challenging for a single DLP model to accurately describe the
same binding structures consistently in both vacuum and
solution phases, accounting for the discrepancies between the
DFT and DLP results shown in Tables 1–4.

Table 3 Relative energies of BINOL-R and BINOL-S binding structures in MD simulations (a and b)

(a) R-BINOL

Index R-BINOL-R (1) R-BINOL-R (2) R-BINOL-S (1) R-BINOL-S (2)

Structure

DFT method 1.05 kcal mol�1 1.70 kcal mol�1 0 kcal mol�1 0.42 kcal mol�1

DLP model 2.42 kcal mol�1 6.05 kcal mol�1 0 kcal mol�1 4.72 kcal mol�1

(b) S-BINOL

Index S-BINOL-R (1) S-BINOL-R (2) S-BINOL-S (1) S-BINOL-S (2)

Structure

DFT method 0 kcal mol�1 2.05 kcal mol�1 1.65 kcal mol�1 3.12 kcal mol�1

DLP model 0.28 kcal mol�1 0 kcal mol�1 2.44 kcal mol�1 2.60 kcal mol�1

Note: the structure indices in (a) correspond to those in Fig. S15 and S16, while the structure indices in (b) correspond to those in Fig. S21 and S22.

Table 4 Relative energies of BINOL-Sub_R and BINOL-Sub_S binding structures in MD simulations (a and b)

(a) R-BINOL

Index R-BINOL-Sub_R (1) R-BINOL-Sub_R (2) R-BINOL-Sub_S (1) R-BINOL-Sub_S (2)

Structure

DFT method 1.44 kcal mol�1 3.70 kcal mol�1 0 kcal mol�1 2.19 kcal mol�1

DLP model 8.65 kcal mol�1 8.02 kcal mol�1 0 kcal mol�1 5.93 kcal mol�1

(b) S-BINOL

Index S-BINOL-Sub_R (MRS1)A S-BINOL-Sub_R (1) S-BINOL-Sub_S (5)

Structure

DFT method 0 kcal mol�1 4.60 kcal mol�1 4.07 kcal mol�1

DLP model 0 kcal mol�1 5.95 kcal mol�1 2.07 kcal mol�1

Note: the structure indices in (a) correspond to those in Fig. S17 and S18, while the structure indices in (b) correspond to those in Fig. S23 and S24.
A. The S-BINOL-Sub_R (MRS1) binding structure is the mirror image of the R-BINOL-Sub_S (1) binding structure, shown in Table 4a.
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Binding modes of BINOL with product and substrate molecules
in solution

The twenty lowest-energy binding structures for R-BINOL-S and
R-BINOL-R are classified into eight and six groups (Fig. S15 and
S16), respectively, while those for S-BINOL-S and S-BINOL-R are
classified into nine and six groups (Fig. S21 and S22), respec-
tively. Due to the lack of further discernible structural features,
only the two lowest-energy binding structures for each case are
presented in Tables 3(a and b). Notably, the energies calculated
by both the DFT method and the DLP model identify R-BINOL-S
(1) as the most stable structure in Table 3(a), while the energies
calculated by the DFT method identify S-BINOL-R (1) as the
most stable structure in Table 3(b). The relative energies
(Tables 3(a and b)) demonstrate that R-BINOL-S (or S-BINOL-R)
is more stable than R-BINOL-R (or S-BINOL-S). Therefore,
NR4

+(S) predominates in solution systems catalyzed by
R-BINOL, while NR4

+(R) predominates in solution systems
catalyzed by S-BINOL.

Similarly, the twenty lowest-energy binding structures for
R-BINOL-Sub_S and R-BINOL-Sub_R are classified into nine and
seven groups (Fig. S17 and S18), respectively. The twenty lowest-
energy binding structures for S-BINOL-Sub_S and S-BINOL-Sub_R
are classified into eight and seven groups (Fig. S23 and S24),
respectively. The two lowest-energy binding structures in systems
catalyzed by R-BINOL are shown in Table 4(a). For S-BINOL, firstly,
although the energy of S-BINOL-Sub_S(1), as calculated by both
the DFT method and the DLP model (Fig. S23), is lower than that
of S-BINOL-Sub_R binding structures (Fig. S24), S-BINOL fails to
regulate the regioselective approach of the allyl bromide toward
the NR3 for S-BINOL-Sub_S(1) and S-BINOL-Sub_S(2) (Fig. S23).
Secondly, S-BINOL-Sub_S (3, 4, 6, 7 and 8) proceeds through an
unfavorable pathway a (Fig. 1a), which hinders the reaction

towards NR4
+(S). Thirdly, S-BINOL-Sub_R(MRS1), the mirror-

image of R-BINOL-Sub_S (1) is identified by both the DFT method
and the DLP model in this study. As a result, S-BINOL-Sub_R
(MRS1), S-BINOL-Sub_R (1) and S-BINOL-Sub_S (5) are presented
in Table 4(b). Energies calculated by both the DFT method and
the DLP model consistently indicate that R-BINOL-Sub_S (1) is the
most stable structure in Table 4(a), while S-BINOL-Sub_R(MRS1)
is the most stable structure in Table 4(b). The relative energies
(Tables 4(a and b)) demonstrate that R-BINOL-Sub_S (or S-BINOL-
Sub_R) binding structure is more stable than the R-BINOL-Sub_R
(or S-BINOL-Sub_S). Therefore, Sub_S is dominant in solution
systems catalyzed by R-BINOL while Sub_R is dominant in
solution systems catalyzed by S-BINOL. These results suggest that,
for substrate molecules, the probability of forming NR4

