
1 1. Simulation System Modeling

2 We constructed a total of six boxes. Boxes 1 (Figure S1a), 3, and 5 simulated 
3 experimental conditions with THF solvent dilution, while boxes 2 (Figure S1b), 4, and 
4 6 simulated conditions without solvent addition. Specific details of the boxes are 
5 provided in Table S1.

6 For simulations with solution systems, the system needs to be pre-equilibrated before 
7 production. OPLS/AA force field parameters1 for all molecules were generated by the 
8 LigParGen web server2. Classical molecular dynamics at 300 K, 1 bar NpT ensemble 
9 conditions were performed using the Gromacs program3. Equilibrated system 

10 configurations are required for ab initio molecular dynamics (AIMD).

11
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12 Figure S1

13
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14 Figure S1. (a) and (b) Boxes of THF environment and neat environment after classical 
15 molecular dynamics equilibrium. Atoms are colored using molecular species, KOtBu in 
16 red, Et3SiH in yellow, N-methylindole in blue, and THF in pink.
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20 Table S1

No. 𝑁
𝐾𝑂𝑡

 𝐵𝑢 𝑁𝐸𝑡3𝑆𝑖𝐻
𝑁𝑁 ‒ 𝑚𝑒𝑡ℎ𝑦𝑙𝑖𝑛𝑑𝑜𝑙𝑒 𝑁𝑇𝐻𝐹 Box Size (Å)

1 4 1 1 40 18.5

2 4 21 7 0 19.5

3 4 1 1 400 25.6

4 4 70 30 0 29

5 4 1 1 120 37.6

6 4 140 60 0 36.4

21 Table S1. Details of the simulation box

22 2. Neural Networks Potential

23 The machine learning molecular dynamics (MLMD) in this work were performed using 
24 a machine learning interatomic potential constructed within the Deep Potential 
25 Molecular Dynamics (DeePMD)4 framework, as implemented in the DeePMD-kit 
26 package. DeePMD employs deep neural networks (DNNs) to represent high-
27 dimensional potential energy surfaces with near first-principles accuracy while having 
28 considerable computational efficiency.

29 In the DeePMD formalism, the total potential energy of a system containing  atoms 𝑁

30 are decomposed into a sum of atomic energy contributions,

31
𝐸 =  

𝑁

∑
𝑖 = 1

𝐸𝑖 ,

32 where each atomic energy  depends only on the local chemical environment of atom 𝐸𝑖

33  within a finite cutoff radius. This locality assumption enables linear scaling with system 𝑖

34 size and is essential for large-scale molecular simulations.



35 To ensure translational, rotational, and permutational invariance of the potential energy 
36 surface, the atomic coordinates are transformed into symmetry-preserving descriptors 
37 that characterize the local environment of each atom. For atom , descriptors are 𝑖

38 constructed from relative position vectors  of neighboring atoms and 𝑅𝑖𝑗 = 𝑅𝑗 ‒ 𝑅𝑖

39 expressed in a locally defined coordinate frame. Depending on the neighbor distance, 
40 either full (radial and angular) information or radial-only information is retained. A 
41 representative descriptor component takes the form

42
𝐷𝑖𝑗 = { 1

𝑅𝑖𝑗
,
𝑥𝑖𝑗

𝑅𝑖𝑗
,
𝑦𝑖𝑗

𝑅𝑖𝑗
,
𝑧𝑖𝑗

𝑅𝑖𝑗
} ,

43 Where , and  are the neighbor coordinates in the local reference 𝑅𝑖𝑗 =  |𝑅𝑖𝑗| (𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑧𝑖𝑗)

44 frame. Neighbors are sorted by chemical species and distance, which naturally 
45 enforces permutational symmetry. In this work, the  descriptor we use contains 𝑠𝑒_𝑒2_𝑎

46 full (radial and angular) information.

