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Ⅰ. Supporting Text

1. Methods

1.1 Electrolyte preparation and electrochemical measurement 

We selected 30 sets of electrolyte formulations in RMBs for electrochemical 

measurements. Mg(TFSI)2 (99.5%, DoDo) was dried at 200 °C under vacuum for 24 

hours before using. The solvents were dried overnight with 3 Angstrom molecular 

sieves and then stored in the glove box before use. The 0.5 M Mg(TFSI)2/solvent 

electrolytes were prepared by dissolving dried Mg(TFSI)2 into the solvents. 

Galvanostatic cycling of Mg symmetric cells was performed with the 30 electrolyte 

formulations at a current density of 0.1 mA cm-2 (Neware, CT4008).

1.2 Computational study

1.2.1 Classic molecular dynamic(cMD) simulations: 

All the classic molecular dynamic simulations conducted in this work were 
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performed using the Large–scale Atomic/Molecular Massively Parallel Simulator 

(LAMMPS, http://lammps.sandia.gov). The compositions of electrolytes are listed in 

Table S1. OPLS–AA1 parameters with 1.14*CMIA partial atomic charges were 

generated by LigParGen2-4 for the Organic solvent molecules.5 The charges and force 

fields for TFSI anions in the electrolytes were taken from previous publications.6 The 

OPLSAA force field developed by Jorgensen was used for Mg2+ ions.7 To get the 

electrolyte structure, isothermalisobaric (NPT) ensemble runs were first performed at 

330 K for 2 ns and then 298 K for 2 ns to ensure the equilibrium salt dissociation. Then, 

15 ns canonical (NVT) ensemble simulations were performed, and the last 10 ns 

(sampled every 0.5 ns) were analyzed using Python codes to count the number of anions 

and solvent molecules surrounding each Mg2+ and to calculate the percentages of all 

solvation structures. 7.5 ns (sampled every 0.5 ns) long canonical (NVT) ensemble runs 

were performed for mean square displacement (MSD) curves to determine the diffusion 

coefficients of Mg2+, TFSI−, and OTF−.

𝐷 = 𝑙𝑖𝑚𝑡→∞ < |𝑟(𝑡) ‒ 𝑟(0)|2 > /𝑑𝑡

Where  represents the spatial dimension of diffusion, which is 3 in bulk solution 𝑑

systems.  denotes the diffusion time. To reduce experimental errors, the value of  is 𝑡 𝐷

averaged 15 simulation runs.

1.2.2 Density functional theory (DFT) calculations:

Density functional theory (DFT) calculations for geometry optimization were 

conducted by Gaussian 16 software package.8 Geometry optimizations and energy 

calculations were performed using B3LYP/6–311G(d,p),9 and the convergence 

tolerance quality was the default. The solvation effect was considered with the universal 

solvation model of SMD.10 Based on the optimized structures, the highest occupied 

molecular orbital (HOMO), the lowest unoccupied molecular orbital (LUMO) energy 

level, and corresponding atomic orbital components were analyzed using the Natural 

Bond Orbitals (NBO) theory.11 The electrostatic potential (ESP) of the anions was 

analyzed by using Multiwfn software.12 The binding energy ( ) of solvation structure 𝐸𝑏

was calculated as:



 𝐸𝑏 = 𝐸𝑥 ‒ 𝑦 ‒ 𝐸𝑥 ‒ 𝐸𝑦

where is the total energy of the Mg2+ solvation structure, and and are the  𝐸𝑥 ‒ 𝑦  𝐸𝑥  𝐸𝑦 

energies of components x and y, respectively.