+(S) is
higher than that of forming NR4

+I in solution systems catalyzed by
R-BINOL while the probability of forming NI(R) is higher than that
of forming NR4

+(S) in solution systems catalyzed by S-BINOL.
The major binding modes between BINOL and both product

and substrate molecules in solution are consistent with the
experimentally observed selectivity of BINOL.12 These results
collectively indicate that the chirality of the main product is
under thermodynamic control.

The accuracy of the DLP model

To generate the test dataset, the final snapshot of the 5 ns MD
simulation trajectory is divided into eight cubic systems, and 2
ps AIMD simulations are subsequently performed for each of
them. More details on the generation of the test datasets are
provided in the Methods section (Active Learning Workflow).
The MAEs of energies and forces are presented in Table 5. For
forces, the MAE values show that the performance of the DLP
model on the test dataset is comparable to that of 0.04 eV Å�1

(ref. 35) and more accurate than the values in previous studies:
0.26 eV Å�1 (ref. 50) and 0.12 eV Å�1.23 For energies, the MAE
values show that the performance of the DLP model on the test
dataset is comparable to that of 0.009 eV per atom84 and
significantly lower than that of 0.14 eV per atom23 reported in
previous work. In addition, in the second stage of training, the
DLP model is trained with fixed prefactors that emphasize force
accuracy. As a result, the analysis primarily focuses on the
relative energies of structures calculated by the DLP model. The
DLP model successfully reproduces the energy barriers along
reaction pathways a–d (Fig. 1f–i and Fig. S1a–d), as well as the
relative energies of different binding configurations between
BINOL and both product and substrate molecules (Tables 1–4).
These results suggest that the enantioselective synthesis
mechanisms of ammonium cations in solution can be effec-
tively explored using the DLP model.

Furthermore, the test dataset in Table 5 is divided into two
subsets: structures with and without a net charge. The MAEs for
neutral structures are lower than those for charged structures
(Table S3), indicating that the DLP model performs more
accurately on neutral systems. This discrepancy likely arises
because electrostatic interactions are not defined in the
se_atten model,72 resulting in larger MAEs for charged struc-
tures than for neutral structures.

Table 5 The energy and force errors for the DLP model using the test
dataset

(a) R-BINOL

Simulation
index

Number of
structures

MAEs

Energy
(eV per atom)

Force
(eV Å�1)

1 1608 0.00941 0.04197
2 1005 0.01385 0.03837
3 1206 0.01440 0.03986
4 1407 0.01433 0.04239
5 1206 0.01657 0.03781

(b) S-BINOL

Simulation
index

Number of
structures

MAEs

Energy
(eV per atom)

Force
(eV Å�1)

1 1407 0.01084 0.03890
2 804 0.01611 0.03799
3 1407 0.01031 0.04112
4 1206 0.01633 0.04307
5 1236 0.00696 0.04002

Note: if AIMD simulations for structures are not converged, these AIMD
simulation trajectories cannot be added to the test dataset.
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Conclusions

In this study, an integrated iterative workflow that combines
AIMD with DLPMD simulations is developed to investigate the
mechanism of the high enantioselectivity of BINOL in the
synthesis of quaternary ammonium cations. The key reaction
pathways, as well as predominant binding structures of BINOL
with both product and substrate molecules, are systematically
characterized. These results reveal that the chirality of the
major product molecules is governed by thermodynamic rather
than kinetic control. To assess solvent effects, DFT calculations
employing implicit solvent models with varying dielectric con-
stants are performed, highlighting that solvent polarity signifi-
cantly impacts the reaction mechanism. However, the DFT
calculations fail to fully reproduce the experimentally observed
stereoselectivity due to the prohibitive computational costs in
capturing the complexity of the reaction environment. In con-
trast, the proposed workflow enables the mechanistic explora-
tion of asymmetric synthesis in complex solution environments
by leveraging long-timescale and large-system MD simulations.
It provides more comprehensive mechanistic insights into
reactions under realistic solvation conditions. In addition, the
active learning workflow converges rapidly, requiring only
seven cycles, demonstrating the efficiency of this workflow.
Consequently, the workflow holds promise for the accurate
prediction of major products in asymmetric synthesis and
provides an efficient tool for catalyst and solvent screening.
To further advance the methodology, future implementations
should incorporate explicit counterions in AIMD simulations to
properly neutralize local charges, addressing limitations iden-
tified by the MAE analysis (Table S3). Additionally, developing
new deep learning potentials that explicitly model electrostatic
interactions will be essential to improve accuracy when simu-
lating charged systems.
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