47 The atomic energy is obtained by mapping the descriptor vector  to a scalar value 𝐷𝑖

48 through a feedforward deep neural network specific to the atomic species,

49 𝐸𝑖 = 𝑁𝑠(𝑖)(𝐷𝑖) .

50 The neural network consists of multiple fully connected hidden layers with nonlinear 
51 activation functions, followed by a linear output layer. Separate networks are used for 
52 different chemical species, allowing flexible and chemically transferable 
53 representations.

54 Atomic forces are computed analytically as the negative gradient of the total energy 
55 with respect to atomic positions, ensuring strict consistency between energies and 
56 forces. The virial tensor is obtained analogously from analytical derivatives, enabling 
57 constant-pressure simulations and stress analysis.

58 The neural network parameters are optimized by minimizing a composite loss function 
59 that incorporates errors in energies, forces, and virials,

60
𝐿 =  

𝑝𝑒

𝑁
Δ𝐸2 +

𝑝𝑓

3𝑁∑
𝑖

|Δ𝐹𝑖|2 +  
𝑝𝜉

9𝑁
‖ΔΞ‖2 ,

61 where , , and  are the energy, force and the virial tensor prefactors, respectively. 𝑝𝑒 𝑝𝑓 𝑝𝜉

62 The optimization is carried out using the Adam stochastic gradient descent algorithm 
63 with an exponentially decaying learning rate. The prefactor of the energy term in the 
64 loss function was changed from 0.02 to 2, the force term from 1,000 to 1, and the virial 
65 term from 0.01 to 1, respectively.



66 3. Model Accuracy

67 The accuracy of the trained neural network potential was validated by comparing 
68 atomic forces predicted by the model against DFT calculated forces. A validation 
69 dataset was constructed by randomly extracting configurations from simulated 
70 trajectories. The configurations in the validation set were subjected to DFT calculations 
71 using the same parameters as the computed data. The dataset is divided into three 
72 sets based on system behavior.: All validation sets, including biased and non-reactive 
73 unbiased simulation trajectories (Figure S2a); Hydride generation (Figure S2b); C2 
74 and C3 deprotonation of N-methylindole (Figure S2c); Silylation of C2 and C3 in N-
75 methylindole (Figure S3d). The validation dataset covers all intermediates and 
76 transition states involved in the reactions studied. In total, approximately 3,000 
77 configurations were included. The mean absolute error (MAE) and root mean square 
78 error (RMSE) of atomic forces were 0.0383 eV/Å and 0.0570 eV/Å, respectively. 
79 Results are shown in Figure S2.

80



81 Figure S2

82

83 Figure S2. Force prediction errors of the neural network potential on the validation 
84 dataset. (a) All validation sets, including b, c and non-reactive unbiased simulation 
85 trajectories (~3000 configurations). (b) Hydride generation from the trajectory of 
86 metadynamics in Figure 1d, S2 (~1,000 configurations). (c) C2 and C3 deprotonation 
87 of N-methylindole from metadynamics trajectories of Figure 2b-c and S2 (~1,000 
88 configurations). (d) C2 and C3 silylation of N-methylindole from metadynamics 
89 trajectories of Figure S10 (~1,000 configurations).



90 4. Collective Variable（CV）

91 The formula for calculating the coordination number and PATH5 used is shown in Table 
92 S1. In the simulation of deprotonation reactions, we use Path Collective Variables6 to 
93 define the progress of the current state in the deprotonation reaction. For example, in 

94 the C3 deprotonation reaction initial state (IS),  → 0,  → 1 in ; final state 
𝐶𝐻𝐻2

𝐶𝐶3𝐻3 𝑠.𝑃𝑎𝑡ℎ

95 (FS),  → 1 ,  → 0 in .
𝐶𝐻𝐻2

𝐶𝐶3𝐻3 𝑠.𝑃𝑎𝑡ℎ

96



97 Table S2. 

CV [a] Definition Parameters

𝐶𝑂𝑂 𝐶𝑂𝑂 = ∑
𝑖 ∈ 𝐴

∑
𝑗 ∈ 𝐵

( 𝑟𝑖𝑗 ‒ 𝑟0

𝑟𝑚𝑎𝑥 ‒ 𝑟0
‒ 1)2(1 +

2(𝑟𝑖𝑗 ‒ 𝑟0)