1.3 Machine learning analysis

1.3.1 Databases and feature selection

Three databases comprising 6,030 solvation structures were established, as shown 

in Database S1 (Supporting Information). Database1, Database2, and Database3 

correspond to “composition”, “solvation”, and “migration” machine learning, 

respectively. The outputs for all databases are the overpotential and cycle life of 

experimentally tested 0.5 M Mg(TFSI)2 electrolyte formulations. For composition ML, 

we obtained feature values from 30 simulated electrolyte formulations using MD. To 

reduce statistical error, one frame was taken every 0.5 ns over a 10 ns simulation, and 

the average solvation structure proportion was calculated (Figure S11). Based on the 

integer part of the sum, the decimal part was dynamically adjusted to ensure that the 

top 100 solvation structures for each electrolyte formulation were selected. The 

corresponding charges, anion, and molecular structure features (including the number 

of atoms, atom ratios, types of functional groups, etc., totaling 62 features) were used 

to construct Database1, comprising 3,000 solvation structures. For solvation ML, 

Database1 was divided into 58 coordination structures based on the coordination 

number of solvents, additives, and anions. The percentage of each coordination 

structure was used as the feature value to construct Database2. For migration ML, 

Database3 was constructed from the diffusion coefficients of Mg2+ and TFSI− (Figure 

S12), the binding energy of Mg2+ solvation structures, the average bond lengths of Mg2+ 

coordinated with TFSI− and solvent, the energy gap (HOMO–LUMO), and the 

dielectric constant. All descriptors and their concrete meanings are listed in Table S2.

1.3.2 Machine learning methods

All machine learning algorithm implementations come from the scikit–learn package,13 



including kernel ridge regression (KRR),14, 15 k–nearest neighbor (KNN),16 random 

forest (RF),17, 18 extreme gradient boosting (XGBOOST),19 and neural networks (NN). 

Five–fold cross–validation (CV) is used for model selection. Multiple algorithms are 

evaluated for mean absolute error (MAE), mean squared error (MSE), and root mean 

square error (RMSE) values on the output of overpotential and cycle life in 

“composition”, “solvation”, and “migration” machine learning (Table S3, S4, and S5). 

The MAE, MSE and RMSE can be defined as follows: 

𝑀𝐴𝐸(𝑦,�̂�) =
1
𝑛

𝑛

∑
𝑖 = 1

|𝑦𝑖 ‒ �̂�𝑖|

𝑀𝑆𝐸(𝑦,�̂�) =
1
𝑛

𝑛

∑
𝑖 = 1

(𝑦𝑖 ‒ �̂�𝑖)2

𝑅𝑀𝑆𝐸(𝑦,�̂�) =
1
𝑛

𝑛

∑
𝑖 = 1

(𝑦𝑖 ‒ �̂�𝑖)2

Where denotes the predicted value of the –th sample,  denotes the corresponding �̂�𝑖 𝑖 𝑦𝑖

ground–truth for total n samples,  denotes . The MAE, MSE and RMSE values �̅�

1
𝑛

𝑛

∑
𝑖 = 1

𝑦𝑖

should be as small as possible. Additionally, we also employed shapley additive 

explanations (SHAP) to investigate the contribution of each feature to ML models’ 

output20, 21 ( Figure S2, S5, and S7). SHAP was implemented by using SHAP Python 

library (https://github.com/slundberg/shap).

1.4 Material Characterization

The microstructure were characterized using scanning electron microscopy (SEM, 

FEI Apreo 2S), energy dispersive X–ray spectroscopy (EDS) and transmission electron 

microscopy (TEM, Talos F200X G2). 



Ⅱ. Supporting Tables

Table S1. Mg salt and solvent details.
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Table S2. Composition of 36 electrolyte formulations in cMD.