𝑟𝑚𝑎𝑥 ‒ 𝑟0
) : distance between 𝑟𝑖𝑗

atoms O and O; 

; 𝑟0 = 4.0 Å 𝑟𝑚𝑎𝑥 = 4.2

𝐶𝑆𝑖𝑂 𝐶𝑆𝑖𝑂 = ∑
𝑖 ∈ 𝐴

∑
𝑗 ∈ 𝐵

( 𝑟𝑖𝑗 ‒ 𝑟0

𝑟𝑚𝑎𝑥 ‒ 𝑟0
‒ 1)2(1 +

2(𝑟𝑖𝑗 ‒ 𝑟0)

𝑟𝑚𝑎𝑥 ‒ 𝑟0
) : distance between 𝑟𝑖𝑗

atoms Si and O; 

; 𝑟0 = 1.8 Å 𝑟𝑚𝑎𝑥 = 2,0

𝐶𝐻𝐻2
𝐶𝐻𝐻2

= ∑
𝑖 ∈ 𝐴

∑
𝑗 ∈ 𝐵

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑛

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑚

: distance between 𝑟𝑖𝑗

atoms H and H2; 

; ; 𝑟0 = 1.2 Å 𝑚 = 6 𝑛 = 8

𝐶𝐻𝐻3 

𝐶𝐻𝐻3
= ∑

𝑖 ∈ 𝐴
∑
𝑗 ∈ 𝐵

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑛

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑚

: distance between 𝑟𝑖𝑗

atoms H and H3; 

; ; 𝑟0 = 1.2 Å 𝑚 = 6 𝑛 = 8

𝐶𝐾𝐻 𝐶𝐾𝐻 = ∑
𝑖 ∈ 𝐴

∑
𝑗 ∈ 𝐵

( 𝑟𝑖𝑗 ‒ 𝑟0

𝑟𝑚𝑎𝑥 ‒ 𝑟0
‒ 1)2(1 +

2(𝑟𝑖𝑗 ‒ 𝑟0)

𝑟𝑚𝑎𝑥 ‒ 𝑟0
) : distance between 𝑟𝑖𝑗

atoms K and H; 

; 𝑟0 = 2.8 Å 𝑟𝑚𝑎𝑥 = 3.2

𝐶𝐶2𝐻2
𝐶𝐶2𝐻2

= ∑
𝑖 ∈ 𝐴

∑
𝑗 ∈ 𝐵

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑛

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑚

: distance between 𝑟𝑖𝑗

atoms C2 and H2; 

; ; 𝑟0 = 1.2 Å 𝑚 = 6 𝑛 = 8

𝐶𝐶3𝐻3
𝐶𝐶3𝐻3

= ∑
𝑖 ∈ 𝐴

∑
𝑗 ∈ 𝐵

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑛

1 ‒ (𝑟𝑖𝑗

𝑟0
)𝑚

: distance between 𝑟𝑖𝑗

atoms C3 and H3; 

; ; 𝑟0 = 1.2 Å 𝑚 = 6 𝑛 = 8



𝑠.𝑃𝑎𝑡ℎ

𝑠.𝑃𝑎𝑡ℎ =

𝑁

∑
𝑖 = 1

𝑖𝑒𝑥𝑝( ‒ 𝜆𝑅[𝑋 ‒ 𝑋𝑖])

𝑁

∑
𝑖 = 1

𝑒𝑥𝑝( ‒ 𝜆𝑅[𝑋 ‒ 𝑋𝑖])

: (or ) and 𝑋 𝐶𝐻𝐻2
𝐶𝐻𝐻3

 (or ); 
𝐶𝐶2𝐻2

𝐶𝐶3𝐻3 𝜆 = 4

𝑧.𝑃𝑎𝑡ℎ 𝑧.𝑃𝑎𝑡ℎ =  ‒
1
𝜆

ln [
𝑁

∑
𝑖 = 1

𝑖𝑒𝑥𝑝( ‒ 𝜆𝑅[𝑋 ‒ 𝑋𝑖])] : (or ) and 𝑋 𝐶𝐻𝐻2
𝐶𝐻𝐻3

 (or ); 
𝐶𝐶2𝐻2

𝐶𝐶3𝐻3 𝜆 = 4

98 [a] Specific objects referred to here by individual atoms: H2,C2,H3,C3 represent the H and C atoms at the 

99 C2 and C3 positions of the N-methylindole; H represents hydride.

100 Table S2. CVs used in the simulation and their definitions.

101 5. Convergence of the Metadynamics Simulations

102 Figure S3

103  

0 2 4 6 8 10
15
20
25
30
35
40

ΔG
≠  

(k
ca

l *
 m

ol
-1

)

Time (ns)

 THF
 Neat

104 Figure S3. Convergence trend of free energy barriers over time in the main text Figure 
105 2d.
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109 Figure S4
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111 Figure S4. (a-d) Convergence trend of free energy barriers over time in the main text 
112 Figure 3c-d.



113 6. Simulation Results

114 Figure S5

115

116 Figure S5. (a) and (b) At 300K in a THF environment, the RDF of potassium ions from 
117 the KOtBu catalyst with O atoms in THF and its integral in the first shell region (average 
118 coordination number).

119



120 Figure S6

121

122 Figure S6. Expanded unbiased simulation snapshots at 0 ps, 200 ps, 2 ns, and 5 ns, 
123 highlighting KOtBu molecules. a, b, c, d correspond to boxes 3, 4, 5, and 6 in Table 
124 S1.

125
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127 Figure S7
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129 Figure S7. The mutual coordination number of O atoms in KOtBu molecules, and the 
130 coordination number of oxygen atoms in KOtBu with Si atoms in Et₃SiH molecules over 
131 time.

132 Figure S8

133

134 Figure S8. Structures of Et3SiH and pentacoordinate silicon captured in simulations, 
135 with H atoms on C atoms hidden. Geometry optimization performed using the 
136 Gaussian 16 program7 at the B3LYP/6-31G(d) level of theory.

137

138 The simulations show that the polymerization of KOtBu always takes precedence over 
139 the hydride generation process. That is, in all simulations, the hydride is generated 
140 under the catalytic influence of KOtBu clusters. To highlight the difference between a 
141 single KOtBu catalyst and KOtBu clusters, we simulated the hydride production 
142 process in a box containing one KOtBu and a box containing four KOtBu, respectively, 
143 with the simulation and enhancement sampling setups consistent with Figures 2a-b. 
144 The results show that free the hydride has almost no lifetime in a single catalyst 



145 environment and that individual potassium ions have no temperature hydride capability 
146 (Figure 4a). In contrast, in catalyst clusters, the hydride relies on the electrostatic 
147 interaction of multiple potassium ions and can be stabilized (Figure 4b).

148 Figure S9
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150 Figure S9. Distance of the Si-H bond in Et3SiH, and the distance of silicon hydrogen 
151 from the nearest K⁺ ion with time. (a) single catalyst system; (b) four catalyst systems

152



153 Figure S10

154

155 Figure S10. Snapshots of N-methylindole silylation extracted from trajectories. a, b: 
156 IS (initial state) and FS (final state) snapshots of 2-indole anion silylation. c, d: IS and 
157 FS snapshots of 3-indole anion silylation.
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161 Figure S11
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163 Figure S11. Radial distribution function (RDF) of the solvent counted in the trajectory 
164 of the deprotonation reaction simulation. (a) RDF of THF molecules in THF 
165 environment; (b) RDF of Et3SiH molecules in neat environment.
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