Mg2+ anion sⅠ sⅡ sⅢ

1 50 TFSI−: 100 DME: 962 / /
2 50 TFSI−: 100 DME: 962 DBP: 85 /
3 50 TFSI−: 100 DME: 962 TMPhite: 85 /
4 50 TFSI−: 100 DME: 962 TMP: 85 /
5 50 TFSI−: 100 DME: 962 TMP: 255 /
6 50 TFSI−: 100 DME: 962 DFE: 325 /
7 50 TFSI−: 100 DME: 962 NETEN: 250 /
8 50 TFSI−: 100 DME: 962 TMEN: 250 /
9 50 TFSI−: 100 DME: 962 MMEN: 250 /
10 50 TFSI−: 100 DME: 962 ACR: 50 /
11 50 TFSI−: 100 DME: 962 TMSP: 30 /
12 50 TFSI−: 100 PC: 1180 / /
13 50 TFSI−: 100 PC: 1180 DFE: 325 /
14 50 TFSI−: 100 PC: 1180 NETEN: 250 /
15 50 TFSI−: 100 PC: 1180 TMEN: 250 /
16 50 TFSI−: 100 PC: 1180 MMEN: 250 /
17 50 TFSI−: 100 PC: 1180 DAB: 250 /
18 50 TFSI−: 100 PC: 1180 HMDS: 48 /
19 50 TFSI−: 100 EMC: 970 / /
20 50 TFSI−: 100 EMC: 970 TMP: 80 /
21 50 TFSI−: 100 EMC: 970 NETEN: 250 /
22 50 TFSI−: 100 G2: 700 / /
23 50 TFSI−: 100 G2: 700 TMP: 128 /
24 50 TFSI−: 100 G2: 700 TMP:128 1,4DX: 59
25 50 TFSI−: 100 G3: 536 / /
26 50 TFSI−: 100 G3: 536 NETEN: 250 /
27 50 TFSI−: 100 G3: 536 TMP: 80 /
28 50 TFSI−: 100 NMA: 1300 HMDS: 480 /
29 50 TFSI−: 100 G4: 454 / /
30 50 TFSI−: 100 TMP: 855 / /
31 10 TFSI−: 20 NETEN: 471 TMP: 434 /
32 10 TFSI−: 20 NETEN: 471 DFE: 709 /
33 10 TFSI−: 20 NETEN: 471 TFE: 625 /
34 10 OTF−: 20 NETEN: 471 TMP: 434 /
35 10 OTF−: 20 NETEN: 471 DFE: 709 /
36 10 OTF−: 20 NETEN: 471 TFE: 625 /



Table S3. Descriptors and concrete meanings in machine learning.
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Table S4. Multiple algorithms are evaluated for MAE, MSE, and RMSE values on 
output of overpotential and cycle life in composition ML.

overpotential (test set) cycle life (test set)
MAE MSE RMSE MAE MSE RMSE

KRR 0.490 0.679 0.824 1.736 8.122 2.850
KNN 0.483 0.728 0.853 0.483 0.728 0.853
RF 0.482 0.667 0.817 1.723 7.880 2.807

XGBOOST 0.478 0.666 0.816 1.716 7.902 2.811
NN 0.502 0.678 0.823 1.899 8.139 2.853

Table S5. Multiple algorithms are evaluated for MAE, MSE, and RMSE values on 
output of overpotential and cycle life in solvation ML.

overpotential (test set) cycle life (test set)
MAE MSE RMSE MAE MSE RMSE

KRR 1.231 2.071 1.439 3.198 22.718 4.766
KNN 0.990 1.616 1.271 4.563 35.406 5.950
RF 0.782 0.768 0.876 2.780 10.475 3.237

XGBOOST 0.797 1.033 1.017 3.282 15.841 3.980
NN 4.569 31.829 5.642 5.292 37.744 6.144

Table S6. Multiple algorithms are evaluated for MAE, MSE, and RMSE values on 
output of overpotential and cycle life in migration ML.

overpotential (test set) cycle life (test set)
MAE MSE RMSE MAE MSE RMSE

KRR 0.251 0.201 0.448 0.733 1.774 1.332
KNN 0.022 0.053 0.230 0.041 0.300 0.548
RF 0.005 0.001 0.033 0.010 0.004 0.064

XGBOOST 0.001 0.0001 0.012 0.005 0.004 0.062
NN 0.054 0.023 0.151 0.137 0.300 0.548



Ⅲ. Supporting Figures

Figure S1. Plots of true and predicted values of KRR(a–b), KNN(c–d), RF(e–f), 



XGBOOST(g–h) and NN(i–j) model training on composition ML database.

Figure S2. Shaply sorting of XGBOOST model training on a composition ML database 
with outputs of overpotential (a) and cycle life (b).

Figure S3. Chemical structure features of composition ML based on electrochemical 
performance.



Figure S4. Plots of true and predicted values of KRR(a–b), KNN(c–d), RF(e–f), 
XGBOOST(g–h) and NN(i–j) model training on solvation ML database.



Figure S5. Shaply ordering of RF (a–b) and XGBOOST (c–d) models training on 
solvation ML database with outputs of overpotential and cycle life.



Figure S6. Distribution of atom coordination numbers and average bond lengths in CIP 
clusters with ligand CN of 2, 3, and 4.

Figure S7. Plots of true and predicted values of KRR(a–b), KNN(c–d), RF(e–f) 



XGBOOST(g–h) and NN(i–j) model training on migration ML database.

Figure S8. Shaply ordering of XGBOOST (a–b) models training on migration ML 
database with outputs of overpotential and cycle life.

Figure S9. Relationship between dielectric constant (a), binding energy (b), bond length 
(c), energy gap (e) and electrochemical performance. d, Comparison of energy gap of 
solvation structure with P/N additives and pure solvent.





Figure S10. Galvanostatic cycling of Mg symmetric cells with 30 sets of electrolyte 
formulations at a current density of 0.1 mA cm-2. 





Figure S11. Radial distribution functions (g(r), solid line) and coordination number 
(n(r), dashed line) of oxygen from TFSI−, and oxygen or nitrogen from solvent around 
Mg2+ in 30 sets of electrolyte formulations from molecular dynamic simulations. 





Figure S12. Molecular dynamics simulations of 30 sets of electrolyte formulations, 
equilibrated and run for 10 ns, with solvation structure percentage analyzed every 0.5 
ns.



Figure S13. Molecular dynamics simulations of 30 sets of electrolyte formulations, 
equilibrated and run for 10 ns, with MSD calculated every 0.5 ns and averaged to obtain 
the MSD curve.

Figure S14. Radial distribution functions (g(r), solid lines) and coordination numbers 
(n(r), dashed lines) of oxygen from TFSI− or OTF− and oxygen or nitrogen from solvent 
around Mg2+ in 6 test electrolyte formulations obtained from molecular dynamics 
simulations.

Figure S15. Molecular dynamics simulations of 6 test electrolyte formulations, 
equilibrated and run for 10 ns, with solvation structure percentage analyzed every 0.5 
ns.



Figure S16. Molecular dynamics simulations of 6 test electrolyte formulations, 
equilibrated and run for 10 ns, with MSD calculated every 0.5 ns and averaged to obtain 
the MSD curve.

Figure S17. Calculated electrostatic potential maps of TFSI− and OTF− under vacuum 
conditions.

Figure S18. Solvated structures (OTF NETEN2) of NETEN+DFE–Mg(OTF)2 and 
NETEN+TFE–Mg(OTF)2.



Figure S19. Similarity comparison of training set solvents and test solvents22, 23.

Figure S20. Galvanostatic cycling of Mg symmetric cells with Mg(TFSI)2–DME–Melp 
electrolyte formulation at a current density of 0.1 mA cm-2. 



Figure S21. EDS results of the 20th cycled Mg anode surface in the NETEN+DFE–
Mg(OTF)2 electrolyte.



Figure S22. EDS results of the 20th cycled Mg anode surface in the NETEN+TFE–
Mg(OTF)2 electrolyte.

Figure S23. Nanostructure of Mg deposited in the NETEN+DFE–Mg(OTF)2 and 
NETEN+TFE–Mg(OTF)2 electrolytes imaged by TEM.
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